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Abstract 

This paper presents the method of detection of power theft in the electrical distribution system by using the real data 
from industry consumers that use meter AMR. The real data were feature extracted by labeling event types by the number 
demonstrated to normal, voltage theft, and current theft. Then, the data were fed to Long Short-Term Memory (LSTM) 
for the created model by training and testing. The accuracy results were shown the model can be classified accurate 
archive to 99%. 

 
Keywords: Non-technical loss, Power theft, Automatic Meter Reading, Long Short-Term Memory classification. 
 

1. INTRODUCTION 

Electricite Du Laos (EDL) is a state own enterprise 
responsible for distribution and transmission systems in 
the country. The municipal is one of the branches in 
Vientiane and has a large distribution system with a total 
of 164,126 customers. The Automatic Meter Reading 
(AMR) is installed in 135 customers as reported by (EDL, 
2020). This area is a centralized country that has power 
use variety so that power consumption has large. 

Along with power distribution, power losses have 
appeared in the power system. It is contained technical 
and non-technical losses. Which indicated to health index 
of the electrical distribution system and related revenue 
of the Organization. 

 
Table 1 Summarize power consumption and power loss in      
              Municipal Vientiane 
 

No Description 
Energy 
(kWh) 

Percentage 

1 
Energy demand sent 
out substation 

1,130,046,682 100% 

2 
Energy from the 
billing system 

981,961,993 86.9% 

3 Technical loss 36,781,606 3.25% 

4 Non- Technical loss 111,304,083 9.85% 

 
As shown in Table 1, has demonstrated the ratio of 

non-technical losses (NTL) is coverage of the power sent 
from the substation more than technical losses. it is 
happened from power theft, meter fault, human error, 
unregistered meter, meter tampering, etc., as reported in 
the (CIRED, 2017) report.  

The major problem of EDL is power theft which 
occurred by a fraudulent customer by going to adjust the 
meter. It made the power consumption in the billed less 
than actual. The most issue has appeared in commercial 
customer as shown in Table 2. 
 
Table 2 Summarize non-technical loss in Municipal Vientiane 
 

No. Description 
Non–technical 
losses (kWh) 

Percentage 

1 Household 988,215 0.88% 

2 Commercial  109,625,838 98.49% 

3 Other 690,030 0.61% 
In previous years ago many methods related to power 

theft have been conducted. The traditional method of 
detecting power theft inspects the abnormal power 
consumption in the electrical bill and upgraded the 
measuring equipment in power distribution, such as the 
smart meter. Monitoring the power usage of customers in 
the smart grid, when using the smart meter for a long time 
have very large data in the data analytics (Bula et al., 
2016). Due to the large amount of historical data being 
stored in the database. The data on power consumption is 
applied to the algorithms of machine learning. To detect 
NTL, Principal Component Analysis (PCA) can help to 
improve support vector machine performance and 
predictive accuracy (Toma et al., 2019). (Glauner et al., 
2016) used the neighborhoods feature and master data of 
customers from successive consumption to apply logistic 
regression, k-nearest neighbors, linear support vector 
machine, and random forest to apply with logistic 
regression, k-nearest neighbors, linear support vector 
machine, and random forest. The result was compared to 
the accurate detection of NTL. (Micheli et al., 2019) 
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investigated NTL detection using a variant of Peer-to-
Peer (P2P) computing to detect fraud in the case of 
unreliable smart meters. This research applied data 
collected from smart meters and data in the same 
neighborhood area for verification by NTL. This data has 
been implemented in the application of multi-linear 
regression. (Nabil et al., 2018) presented a Gradient 
Boosting Theft Detector (GBTD) based on several 
Gradient Boosting classifiers to improve the detection 
rate and False Positive Rate (FPR) of Gradient Boosting 
classifiers (GBCs). This research focuses on feature 
engineering-based improvements to the classifiers' ability 
to improve. Furthermore, a stochastic feature was used to 
generate the standard deviation, mean, minimum, and 
maximum values of daily electricity usage. There are 6 
theft cases sampled from real-world theft patterns and 
applied with the dataset for validation of the proposed 
algorithm. (Buzau et al., 2019) used a hybrid deep neural 
network by combining the architecture of a long-short 
term memory with a multi-layer perceptron. It used 
feature detection anomalies and fraud in smart meters to 
train and test the algorithm. The performance classifiers 
of hybrid neural networks significantly outperform the 
state-of-the-art. (Long et al., 2020) used the method of 
data-driven combined algorithm to systematically 
identify anomalies of power loss in the distribution 
network. It consisted of abnormal feeder, time, and 
position detection. 

In addition, the research paper by (Ghori et al., 2019) 
used real datasets from the company that supplies power 
in Pakistan. The study evaluated 15 algorithm classifiers 
of ML. It included the recent algorithm developed to 
compare the performance classifier in non-technical loss 
detection and the author, (Veerasamy et al., 2021) used a 
model recurrent neural network based on LSTM to 
classifier high impedance fault detection in solar PV. 

This research aims to create a model to detect power 
theft in power distribution systems. The real data of case 
power theft has features extracted and applied with 
LSTM algorithms to establish a model. 

This paper is organized as follows. The introduction 
of non-technical losses in the electrical distribution 
system was described in Section 1. Then, the power theft 
in AMR is described in Section 2. After that, the 
methodology for the detection of power theft is explained 
in Section 3. The simulation results are discussed in 
Section 4. Finally, the conclusion is described in Section  

 
 
 
 
 
 
 
 
 

2. POWER THEFT IN AUTOMATIC METER 
READING (AMR) 

2.1 Structure AMR system 
 

Server

Telecom provider

Meter
 

 
Figure 1 Automatic Meter Reading system. 

The Automatic Meter Reading (AMR) is a similar 
meter measurement to the power parameter. It can be 
read, record values, and send the data to a server. The 
values include voltage, current, power consumption, 
energy import/export, etc. and the communication 
between meter and server uses the GPRS module. The 
data granularity is recorded every 15 minutes and the 
architecture system is shown in Figure 1. 

 
2.2 Method AMR stealing electricity 

The commercial customer is the customer category 
that uses power at high load capacity. While the 
customers consume large amounts of electricity, the 
electricity meter cannot support the power directly. It 
should have the equipment to scale the voltage and 
current appropriate with meter measurement range such 
as potential transformer (VT) and current transformer 
(CT) and has the meter diagram connection as shown in 
Figures 2 and 3. 

 
Figure 2 Single line diagram of meter 0.4 kV in EDL’s standard. 
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Figure 3 Single line diagram of meter 22kV in EDL’s standard. 
As Figures 2 and 3 are demonstrated the meter is 

connected with the power supplied. It has consisted of 2 
different types connecting in the power distribution 
system. It also uses these types of meters in power 
distribution at low voltage and medium voltage. For the 
low voltage level meter, it should be used the current 
transformer (CT) to scale the range of current for 
measuring the electricity as shown in Figure 2. In the 
same way, in Figure 3 they also apply CT and installed 
voltage transformer (VT) to decrease voltage level from 
medium voltage level to applied at the range of meter 
requirement. 

The power thefts on AMR all most is occurred from 
disturbing the measuring wire of voltage and current 
connect to the meter on site by cutting the measurement 
cable voltage and current 1 or 2 phases, short circuit the 
secondary winding of CT each other to make the 
measuring value is less than actual power utility. 

 
3. METHODOLOGY 

3.1 Long short-term memory 
Long Short-Term Memory (LSTM) is a specialized 

Recurrent Neural Network. Which has architecture 
shown in Figure 4. It has the capability of learning long-
term dependencies. Traditional RNNs have the problem 
of vanishing and exploding gradients. In vanishing 
gradients, weights in the early layers of the network get 
updated with very low values and, hence, train very 
slowly. This is because weight updates are proportional 
to the gradient of the error function, and in the initial 
layers, during backpropagation, gradients multiply with 
small activation values repeatedly, which further leads to 
even smaller values. Similarly, in exploding gradients, 
the gradients become too large and update the weight 
parameters by a large value and hence become harder to 
converge to an optimum value. 

X +

σ σ tanh σ

X X

tanh

Xt

ht-1

Ct-1 Ct

ht

ht

 
Figure 4 Long Short-Term Memory Architecture 

 
The LSTM has three gates: the input gate 𝑖௧, the forget 

gate 𝑓௧ and the output gate 𝑂௧. The forget gate takes the 
previously hidden state information (ℎ௧ିଵ) and current 
input 𝑥௧ through a pointwise multiplication operation and 
decides what is memorized or forgotten the information 
from the cell state. This gate uses the sigmoid activation 
function to approve the predicts an output of either 0 or 1. 
A value of 1 shows that the relevant information should 
be kept in the cell state, while 0 represents irrelevant 
information, which is discarded from the cell state. The 
forget gate, input gate, and output gate are described in 
Equations (1) – (5). 
 

f୲= σ (W୤[ h୲ିଵ , x୲ ] + b୤ )  (1) 
 

where 𝑊௙ represents the weight and 𝑏௙ is the bias of the 
forget gate 𝑓௧. The σ is applied as the activation function 
on the forget gate. 

The input gate decides what information is going to 
be stored in the cell state information 𝐶௧

௜ of input gate. It 
takes the input 𝑥௧ and previous hidden state ℎ௧ିଵ and 
applies and tanh activation functions through a pointwise 
multiplication operation as follows: 

 
i୲ = σ (W୧[ h୲ିଵ , x୲ ]+ b୧)  (2) 
C୲

୧ = Ć୲ * i୲    (3) 
Ć୲ = tanh (Wେ[ h୲ିଵ , x୲ ]+ bେ)  (4) 
 

where 𝑊௜ and 𝑊஼ represent the weights of the input gate 
𝑖௧ and new cell state, respectively. The 𝑏௜ and 𝑏஼  are the 
biases of the network, and Ć௧ is the previously hidden cell 
state information. To update the information on the 
current cell state 𝐶௧, Equations (1) multiply by the 
previous cell state 𝐶௧ିଵ are summed with The Equations 
(2) multiplied by Equations (3): 
 

C୲ = f୲ * C୲ିଵ + i୲* Ć୲   (5) 
Finally, in Equation (5), the output gate is determined. 

The output gate takes the current input 𝑥௧  and previously 
hidden state ℎ௧ିଵ with the implication of the activation 
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function σ. The 𝑏௢ is added as a bias to the output 
network. 
 

O୲=σ (W୭[ h୲ିଵ , x୲ ] + b୭ )  (6) 
 

The updated output gate 𝑂௧ and the information from 
the cell state 𝐶௧ are used to perform the pointwise 
multiplication operation to get the next hidden state ℎ௧, 
given by Equation (7): 
 

h୲= O୲ * tanh (C୲)   (7)
    
The input of model LSTM can be applied with the 

data of research 𝑥௧  is the input at time step data and a 
vector of 6 points that corresponds to the value of voltage 
and current and 𝑂௧ is the output of the LSTM classifier to 
event-type (normal/theft by voltage/theft by current). 
 
3.2 Data Collection 

The simulation of this study use data from the meter 
AMR low voltage shown in Figure 2. which load profile 
dataset has been collected from the AMR database system 
at EDL. The data record during (01/03/2014 - 
30/12/2019). it had been recorded every 15 minutes. The 
data consist of the value of voltage phase 1, 2, 3, current 
phase 1, 2, and 3 to show attribute behavior power usage 
of customers and have 28,382,400 data set. 

 
3.3 Feature Extraction of Power Theft 

The study used data from Vientiane municipal 
customers to create a feature extract by selecting Voltage 
L1(V1), Voltage L2 (V2), Voltage L3 (V3), and Current 
L1 (I1), Current L2 (I2), and Current L3 (I3) to 
demonstrate a characteristic pattern to describe power 
theft behaviour and the type of power theft below: 

 
3.3.1 Theft Detection from Voltage Measurement (Vtheft) 

This is present Vtheft detection, the research applies 
the parameter of voltage recorded the database of meter 
AMR. This problem rarely appears in the pattern voltage 
value such as meter failure, voltage drop, external 
disturbance, power outage, etc. So, this study implements 
the voltage parameter to detect the abnormality caused by 

the fraud meter. according to Figure 5, there are 6 
parameters including 3-phase voltage and 3-phase 
currents. From observation the pattern characteristics of 
the data which occur 2 periods time abnormal from 20 - 
35 and 44 - 55, it causes of power theft on voltage phase 
1. 

As more as Vtheft 1 phase is directly impacted to 
NTL, Moreover the stealing power can be done more than 
1 phase. So, Figure 6 demonstrates the feature of Vtheft 
2 phases. It is affected by the power consumption record 
of the meter. This leads to an increase in power losses of 
NTL. 

 
3.3.2 Theft Detection from Current Measurement (Itheft) 

The current is a variable to illustrate the attribute of 
load. It has the feature very complex for identifiers of the 
event that occurred in the data record. That the problem 
uses the current 3 phases is based on the detection of 
power theft. In addition, the study uses the pattern of 
voltage to help approved the event. Both parameters are 
the relation shown in Figures 7 and 8. 

As Figure 7 can be found that the profile of voltage 
and current in periods time 1 – 16 demonstrates that 
voltage 3 phases are normal and current 3 phases have the 
value close up zero. Enough periods time 21 the has 
power use the current 3 phases gradually change go along 
with behaviors of load. But the pattern of phase 3 is more 
different between the 2 phases in periods time 17 – 21. 
that may illustrate the abnormal load. 

In addition, Itheft1 phase is directly impacted by NTL, 
Furthermore, the stealing power can be done in more than 
1 phase. So, Figure 8 demonstrates the feature of Itheft 2 
phases. It is affected by the power consumption record of 
the meter. This leads to an increase in power losses of 
NTL. 

From detection voltage theft and current theft to 
observations. The data of parameters is very difficult if 
using human inspection, the abnormal of meter as well as 
power theft. It is greater than when we have the tool to 
help inspection by the application of Artificial 
Intelligence. which uses data from above to help classifier 
issue that problem for more efficiency in detection. 
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Voltage Theft Voltage Theft

 
Figure 5 Voltage and current characteristics of power theft by voltage phase 1 

 

Voltage Theft Voltage Theft

Voltage TheftVoltage Theft

 
Figure 6 Voltage and current characteristics of power theft voltage phase 1 and 3 
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Current Theft

 
Figure 7 Voltage and current characteristics of power theft from current phase 3 

 

Current Theft

Current Theft

 
Figure 8 Voltage and current characteristics of power theft from current phase 1 and 3 

 
 
3.4 Data Preprocessing 

This study is using the real data of power theft from 
the AMR to feature extract. The dataset has included 
Voltage L1 (V1), Voltage L2 (V2), Voltage L3 (V3), 
Current L1 (I1), Current L2 (I2), and Current L3 (I3) to 
define the event type each time step of data. The event 
typically consists of normal, Vtheft, and Itheft, 
represented by numbers 1, 2, and 3, respectively. as 
shown in Table 3. The total dataset feature extracted 
contained the attribute of voltage and current to 
demonstrate normal, Vtheft, and Itheft in the numbers 
28.237.278, 9,277.605, 52.791.  

3.5 Experimental 
The detection method of power theft is manipulating 

the feature extracted data to be applied with an LSTM 
algorithm which has a process as shown in Figure 9.  

In model development to detect power theft. The 
study is using the feature extracted data in Table 3 to 
apply the LSTM algorithm. by defining the parameters of 
V1, V2, V3, I1, I2, I3 as input and event type output of 
the model. Then, the data has divided between 80% and 
20% following the number of each class for the train and 
test model. The data were fed to LSTM and computed to 
the accuracy when receipts high accurate. the model will 
be utilized the next time. 
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Figure 9 Flowchart model of LSTM classifier 
 

                                                 Table 3 Data feature extracted 
 

V1 V2 V3 I1 I2 I3 
Event 
type 

9 224.2 11 1.468 0.95 1.497 2 
10.6 224.2 11.9 1.665 0.946 1.663 2 
12 224.2 12.7 1.31 0.568 1.24 2 

11.9 222.8 12.6 1.388 0.868 1.388 2 
11.7 220.2 12.4 1.641 1.129 1.467 2 

208.1 222.3 206.1 1.042 0.572 1.031 1 
223.2 223.6 222.5 0.764 0.315 0.657 1 
223.6 224 223 0.579 0.168 0.557 1 
224.6 224.5 223.9 0.453 0.026 0.293 1 
230.7 230.6 229 0.09 0.079 0.089 1 
228.3 227.4 226.6 0.086 0.079 0.086 1 
230.4 229.5 228.7 0.042 0.033 0.05 1 
230 229.3 228.4 0.038 0.024 0.045 1 

230.7 229.8 229.1 0.035 0.021 0.041 1 
233.6 232.8 232 0.025 0.007 0.03 1 
230.6 229.3 228.8 0.587 0.19 0.827 1 
228.7 227.7 227.2 1.057 0.569 1.14 1 
229.1 228.2 227.5 1.185 0.705 1.27 1 
230.7 229.7 229 1.121 0.715 1.293 1 
232.8 231.8 230.8 0.902 0.523 1.107 1 
232 231.2 230.2 0.631 0.211 0.211 1 

232.4 231.1 230.6 0.684 0.299 0.670 1 
228.2 227 226.3 2.839 2.393 0.067 3 
229.8 228.6 227.9 2.588 2.343 0.067 3 
229.5 228.3 227.8 3.457 3.084 0.067 3 
227.8 226.5 225.7 3.457 3.277 0.067 3 
231.4 230.4 229.6 2.425 2.218 0.067 3 
230.5 229.9 228.5 2.27 2.131 0.067 3 
229.4 228.7 227.6 3.499 3.306 0.067 3 
231.2 230.6 229.3 3.563 3.386 0.067 3 
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4. RESULT 

This section is describing the simulation results of 
model power theft detection in a power distribution 
system on AMR. The study used real data to extract 
features by labeling event data as normal, Vtheft and Itheft, 
and then applied an LSTM classified model for training 
and testing the event. In this work, we used data to train 
80% of the classifier algorithm and 20% to test it. The 
results of model classification are shown in the pattern of 
the confusion matrix and accuracy. 
 
Table 4 Experimental results of classifier model by using   
              training data 

 

 

 
As Table 4 to illustrated that the number actual of each 

class can be learned the feature of event type accurately. 
It demonstrated the feature unconfigure. the accuracy of 
the model is achieved at 100%. That shows a model has 
high accuracy. 

 
Table 5 Experimental results of classifier model by using test 
             data 

 
The result in Table 5 demonstrates that is some missed 

prediction from the actual power theft by voltage 
prediction to a normal 3,384 data set. Due to this, the 
attribute data between both is similar. When compare the 
total data is less. However, the overall accuracy of 
detection of the event is achieved at 99.95%. Which the 
accuracy detection is higher than previous research on 
these issues. 

 
5. CONCLUSION 

The paper presented the detection method for 
electricity theft in the power distribution system by using 
the data feature extracted from industry customers to be 
applied with the LSTM algorithm. The results illustrate 

that the model can classify the event type to appear in the 
data accurately. The accuracy of a model is achieved at 
100% of training and testing, which demonstrates the 
model can distinguish between the pattern of power theft 
and normal activity accurately. However, the model also 
helps reduce the meter inspection onsite and reduce 
power losses for a long time. 

This research can be a guideline for applying the 
model to detect the problem the same as this paper in the 
existing system. Before applying this model to detect and 
achieve higher efficiency the data must relate to a large 
dataset. The preparation data for the train and test model 
should be feature extracted and accurate. In divided data 
following each class to avoid model overfitting and the 
selection activation function of the model should be 
appropriated with the number of classes output. 
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Abstract 

This study addressed the increasing of dissolved oxygen ( DO) , using DO meter, bubble vertical velocity and size 
between different types of air diffuser, using Tracker software.  Based on the findings of this study, it was found that 
bubble vertical velocity and size are affected by several factors such as flow rate, type of air diffuser, and flow turbulence. 
Among these factors, it was noticed that the flow rate has the greatest effect on the bubble vertical velocity and size 
followed by type of air diffuser. Obtained results show that a large sphere diffuser (Dl) provided the greatest increasing 
rate of DO and finer bubbles which easily dissolved into the water.  But a small sphere ( Ds)  and cylinder ( Dc)  diffuser 
provided bigger bubbles with higher bubble vertical velocity which led to less of contact time and lower DO increasing 
rate.   
 
Keywords: Dissolved Oxygen, Aeration, Bubble Vertical Velocity, Air Diffuser 
 

1. INTRODUCTION 

One of the most common methods for treating 
domestic and industrial wastewaters is activated sludge. 
Diffused aeration or mechanical aeration are used to 
provide oxygen to the wastewater in an activated sludge 
process. The diffuser is used to introduce air bubbles near 
the bottom of the tank in diffusing aeration. For optimal 
oxygen transfer to water (Atta et al., 2011).   

Aeration of wastewater improves the removal of 
Biological Oxygen Demand (BOD), which is the amount 
of oxygen consumed by microorganisms in the oxidation 
of pollutants in wastewater, Nitrogen removal, and 
aerobic sludge treatment. And the cost of aeration comes 
to more than 50% of the total energy consumption of the 
entire treatment process and that could be reduced 
substantially by using intermittent aeration (Garcia-
Ochoa et al., 2000; Calik et al., 2004; Liu et al., 2006). 

The type, size, and shape of the diffuser; the air flow 
rate; the depth of submersion; tank design; and 
wastewater characteristics all influence the effectiveness 
of oxygen transfer. The oxygen concentration inside and 
outside the air bubbles is the most critical component. 
The second most significant aspect is surface area as 
higher surface area enhances oxygen transfer. A longer 
bubble residency time for air bubbles inside water allows 
oxygen to dissolve in water. A small bubble size 
improves oxygen transfer for two reasons. First, if a large 
bubble divides into smaller bubbles, the surface area of 
these smaller bubbles increases. Second, a smaller bubble 
will have less buoyancy force, resulting in a longer 
residency time and more travel time to reach the water's 
surface (Sommerfeld, M., 2009).  

Levitsky et al. (2005, p. 242) studied the water 
oxygenation in an experimental aerator with different air–
water interaction patterns. A device for water saturation 
by gas using enhanced air–water interaction was studied 
experimentally. The flow of gas and water in the device 
was organized in a way providing efficient gas dispersion 
into fine bubbles at relatively low gas and liquid supply 
pressures. 

This permits water oxygenation to be improved and 
the aeration expenses to be reduced as compared with 
existing aerators. The setup for experimental study of the 
device and the measurement procedure were described. 
The data obtained confirm an efficiency of the proposed 
aerator for water oxygenation. 

Alkhalidi & Amano (2011, p. 397) presented the 
factors affecting air bubble size when air is injected 
through a perforated membrane into a water pool. Critical 
factors that govern the size of air bubbles are the air 
pressure, the flow rate and the hole size of the diffuser 
membrane. In order to have better understanding of how 
bubble size can be affected and what the most affecting 
conditions are, the study was conducted in a 
computational fluid dynamic investigation that was 
validated by the experimental results. 

This study presents aeration rate from different types 
of air diffuser and factors affecting bubble formation 
through water tank, flow rate effect and bubble vertical 
velocity and bubble size using a high-speed camera and 
software to validate the experimental study.   
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2. MATERIALS AND METHODS  

2.1 Experimental Set-up  
This study investigates the increasing of dissolved 

oxygen level, in aeration tank as shown in Figure 1. 
The aeration model is the experimental model which 

is used to show the increasing level of dissolved oxygen. 
The water tank consists of glass basin and top-open with 
dimension 30cmx30cmx120cm and water level was set at 
100 cm height in 25°C water tank.  

There were 4 types of air diffuser, Figure 2, 2-cm-
diameter small sphere (Ds), 4-cm-diameter big sphere 
(Db), 3-cm-diameter and 5-cm-high cylinder (Dc) and 6-
cm-diameter large sphere (Dl) diffuser, with average 0.1 
mm porosity, were used in this experiment by placed at 
bottom of the water tank. The aeration was set at 20 L/min 
for every diffuser. DO was measured every 20 min in first 
hour, every 30 min in second hour and every 60 min in 
third and fourth hour. 

To adjust DO level from 0 mg/L for every diffuser, 
Sodium Sulfite (Na2SO3) was used in this experiment as 
oxygen scavenger.   

 
 

Figure 1 Schematic of Experimental Set-up 
 

 
Figure 2 Diffuser types (a) 2-cm-diameter small sphere (Ds) (b) 4-
cm-diameter big sphere (Db), (c) 3-cm-diameter and 5-cm-high 

cylinder (Dc), (d) 6-cm-diameter large sphere (Dl) 

2.2 Image Acquisition 
The images of the two-phase flow were collected by a 

high-speed camera, SONY RX100V, with a resolution of 
1980 x 1080 pixel which was set for 3.7 second video 
recording at 1,000 frames per second (fps) for bubble 
vertical velocity and size analysis.  

 
2.3 Equivalent Bubble Diameter 

Since for the present operational regime the bubble 
shape was in the ellipsoidal regime, also the major (A) 
and minor (B) axes as well as the bubble vertical velocity 
were determined. The equivalent bubble diameter, Figure 
3, is determined from the major and minor axis as: DA = 
(AB)1/2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3 Major (A) and Minor (B) axes of ellipsoidal bubble 

 
2.4 Bubble displacement measurement 

Displacement was determined from the still images 
collected from the digital video camera. Bubble 
displacement was computed from the still frames 
obtained from the video image. The still frames were 
opened in commercial software, "Tracker", which was 
capable of showing location on an image. 

The pixel coordinates (X and Y) of the bubbles center 
were marked and recorded. X coordinate corresponds to 
the distance from the left edge and Y coordinate 
corresponds to the distance from the top edge 
respectively. The pixel line running through the center of 
the bubble release point was known. The deviation of the 
bubble center from the release point was computed by 
subtracting the X of the bubble center from the X of the 
bubble release point. 

   
2.5 Tracker Software  

Tracker is a video analysis and modeling software 
developed by Open Source Physics (OSP) with a 
framework using Java. Tracker is a free application used 
to analyze videos. Trackers are used to detect an object, 
the position of the object, the object's velocity or the 
object's acceleration. The use of this Tracker software 
media can make it easier to create and represent data in 
graphical form. Therefore, Tracker is widely used to 
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detect motion material. The purpose of this study was to 
determine the bubbles' displacement and vertical velocity 
of using Tracker software. 

The data analysis technique is called a Particle Model. 
The Particle Model is a mathematical model of a point 
mass. The step positions of the particle are determined by 
the parameters of the model rather than being marked. 
Particle Model has a start and end frame that define the 
frames of the video in which they are drawn.  

An object can be said to be moving if every time its 
position changes with a certain reference. Some of the 
quantities related to straight motion include distance and 
space, speed and velocity, and acceleration. Based on the 
speed, straight motion can be divided into two, namely 
regular straight motion and straight motion that changes 
regularly. Displacement is a vector quantity that states the 
change in the position of the object at the reference point. 
Whereas distance is a scalar quantity which states the 
length of the path that an object passes. Speed is the result 
of a comparison between the distance traveled and the 
time an event occurs. If velocity is defined as the distance 
traveled per unit time, velocity is defined as displacement 
per unit time.    

Regular straight motion is the motion of an object in 
a straight line at a fixed speed. Fixed speed means that the 
acceleration experienced by an object that is moving in a 
regular straight is zero. Therefore, the formula that 
applies to this motion is the formula for speed and speed. 
Speed can be formulated as follows: 

 
 

Where:  
v: speed or velocity (m/s)  
s: distance (m)  
t: time (s) 
 
Acceleration is the change in speed per unit of time.  

If an object is moving at an increasing speed, it is called 
positive acceleration, whereas if an object is moving at a 
decreasing speed, it is called negative acceleration. 

 
 
 
Where:  
a: acceleration (m/s2)  
v: velocity (m/s)  
t: time (s)  
 
 Straight motion with regular changes is the motion of  

an object in a straight line at a constant acceleration.  In 
addition, objects can also experience negative 
acceleration or it can be called deceleration.  Straight 
motion changes regularly have an almost constant 
acceleration or deceleration so that the graph showing the 
acceleration against time is a horizontal line, while the 
speed changes so that the graph of velocity against time 
is a straight line with a slope that intersects the vertical 
axis. 

3.RESULTS AND DISCUSSIONs 

The result shows from Figure 4 that using 4 types of 
air diffuser enhanced the oxygen transfer differently. The 
variation of air diffuser affects the oxygen mass transfer 
level. Figure 4 shows that at air flow rate 20 L/min, the 
dissolved oxygen level in the case of using Ds diffuser 
increased from 0 mg/L to reach the level of 6.01 mg/L, 
Db diffuser increased from 0 mg/L to reach the level of 
6.44 mg/L, Dc diffuser increased from 0 mg/L to reach the 
level of 6.11 mg/L and Dl diffuser increased from 0 mg/L 
to reach the level of 6.76 mg/L.   

 

 
Figure 4 Dissolved oxygen (DO) level at air flow rate 20 L/min 

 
Figure 5 shows that bubbles being captured by the 

high-speed camera. Figure 6 shows the comparison 
between bubble size and air diffuser type. Bubble 
diameter size from Ds was found to be around 2.5 ± 0.5 
mm major diameter and 2.0 ± 0.5 mm minor diameter, 
bubble diameter size from Db was found to be around 2.0 
± 0.3 mm major diameter and 1.5 ± 0.3 mm minor 
diameter, bubble diameter size from Dc was found to be 
around 2.5 ± 0.5 mm major diameter and 2.0 ± 0.5 mm 
minor diameter and bubble diameter size from Dl was 
found to be around 1.0 ± 0.2 mm major diameter and 1.0 
± 0.2 mm minor diameter by averaging a random sample 
of bubbles in a 3.7s video captured at 1,000 fps. 
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Figure 5 Air diffuser during the experiment 

 

 
Figure 6 Bubble size from each diffuser 

 
Figure 7 Screenshot of Tracker software 

 
 Figure 7 shows the screenshot from Tracker software which 

used for bubble vertical velocity analysis. Bubbles were 
selected randomly in a super slow-motion record, 40 times 
slow-motion. 

  Figure 8 shows extracted motion data of example bubble 
from different air diffuser. For bubble vertical velocity 
measurement, it was seen from Figure 5 and 7, Tracker uses the 
frame and frame rate to calculate t, and it uses the scale and 
coordinates of the marks to calculate x and y coordinates for the 
bubbles. It uses numerical differentiation to calculate y-
velocity, vertical velocity.   
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Figure 8(1) Bubble displacement, y-axis and time graph 

 
 
 

 
Figure 8(2) Bubble displacement, y-axis and time graph 
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Figure 9 Bubble vertical velocity from each diffuser 

 
The computational results presented in Figure 9 show 

the bubble vertical velocity from autotracker function. 
Bubble vertical velocity from Ds was calculated 30 cm/s, 
Bubble vertical velocity from Db was calculated 15 cm/s, 
Bubble vertical velocity from Dc was calculated 32 cm/s 
and Bubble vertical velocity from Dl was calculated 10 
cm/s. Figure 8 shows the screenshot of Tracker software 
which used for bubble vertical velocity analysis.    

The results from the experiment presented that at 
aeration rate 20 L/min after 4 hours Dl provided the best 
DO at 6.76 mg/L with the finest bubble and slowest 
vertical velocity which let the bubbles have more total 
surface area and contact time in water tank. A similar 
trend was observed by Amma et al. (2015) who showed 
factors affecting fine bubble creation and bubble size for 
activated sludge.  

On the other hand, Dc shape let bubble more easily 
merge each other which bigger bubbles were formed. The 
bigger ones have less surface area which increase vertical 
velocity. Therefore, bubbles provided from Dc have less 
contact time and DO in water tank.     

 
4. CONCLUSION 

The experiment was carried out to investigate the 
effect of different air diffuser on dissolved oxygen (DO) 
level, bubble vertical velocity and size. The following are 
the results: 

1. The optimum air diffuser is the large sphere diffuser 
(Dl), finest porosity, achieving the highest DO level.  

2. The bubble equivalent diameter relate significantly 
with vertical velocity.    

3. The DO level depends on bubble vertical velocity 
and size. The smaller bubbles relate to slower vertical 
velocity. More contact time is greater DO level obtain. 

4. The smaller diffuser increases bubble merging 
opportunity with lower DO level. 
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Abstract 
A numerical investigation of 2D axisymmetric heat transfer of an impinging jet of water-based titanium dioxide 

(TiO2) nanofluid on a CPU chip surface is performed by using the finite element method with k- turbulence model with 
the wall treatment. The flat plate impingement is also studied to compare the heat transfer and flow characteristics with 
those of the chip plate and the average heat transfer results agree well with the experimental results obtained from 
literature. Parametric effects such as nanofluid concentration (), Reynolds number (ReDj) and jet-to-plate spacing (H/Dj) 
are examined. The nanofluid concentration is in the range of 0-6% by volume. The tested ReDj is between 2000 and 8000. 
The jet-to-plate spacing is between 2-4. The maximum heat transfer enhancement in terms of average Nusselt number of 
the TiO2 nanofluid compared to that of the water is 18.24% for the chip plate impingement at ReDj = 2000 and  = 6%; 
however, this maximum enhancement is 47.13% in terms of the average heat transfer coefficient. After the multiple 
linear regression analysis, the nondimensional heat transfer correlations are obtained. Finally, the ratios of pumping 
power between nanofluid and base fluid are plotted and found the penalty of 1.5 to nearly 4 times.   
 
Keywords: Jet Impingement, Nanofluid, Titanium Dioxide, CPU Chip 
 

1. NOMENCLATURE 

cp specific heat, J/kg-K 
Dj jet diameter, m 
h heat transfer coefficient, W/m2-K 
H distance between jet exit and stagnation point, 

m 
k turbulent kinetic energy 
Nu Nusselt number 
PP pumping power, W 
𝑞௦

ᇱᇱ surface heat flux, W/m2 
r radial coordinate, m 
Rchip radius of chip, m 
Rs radius, m 
ReDj Reynolds number based on jet diameter 
p pressure, Pa 
T temperature, K 
u fluid velocity, m/s 
z axial coordinate, m  
  
Greek symbols 
  
 dissipation rate of turbulent kinetic energy 
 thermal conductivity 
 fluid dynamic viscosity, Pa-s 
 nanoparticles volume fraction 
 density 
  
Subscripts 

avg average property 
bf with respect to base fluid 
chip with respect to chip 
j with respect to jet 
nf with respect to nanofluid 
p with respect to nanoparticles 
s with respect to surface 

 
2. INTRODUCTION 

Due to the increasing need for shrinking the size of 
electronic components while enhancing their capacity, 
the heat fluxes or power density is then substantially 
increased. Conventional heat sink used as a passive 
cooling method has probably become unfit to the 
packaging of the devices. Direct heat transfer from each 
component has been brought to a few researchers’ 
interests and proved that it is a promising cooling scheme 
design for the next-generation higher performance 
devices. van Erp et al. (2020) has proposed a new design 
of electronic cooling by directly embedding multiple 
microfluidic channels inside the chip substrate using 
water as working fluid and reported the heat removal of 
17 kW/cm2 with only 0.57 W/cm2 pumping power. Direct 
multiple impinging jets on a high-power device was 
proposed by Wei et al. (2019) reporting the highest heat 
transfer coefficient of 6.25104 W/m2-K with the 
pumping power as low as 0.3 W.      
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Nanofluid jet impingement has recently attracted an 
increasing number of researchers since Choi and Eastman 
have discovered the enhancement of base fluid thermal 
conductivity by using nanoparticles in 1995. Thus, the 
nanofluid could become a game changer in the heat 
transfer augmentation for components that are exposed to 
a high heat generation such as heat exchangers, electronic 
components, automobile components and thermal 
treatment of metals. In addition to increasing the thermal 
conductivity of the base fluid, Lv et al. (2017a,b) 
explained how the nanofluid augmented heat transfer in a 
single free impinging jet by the fact that the nanoparticles 
vigorously bombarded at the impingement surface. This 
caused intense turbulence and thinner boundary layer 
thickness near the surface leading to the heat transfer 
improvement. 

Generally, the base fluids of the nanofluids are water, 
engine oil and ethylene glycol. However, most studies 
have used water or deionized water. The nanoparticles are 
usually metallic compounds such as Al2O3, SiO2, CuO, 
ZnO and TiO2. The research on nanofluid jet 
impingement has been carried out through experiments 
and numerical method in either a free-surface jet and a 
confined jet mostly to investigate the main parametric 
effects on heat transfer such as Reynolds number, jet-to-
plate spacing and nanofluid concentration. Then, the 
correlations were presented. Zeitoun & Ali (2012), 
Modak et al. (2015) and Lv et al. (2017b) experimentally 
exhibited the heat transfer enhancement of the water-
based Al2O3 nanofluid by approximately 60% at 
moderate concentration (  6% by volume) compared to 
the base fluid. Lv et al. (2017a) investigated the SiO2 

nanofluid impingement leading to the maximum 40% 
enhancement at Re = 8000 and  = 3%. Barewar et al. 
(2019) studied Zuo nanofluid impingement at low 
concentration (0.02    0.1%) and reported the 
maximum heat transfer augmentation by 55% at  = 0.1% 
and H/Dj = 3.5. Naphon & Nakharintr (2012) used TiO2 
nanofluid at a fixed  = 0.2% impinging on a mini fin heat 
sink to test the influence of the jet inlet temperature (Tj) 
and found that at higher Tj, i.e., 30oC the nanofluid did 
not help enhance the heat transfer. However, at lower Tj, 
i.e., 20oC the nanofluid became enhancing the heat 
transfer. The pressure drop data were also reported. 

There have been a growing number of numerical 
analyses on the nanofluid impinging jet. Manca et al. 
(2011) investigated a slot jet of Al2O3 nanofluid using a 
single phase and k- turbulence model to study the effects 
of Reynolds number, jet-to-plate spacing (H/b) and 
concentration. They found the maximum heat transfer 
enhancement by 18% at  = 6% and H/b = 10. 
Furthermore, they explained the decrease in heat transfer 
at the small H/b that was because the jet counter-rotating 
vortices were forced to leave before touching the 
stagnation region causing the secondary peak. Two-phase 
model for the Al2O3 nanofluid impingement was 
investigated by Huang & Jang (2013) and Abdelrehim et 

al. (2019). Abdelrehim et al. (2019) studied the laminar 
jet impingement and reported that the two-phase model 
gave better heat transfer results than the single-phase 
model when compared to the experimental ones. 
Alabdaly et al. (2019) numerically investigated a 2D 
planar laminar impinging jet of SiO2 nanofluid on 
different sizes of semicircle bumps installed at some 
distance after the stagnation region. The higher Nusselt 
number was reported at the higher bump.   

TiO2 is nontoxic and inexpensive material used in 
variety of our everyday life including as a dye for off-
white color in soap making process. However, not much 
research on nanofluid heat transfer include TiO2 as 
nanoparticles, even though the heat transfer augmentation 
among TiO2, Al2O3 and CuO nanofluids were found 
insignificantly different by Roy et al. (2012). 
Furthermore, few research work has reported pumping 
power or pressure drop (mostly carried out via numerical 
analysis research such as Abdelrehim et al. (2019), 
Alabdaly & Ahmed (2019), Roy et al. (2012) and Manca 
et al. (2011), but the experimental work by Naphon &  
Nakharintr (2012) showed the data of pressure drop) and 
the heat transfer correlations (carried out through either 
numerical investigation or experiments such as Lv et al, 
(2017a, b), Zeitoun & Ali (2012), Barewar et al. (2019), 
Modak et al. (2015) and Abdelrehim et al. (2019)) 
altogether, which are essential to heat transfer-related 
machine design.  

The objectives of this research are to propose an 
alternative way of onsite cooling a CPU chip and to find 
the heat transfer characteristics of a circular impinging jet 
of water-based TiO2 nanofluid on to a constant heat flux 
surface for both flat and chip surfaces. Parametric effects 
such as nanofluid concentration (), Reynolds number 
(Re) and jet-to-plate spacing (H/Dj) are considered. The 
heat transfer results are reported in terms of local and area 
average Nusselt numbers. With the use of the multiple 
linear regression, the heat transfer correlations are 
presented. Finally, pumping power ratios of the nanofluid 
and the base fluid are also discussed.      

 
3. RESEARCH METHODOLOGY 

Throughout this study, a steady state, incompressible 
single-phase turbulent flow is assumed. In addition, at the 
impingement surface, the constant heat flux is assigned 
with assumption of no heat radiation. The jet 
impingement system is semi-confined with no end effect 
assumption.  

 
3.1 Computational Domain 

Two schematic setups of the 2D axi-symmetric 
computational domains were tested in this study as shown 
in Fig 1. A circular jet nozzle of radius 2 mm is attached 
to a flat surface to form an upper boundary for the 
computational domain. A CPU chip of 9.15 mm radius 
(Rchip) and 5 mm height exhibited in Fig.1(a) is placed 
under the nozzle. The constant heat flux surface is 
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assigned to the chip surface only, and the rest of the 
impingement plate is insulated. In Fig.1(b), the entire flat 
plate is assigned constant heat flux. All surfaces within 
the domain are at no-slip condition with the radius (Rs) of 
25 mm. After impinging, the spent fluid is to leave the 
exit, at which, the pressure is set to be equal to the 
ambient pressure.   

Nanofluid of TiO2 nanoparticles in water as a base 
fluid is the working fluid in this study. Pure water is also 
used for baseline cases. Hence, in this study, the heat 
transfer of the free-surface liquid jet impingement is 
considered. 

 
3.2 Governing Equations 

Under assumptions of steady state, incompressible, 
turbulent, single-phase flow and negligible heat radiation, 
The Reynolds time averaged Navier-Stokes (RANS) 
equations are shown in as follows 

Continuity: 
𝜕𝑢ത௜

𝜕𝑥௜

= 0 (1) 

Momentum: 

𝜌𝑢ത௜

𝜕𝑢ത௜

𝜕𝑥௝

= −
𝜕𝑝̅

𝜕𝑥௜

+
𝜕

𝜕𝑥௝

ቈ𝜇 ቆ
𝜕𝑢ത௜

𝜕𝑥௝

+
𝜕𝑢ത௝

𝜕𝑥௜

ቇ

− 𝜌𝑢ప
ᇱ𝑢ఫ

ᇱതതതതതത቉ 
(2) 

Energy: 

𝜌𝑢ത௜

𝜕𝑇ത

𝜕𝑥௝

=
𝜕

𝜕𝑥௝

ቈ
𝜇

𝑃𝑟

𝜕𝑇ത

𝜕𝑥௝

− 𝜌𝑇ᇱ𝑢ఫ
ᇱതതതതതത቉ (3) 

where 𝑢ത௜ ,  𝑢ഥ௝  ,  𝑇ത  and 𝑝̅  are time-averaged velocity 
components, temperature and pressure, respectively. 
           𝑢௜

ᇱ, 𝑢௝
ᇱ  and T’ are fluctuating quantities. 

Noting that the Reynolds stress term, −𝜌𝑢ప
ᇱ𝑢ఫ

ᇱതതതതതത, is based 
upon the Boussineq hypothesis show as follows 

−𝜌𝑢ప
ᇱ𝑢ఫ

ᇱതതതതതത = 𝜈௧ ቆ
𝜕𝑢ത௜

𝜕𝑥௝

+
𝜕𝑢ത௝

𝜕𝑥௜

ቇ −
2

3
𝛿௜௝ (4) 

and the turbulent heat flux term 

𝜌𝑇ᇱ𝑢ఫ
ᇱതതതതതത =

𝜇௧

𝑃𝑟௧

ቆ
𝜕𝑇ത

𝜕𝑥௝

ቇ (5) 

The k- turbulence model with wall treatment for the 
steady state impinging jet with the assumption of fully 
developed turbulent flow is exhibited in the following 
equations. These equations combined with the above 
RANS equations thus govern the turbulent flow and heat 
transfer of the domain. 
Energy: 

𝜕(𝜌𝑘𝑢௜)

𝜕𝑥௝

=
𝜕

𝜕𝑥௝

൬𝜇 +
𝜇௧

𝜎௞

൰
𝜕𝑘

𝜕𝑥௝

+ (𝐺௞ + 𝐺௕) − 𝜌𝜀

− 𝑌ெ + 𝑆ఌ 
(6) 

Dissipation: 

𝜕(𝜌𝜀𝑢௜)

𝜕𝑥௝

=
𝜕

𝜕𝑥௝

ቆ𝜇 +
𝜇௧

𝜎ఌ

𝜕𝜀

𝜕𝑥௝

ቇ

+ 𝐶ଵ

𝜀

𝑘
(𝐺௞ + 𝐺ଷఌ𝐺௕)

− 𝐶ଶ𝜌
𝜀ଶ

𝑘
+ 𝑆ఌ 

(7) 

where Gk and Gb denote the turbulent kinetic energy (tke) 
production terms due to the velocity gradients and the 
buoyancy, respectively. YM is the fluctuation rate 
associated with the tke dissipation. k and  represent 
effective Prandtl numbers, which associates to eddy 
diffusion of k and  to the momentum eddy viscosity as 
shown below 

𝜎௞ =
𝜈௧

𝜈௞

 and 𝜎ఌ =
𝜈௧

𝜈ఌ

 

 and the eddy viscosity is  

𝜈௧ =
𝐶ఓ𝑘ଶ

𝜀
 

The empirical constant values for jet impingement are C 
= 0.09, C1 = 1.44, C2 = 1.92, k = 1.0, and  = 1.3. The 
buoyancy dependence rate of  is denoted C3 which is 
equal to tanh|𝜈 𝑢⁄ |. Sk and S represent the generation 
terms.    

 
3.3 Finite Element Method 

A commercial program of finite element method, 
COMSOL, was used throughout the study. The program 
uses free meshing techniques to generate unstructured 
meshes covering the computational domain. Each mesh 
element is a triangle of 3 vertex node with linear shape 
function for all unknown variables: velocity components, 
pressure and temperature.  

Note on the wall treatment with the use of k- 
turbulence model in COMSOL that the wall life-off from 

the physical surface was defined as 𝛿ௐ =
ఋೈ

శ ఓ

ఘ௨ഓ
, where the 

term 𝛿ௐ
ା  is determined from 𝛿ௐ

ା =

max ቆ
௛ೢ

ଶ

ఘ஼ഋ
భ ర⁄

√௞

ఓ
, 11.06ቇ whether which one is higher. 

The first term is derived from the law of the wall, and the 
second one refers to the distance measured from the wall, 
where the logarithmic layer encounters with the laminar 
sublayer. Here hw is denoted by the height of the mesh 
adjacent to the wall. 

The boundary conditions shown in Fig.1. All surfaces 
are set no-slip conditions. The thermal boundary 
conditions at surfaces are set insulated or dT/dt = 0 except 
at the impingement surface, i.e., the entire plate for the 
flat plate case (Fig.1(a)) and the chip surface for the chip 
plate (Fig.1(b)). The inlet toward the impingement plate 
is at the nozzle exit. Finally, after impinging the fluid 
leaves the surface toward the exit to ambient. 

 
3.4 Data Reduction 

In this study, 3 parametric effects are considered: 
Reynolds number (ReDj), jet-to-plate spacing (H/Dj) and 
nanofluid concentration (), and the values are shown in 
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Table 1. The heat transfer results are expressed in terms 
of heat transfer coefficient (h) and Nusselt number (NuDj). 
The results are presented as the dimensionless heat 
transfer correlations for both flat and chip surfaces. 

Single phase fluid is assumed throughout the study. 
The nanoparticles of TiO2 change the thermal properties 
of the base fluid, such as density (), dynamic viscosity 
(), thermal conductivity () and specific heat (cp) 
according to the empirical formulae summarized by Said 
et al. (2014).  

𝜌௡௙ = (1 − 𝜙)𝜌௕௙ + 𝜙𝜌௉ (8) 
𝜇௡௙ = 𝜇௕௙(123𝜙ଶ + 7.3𝜙 + 1) (9) 

𝜆௡௙ = 𝜆௕௙ ቆ
𝜆௉ + 2𝜆௕௙ + 2൫𝜆௉ − 𝜆௕௙൯𝜙

𝜆௉ + 2𝜆௕௙ − ൫𝜆௉ − 𝜆௕௙൯𝜙
ቇ (10) 

𝑐௣,௡௙ = (1 − 𝜙)𝑐௣,௕௙ + 𝜙𝑐௣,௉ (11) 
The subscripts nf, bf and P denote nanofluid, base fluid 
and nanoparticle, respectively. 

The Reynolds number is defined based on jet diameter 
(Dj) as follows 

𝑅𝑒஽ೕ
=
𝑢௝𝐷௝

𝜇
 (12) 

After obtaining the surface temperature (Ts) from the 
computation, Newton’s law of cooling gives  

ℎ =
𝑞௦

ᇱᇱ

൫𝑇௦ − 𝑇௝൯
 (13) 

where the surface heat flux is set to be 500 kW/m2. This 
value was obtained from the specification of the CPU 
chip of Intel Core i7-920 (Kirsch (2008)). Then, the area-
averaged heat transfer coefficient is calculated. 

 
Figure 1 Computational domains and boundary conditions  

(Not to scale) 

Table 1 Parametric effects and their values 
 

Parametric 
effects 

Values 

ReDj 2000, 4000, 6000, 8000 
H/Dj 2, 3, 4 

 (% Volume) 0, 2, 4, 6 
 
3.5 Mesh Density Dependence Check 

Four different models of number of meshes are tested 
as shown in Fig.2: 4800, 9480, 49628 and 100677 
meshes, namely models A, B, C and D, respectively, in 
the flat impingement surface domain for Re = 2000, 4000, 
6000 and 8000. The surface mesh sizes are mainly 
refined: 0.1, 0.05, 0.01 and 0.005 mm for models A, B, C 
and D, respectively. The results in terms of average 
Nusselt numbers are compared as well as computational 
time and RAM usage. Moreover, the mesh quality is also 
taken into consideration as the finer mesh costs lower 
quality, despite less error [Holzbecher & Si]. Model D is 
thus assumed to give the most accurate solution in terms 
of average Nusselt number.  

The maximum difference from model D is found at 
model B for 7% at ReDj = 8000 while model A 6% at ReDj 

= 6000. However, when comparing models C and D, the 
difference is close to 0%. Considering RAM usage and 
computing times between models C and D, model C uses 
up to 0.5 GB less than model D while the computing time 
is nearly half of that of model D. The average mesh 
quality of model C is 11% higher. Therefore, model C is 
chosen to fit the accuracy and the specification of the 
computer used in this study is CPU Intel Corei5-8300H  
4.0 GHz and 8 GB RAM.     

 

 
 
3.6 Validation  

Fig.3 shows the comparison of the average Nusselt 
number obtained from the present study to the 

(a) Model A  (b) Model B  

(c) Model C  (d) Model D  

Figure 2 Mesh refinement especially near wall region 
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experimental results of Sorour et al. (2019) at H/Dj = 4 
and Re = 8000-14000. The differences are found 5.71%, 
4.88%, 6.25% and 9.09% at 8000, 10000, 12000 and 
14000, respectively. The differences were probably 
because the experimental setup of Sorour et al. (2019) 
was carried out through the heat flux of 14,920 W/m2, Dj 
= 6 mm and Ds = 320 mm while the present computational 
domain was set to the heat flux of 500 kW/m2, Dj = 4 mm 
and Ds = 50 mm. Sorour et al. (2019) showed that H/Dj 
did not significantly affect the Nusselt number.  

The comparison of area averaged heat transfer 
coefficients of the current study to those of Lv et al. 
(2017) are shown in Fig.4. The tested Reynolds number 
in this study is from 2000 to 8000, while Lv at al. (2017) 
from 6114 to 12228, Dj = 2 mm, Ds = 100 mm, but the 
surface thermal condition was not reported. The similar 
trends of the data are found. Furthermore, both Lv et al. 
(2017) and the current study have also found that H/Dj 
slightly influences the heat transfer for the free-surface 
water impingement. However, for the clear illustration 
purpose, the heat transfer results for each H/Dj value are 
shown separately. 

 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

Figure 3 Comparison of the average Nusselt number of the 
present study and Sorour et al. (2019) 

(a) H/Dj = 2 

(b) H/D
j
 = 3 

(c) H/D
j
 = 4 

Figure 4 Comparison of heat transfer coefficients of the 
present study to those of Lv et al. (2017) 
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4. RESULTS AND DISCUSSION 

4.1 Comparison of flow fields of flat plate impingement 
and chip plate impingement 

Flat plate impingement as a baseline case is carried 
out along with the chip plate impingement in order to 
better understand the heat transfer results on the chip plate 
later on. Fig.5(a) shows the oncoming jet impinging on a 
flat surface and changing the flow direction along the 
impingement surface to form a wall jet then leave at the 
exit. In Fig.5(b), after impinging on a chip, the flow 
cannot leave towards the exit immediately, but circulates 
near the vicinity of the height of the chip prior to changing 
the direction along the flat area. This could be explained 
by the fact that the edge of the chip disrupts the boundary 
layer of the flow. Furthermore, according to Zhao et al. 
(2002), the chip surface covers the stagnation zone, while 
in Fig.5(a) the viscous boundary layer starts right next to 
the stagnation zone. Note that the constant heat flux is 
assigned to the entire length of the flat plate case, while 
only to the chip surface and the flat area is insulated.  

 

 
(a) Flat plate impingement 

 
(b) Chip plate impingement 

Figure 5 Vector plots of flow near the impingement vicinity 
 

4.2 Effect of Nanofluid Concentration 
Fig.6 shows the local Nusselt number distributions at 

Re = 8000 and H/Dj = 2 for different nanofluid 
concentrations. Note that only the chip surface is assigned 
constant heat flux and the heat transfer results on the chip 
surface are taken into account. Nusselt number increases 
with the nanofluid concentrations for both cases of flat 
plate and chip plate impingement. In Fig.6(a) for the flat 
plate impingement, the heat transfer enhancement of 
nanofluids compared to the base fluid at the stagnation 
point for  = 2, 4 and 6% are 3.38, 9.97 and 18.97%, 
respectively. However, the maximum value is shifted 
slightly away from the centerline and becomes the 
secondary peak for all cases. The differences in the 

secondary peak between the nanofluids of  = 2, 4 and 
6% and the base fluid are 3.37, 9.96 and 18.97%, 
respectively. For the chip plate impingement, the 
differences in the stagnation points are 3.08, 9.80 and 
18.89%, respectively. The differences in the secondary 
peaks are 9.08, 9.81 and 18.95%, respectively. According 
to Manca et al. (2011), the counter-rotating vortices of the 
oncoming jet towards the target plate are responsible for 
the secondary peaks as the vortices do not yet touch the 
stagnation point but are pushed away parallel to the 
surface towards the exit.  

   

 
However, the flow characteristics of nanofluids are not 
different from that of the base fluid (water), because the 
assumption of single phase nanofluid only changes the 
numeric values of the thermal properties of the working 
fluid. Nonetheless, Lv et al. (2017) confirmed with their 
experimental results that addition of the nanoparticles 
into a base fluid did not affect the flow characteristic of 
the base fluid explained by the individual nanoparticle 
bombardment effect on the surface. Thus, this helps 
enhance the heat transfer of the base fluid. 

Fig.6(a) shows the comparison of area averaged 
Nusselt numbers at different concentrations for both flat 

(a) Flat Plate 

(b) Chip Plate 

Figure 6 Local Nusselt number for different concentrations 
of Nanofluids at Re = 8000 and H/D

j
 = 2 
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plate and chip plate impingement. The results are in 
accordance with the local Nusselt number variation that 
the heat transfer enhancement increases with the 
nanofluid concentration. The chip plate impingement 
gives higher average Nu than the flat plate due to the fact 
that only the chip surface was considered in the 
calculation, while the entire surface of flat plate 
impingement was brought into the calculation. The 
maximum heat transfer enhancement in terms of Nuavg is 
24.57% found at ReDj = 2000 and  = 6% for the flat plate 
impingement and 18.24% at ReDj = 2000 and  = 6% for 
the chip plate impingement. However, when considering 
in terms of area average heat transfer coefficients as 
exhibited in Figs.6(b) and (c) for the flat and the chip 
impingement, respectively, the maximum enhancement is 
also found at ReDj = 2000 and  = 6% by 47.13% and 
39.65%. Nevertheless, noting that the enhancement found 
at other values of ReDj ( = 6%) is only 1-2% lower than 
at ReDj = 2000.  

 
4.3 Effect of Reynolds Number 

Generally, the impingement heat transfer results are 
significantly influenced by Reynolds number. Higher Re 
leads to higher heat transfer results as illustrated in Fig.7 
for both flat and chip plate impingement as the jet velocity 
at the higher ReDj becomes higher and impinges more 
vigorously causing the boundary layer thinner. This also 
allows the jet with higher ReDj to exchange more 
momentum leading to higher heat transfer enhancement. 
The area average Nusselt numbers are plotted against 
ReDj at different values of jet-to-plate spacing, which will 
be discussed in the following topic. ReDj = 8000 gives the 
highest followed by ReDj = 6000, 4000 and 2000, 
respectively.  

The area averaged Nusselt numbers at different Re 
and H/Dj are plotted in Fig.8 for  = 4%. Consider 
Fig.8(a), H/Dj does not play important role to Nuavg 
values. ReDj = 8000 gives the area average Nu 
approximately 70% higher than Re = 2000, and 44% and 
21 higher than ReDj = 4000 and 6000, respectively, at all 
values of H/Dj. In Fig.8(b), the chip plate impingement 
shows the influence of H/Dj; however, the differences are 
similar. At ReDj = 8000, Nuavg is approximately 64%, 39% 
and 18% higher than those at ReDj = 2000, 4000 and 6000, 
respectively. 

 
4.4 Effect of Jet-to-Plate Spacing 

Fig.10 shows the distribution of local Nusselt number 
for different jet-to-plate spacings at ReDj = 6000 and  = 
4%. Secondary peaks are found in all cases and 
prominently shown in the case of H/Dj = 2. This has been 
explained by some researchers (Cornaro et al. (1999), 
Manca et al.(2011) and Lv et al. (2017)) by the fact that 
at low H/Dj a jet cannot establish fully developed flow 
before approaching the target plate, thus the counter-
rotating vortices are pushed parallel to the impingement 
surface towards the exit. Notwithstanding that, H/Dj = 2 

leads to the highest local heat transfer results compared 
to H/Dj = 3 and 4.  

 

 
Referring to the area averaged Nusselt numbers in 

Fig.9, H/Dj does not significantly affect the area average 
Nusselt number. This can be shown in the local 
distribution in Fig.10(a) that the local Nu graphs collapse 
after the stagnation zone. The area averaged Nu for the 
chip plate impingement is higher than the flat plate 

(a) Average Nusselt number 

(b) Area average heat transfer coefficient for flat plate 
impingement 

(c) Area average heat transfer coefficient for chip plate 
impingement 

Figure 7 Average heat transfer results at H/Dj = 2. 
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impingement, because only the chip surface is included in 
the area average. The differences in percentage at each 
ReDj are quite similar such as at H/Dj = 2, Nuavg is 
approximately 9% and 18% higher than those at H/Dj = 3 
and 4, respectively, while at H/Dj = 3, Nuavg is 
approximately 8% higher than that of H/Dj = 4. 

  

 
 

 
4.5 Heat Transfer Correlations 

Nondimensional heat transfer correlations were 
obtained from the multiple linear regression analysis 
through the analysis of variance (ANOVA). The area 
averaged Nusselt number becomes the dependent 
variable or the response variable, and the independent 
variables or explanatory variables are ReDj, H/Dj and . 
Then, all variables are log-transformed, then the multiple 
linear regression is performed with the R2 value greater 
than 0.99 for all cases. In addition, 2-sided p-values for 
testing the coefficients are less than 0.05. Finally, after 
anti-logging, 4 heat transfer correlations are obtained: 
water impinging on a flat plate, nanofluid impinging on a 
flat plate, water impinging on a chip plate and nanofluid 
impinging on a chip plate. 
 For flat plate impingement, the correlation of Nusselt 
number to Reynolds number and jet-to-plate spacing is 
shown as follows 

𝑁𝑢௔௩௚ = 0.0209𝑅𝑒஽ೕ

଴.଼଺ଷ଼൫𝐻 𝐷௝⁄ ൯
ି଴.଴ହହ଻

 (16) 

For the nanofluid impingement on a flat plate, the 
correlation is 

𝑁𝑢௔௩௚ = 0.0557𝑅𝑒஽ೕ

଴.଼ହ଼଻൫𝐻 𝐷௝⁄ ൯
ି଴.଴ହ଺

𝜙଴.ଵସହ଼ (17) 

For impinging on the chip surface, only the heat transfer 
of the chip top surface was considered. In the case of 
water jet, the correlation is then 

𝑁𝑢௔௩௚ = 0.1922𝑅𝑒஽ೕ

଴.଻ସଵସ൫𝐻 𝐷௝⁄ ൯
ି଴.ଶ଺ଶଶ

 (18) 

Figure 8 Comparison of local Nusselt number at different 
Reynolds number at  = 4% and H/Dj = 2. 

(b) Chip Plate 

(a) Flat Plate 

Figure 9 Comparison of area averaged Nusselt numbers for  = 
4%. 

(b) Chip Plate 

(a) Flat Plate 



NUEJ 
Naresuan University  
Engineering Journal 
 

Naresuan University Engineering Journal, Vol. 17, No. 2, July-December 2022, pp. 17-27 25 

 Finally, in the case of the nanofluid jet impinging on a 
chip, the correlation becomes 

𝑁𝑢௔௩௚

= 0.3247𝑅𝑒஽ೕ

଴.଻ଷ଺଼൫𝐻 𝐷௝⁄ ൯
ି଴.ଶହଶଶ

𝜙଴.ଵଶ଴଺ 

(19) 

 
4.6 Pumping Power 

Fig.11 shows the plots of pumping power ratio 
between the pumping power of nanofluid (PPnf) and the 
pumping power of base fluid (PPbf) against Reynolds 
number at H/Dj = 2. Since nanoparticles cause the 
viscosity of the base fluid to increase, the pumping power 
of the nanofluid is obviously higher than that of the base 
fluid. When  = 2%, the pumping power becomes almost 
50% higher than that of the base fluid at all values of ReDj. 
The pumping power is increased to be more than twice 
and almost 4 times of the base fluid, when the 
concentrations are increased to 4% and 6%, respectively. 
Therefore, the proper selection of the nanofluid 
concentration is important for nanofluid jet impingement, 
especially for experiments.  

 

 
5. CONCLUSIONS 

A numerical heat transfer study on water-based TiO2 
nanofluid impingement on a chip surface and on a flat 
surface was carried out to investigate the parametric 
effects such as nanofluid concentration, Reynolds number 
and jet-to-plate spacing as follows 

1. The heat transfer increased with the increasing 
concentration due to the increasing in thermal 
conductivity. The maximum heat transfer 
enhancement in terms of Nusselt number was 
24.57% and 18.24% for the flat plate and the chip 
plate impingement cases, respectively, at  = 6% 
and ReDj = 2000.  

2. As Reynolds number increased, the heat transfer 
also increased. This was explained by the fact 
that at higher Reynolds number the impinging jet 
thinned the boundary layer and allowed the 
greater momentum transfer. 

3. Due to the counter-rotating vortices being pushed 
(according to Cornaro et al. (1999) and Manca et 
al. (2011)), the secondary peaks at the stagnation 
region were shown at all H/Dj cases. The heat 
transfer increased with decreasing H/Dj. 
However, the local Nu distribution showed that 
the local Nu collapsed after impingement region. 

The heat transfer correlations for cases of both flat 
plate and chip plate impingement for the water and the 
nanofluid were presented by using the multiple linear 
regression analysis of log-log scale. After anti-logging, 
each correlation is summarized as follows 
Water-flat plate impingement: 

𝑁𝑢௔௩௚ = 0.0209𝑅𝑒஽ೕ

଴.଼଺ଷ଼൫𝐻 𝐷௝⁄ ൯
ି଴.଴ହହ଻

 

Nanofluid-flat plate impingement: 

𝑁𝑢௔௩௚ = 0.0557𝑅𝑒஽ೕ

଴.଼ହ଼଻൫𝐻 𝐷௝⁄ ൯
ି଴.଴ହ଺

𝜙଴.ଵସହ଼ 

Water-chip plate impingement: 

𝑁𝑢௔௩௚ = 0.1922𝑅𝑒஽ೕ

଴.଻ସଵସ൫𝐻 𝐷௝⁄ ൯
ି଴.ଶ଺ଶଶ

 

Nanofluid-flat plate impingement: 

𝑁𝑢௔௩௚ = 0.3247𝑅𝑒஽ೕ

଴.଻ଷ଺଼൫𝐻 𝐷௝⁄ ൯
ି଴.ଶହଶଶ

𝜙଴.ଵଶ଴଺ 

Even though the nanofluid jet impingement has 
shown a promising heat transfer enhancement, the 

(a) Flat Plate 

(b) Chip Plate 

Figure 10 Distribution of local Nusselt numbers at different 
jet-to-plate spacing, ReDj = 6000,  = 4% 

Figure 11 Pumping power ratios of nanofluid and water for 
chip plate impingement at H/Dj = 2 
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penalty in pressure drop in terms of pumping power was 
also considered. At  = 6%, the pumping power was 
found almost 4 times of that of water, while at  = 2% the 
pumping power became 50% of that of water. These data 
are crucial for heat transfer component designers. 
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Abstract 

Tracing crop coefficient (Kc) at all the stages of crop growth is commonly essential for an accurate estimation of 
crop water use. This study applied the cloud–based IrriSAT application to trace the dynamic values of crop coefficient 
in three different sorts of irrigation schemes; pumping, gravitational and inundation irrigation for estimating crop water 
requirement in the Chao Phraya River Basin (CPYRB), Thailand. Three selected irrigation schemes; Bang Bal (BB), 
Thabua (TB), and Yom–Nan (YN) representing pumping, gravitational, and inundation irrigation schemes were selected 
to trace crop coefficient values of in–season and off–season crops and to estimate long–term crop water requirement 
(ETc) from 2015–2020. The results of dynamic values of Kc–IrriSAT were verified and adjusted with average Kc 
established by the Royal Irrigation Department (Kc–RID) which were calculated as a function of Kc from field 
observation for the different types of crops and accumulated area size monitored by the Geo–Informatics and Space 
Technology Development Agency (GISTDA). The results revealed the similar patterns of average Kc generated by 
IrriSAT corresponding to the average Kc–RID. After the calibration procedure was successfully done, the correlations 
between Kc–IrriSAT adjusted and average Kc–RID for BB, TB, and YN irrigation schemes are relatively higher with R2 
of 0.8304, 0.8466, and 0.8314, respectively. In addition, it shows the explicit variability on monthly and yearly crop 
water demands of these three sorts of irrigation schemes when the adjusted Kc–IrriSAT was employed. It would be 
concluded that cloud–based IrriSAT application can be a very supportive tool in estimating the actual crop water 
requirement particularly for irrigators to evaluate the current status of irrigation water use and to improve the irrigation 
efficiency at the field scale.  
 
Keywords:  Crop Coefficient, Crop Water Requirement, Reference Crop Evapotranspiration, Cloud–Based IrriSAT 
Application, Normalized Difference Vegetation Index. 

 
1. INTRODUCTION 

Thailand is one of the top leaders for agricultural 
production in the Southeast Asia (BOI, 2021). It is stated 
that the economic development of Thailand has been 
predominantly driven by the agricultural sector 
(Singhapreecha, 2014). Therefore, enhancing agricultural 
productivity in the large–scale irrigation schemes play an 
important role to raise livelihood of the local people and 
to drive the economic growth of the country (Ministry of 
Agriculture and Cooperatives of the Kingdom of 
Thailand, 2016). Importantly, water supply facilities and 
sufficient irrigation water should be provided to farmers 
in association with the agricultural water demand to 
increase crop yields.  

Increasing water demand for multiple uses in the 
Chao Phraya River Basin (CPYRB) which is located in 
the central region of Thailand, has embraced the risk in 
water resource management specially to satisfy 
agricultural water demand in the Greater Chao Phraya 
Irrigation Schemes (GCPYIS).  Due to uncertainty of 
water supply from the headwater of the Chao Phraya 
River, the extreme events of flood and drought have been 
frequently occurred in the past few decades 
(Thanadachophol et al., 2020). Therefore, tracing crop 
water requirement (ETc) at all the stages of crop growth 
in the various sorts of irrigation schemes is necessarily 
essential to estimate the right amount of crop water 
demand in GCPYIS. 
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Crop Water Requirement (CWR) is principally the 
precise amount of water consumed through 
evapotranspiration and to meet crop water needs during 
the specified time periods. In other words, CWR, also 
known as crop evapotranspiration (ETc), is described as 
the depth of water (millimeters) needed to compensate for 
the water losses through crop evapotranspiration. The 
main factors affecting crop water requirement are climate 
factors, crop types, and growth stage of crops. Crop water 
requirement can be derived based upon the reference crop 
evapotranspiration (ETo) and crop coefficient (Kc). The 
reference evapotranspiration (ETo) is the rate of 
evapotranspiration from a hypothetical reference crop 
which is relatively subject to climate conditions (Pereira 
& Alves, 2005). The crop coefficient (Kc) varies 
accordingly with crop types and development stages of 
the crops. The values of crop coefficient for a given crop 
have represented the dynamics of crop evapotranspiration 
(Pandey, 2021).  

Since most of the irrigated land area in Thailand are 
continually cultivated throughout the year, it is rarely 
possible to clearly determine the beginning of cultivation 
and to find the dynamic changes of Kc and crop 
evapotranspiration (ETc) values over a year. As the 
satellite–based crop monitoring platform is well proven 
its capability to monitor crop growth status and 
vegetation indices, this study aims at tracking the 
dynamic values of crop water requirement (ETc) using 
cloud–based IrriSAT application in the different sorts of 
irrigation schemes to provide useful information and tools 
for the analysis of agricultural water requirement in the 
Chao Phraya River Basin. The cloud–based IrriSAT 
application is satellite–based irrigation scheduling 
service developed in 2005. It was designed to help 
farmers with irrigation management at a wide range of 
irrigation scales (Hornbuckle et al., 2016). The reference 
crop evapotranspiration (ETo) is estimated by FAO 
Penmen Monteith equation using observations from 
weather stations. IrriSAT can also anticipate crop water 
requirement by referring to the strong relations between 
the Normalized Difference Vegetation Index (NDVI) 
from the cultivated land and crop coefficient (Kc) 
(Hornbuckle et al., 2016). Moreover, water balance 
deficit in the root zone of crops based upon the water 
balance approach can be traced to indicate the levels of 
irrigation water requirements.  
 

2. METHODOLOGY 

2.1 Study Area 
The study area is in the Greater Chao Phraya 

Irrigation Scheme (GCPYIS) occupying an irrigation 
service area of more than 19,654 km2 (12 million rai). 
GCPYIS lies in the Lower Ping (LPRB), Lower Nan 
(LNRB) and Chao Phraya–Thachin (CPY–TCRB) River 
Basins which are major parts of river basin cluster of 
CPYRB as can be seen in Fig.1–Fig.3. The general 
characteristics of 35 irrigation schemes in CPYRB are 

summarized in Table 1. However, only three different 
sorts of irrigation schemes in GCPYIS representing 
pumping, gravitational, and inundation irrigation were 
selected to trace the dynamic values of crop water 
requirement in this study; Bang Bal (BB), Thabua (TB), 
and Yom–Nan (YN). Pumping irrigation is powered by 
pumping system installed at the site to supply the 
irrigation water to the fields. For gravitational irrigation, 
the flow irrigation water is directly supplied to the fields 
through the canals off taking from the headworks. 
Inundation irrigation, also known as river–canal 
irrigation, is a type of direct irrigation without 
construction of hydraulic structures to control the water 
level in the river. 

 

Figure 1 Four irrigation schemes in LPRB 
 

 

Figure 2 Five irrigation schemes in LNRB 
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Figure 3 Twenty-six irrigation schemes in CPY–TCRB 
 
Table 1 General characteristics of irrigation schemes in 
              CPYRB 

 

No. Name of 
Irrigation Scheme 

Type of 
Irrigation 
Scheme 

Irrigation 
Area (km2) 

Lower Ping River Basin 
1 Tortongdang Inundation 992 
2 Wangyang Inundation 1,336 
3 Wangbua Inundation 

1,129 
4 Nongkwan Inundation 

Lower Nan River Basin 
1 Dongsetthee Gravitation 449 
2 Thabua* Gravitation 398 
3 Plaichumpol Gravitation 433 
4 Naresuan Gravitation 172 
5 Yom–Nan* Inundation 515 

Chao Phraya–Thachin River Basin 
1 Wat Sing Pumping 123 
2 Bang Bal* Pumping 268 
3 Pollathep Gravitation 200 
4 Thabot Gravitation 338 
5 Samchuk Gravitation 609 
6 Donjedee Gravitation 270 
7 Phophraya Gravitation 659 
8 Borommathat Gravitation 677 
9 Chanasute Gravitation 880 
10 Yangmanee Gravitation 403 
11 Phak Hai Gravitation 338 
12 Maharaj Gravitation 853 
13 Manorom Gravitation 529 
14 Chong Kae Gravitation 449 
15 Khokkathiam Gravitation 421 
16 Roeng Rang Gravitation 320 
17 Southern Pasak Gravitation 404 
18 Nakhon Luang Gravitation 476 
19 Northern Rangsit Gravitation 773 
20 Southern Rangsit Gravitation 1,112 

No. Name of 
Irrigation Scheme 

Type of 
Irrigation 
Scheme 

Irrigation 
Area (km2) 

21 Chaochet 
Bangyeehon 

Gravitation 754 

22 Phayabunlue Gravitation 814 
23 Prapimon Gravitation 426 
24 Pasicharoen Gravitation 337 
25 Klong Dan Gravitation 819 
26 Praong Chao 

Chaiya Nuchit           
Gravitation 978 

  Total 19,654 
 

As CPYRB is in the tropical climate influenced by 
northeast and southwest monsoons, rainfall data exhibits 
the temporal and spatial variation particularly at the river 
basin level. The mean annual rainfall in the Central 
Thailand from 2003 to 2007 ranges between 899 and 
1,136 millimeters (mm). The mean monthly temperature 
data evaluated from the long–term record steadily varies 
between 22–31Celsius. Dry season which is a period of 
low rainfall and off–season crops cultivation is 
undertaken, runs from November to April. Wet season 
generally begins in May and lasts in October when in–
season crops cultivation is sparsely implemented during 
time periods. In addition, high values of monthly 
evaporation loss are obviously found in this region 
ranging between 120–130 mm for the period 1991–2000 
of climatological data reported by the Thai 
Meteorological Department (TMD). 
 
2.2 Data Collection 

Data required for this study includes (1) GIS 
shapefiles of the study area collected from the Land 
Development Department (LDD) of Thailand, (2) crop 
coefficient values provided by the Royal Irrigation 
Department (RID) of Thailand, (3) planting area of four 
main types of crops including rice, maize, sugarcane, and 
cassava monitored by the GISTDA from 2018 to 2019, 
and (4) climate data collected from the Thai 
Meteorological Department (TMD) from 2000 to 2020 
from the nearest climate stations. The simplified 
overview of data collection process is presented in Fig.4. 

 

 
 

Figure 4 Simplified overview of data collection process 
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The GIS shapefiles were used to delineate the location 
of the irrigation area by IrriSAT application. Crop 
coefficient values (Kc) corresponding to Penman–
Monteith equation of major crops, which are publicly 
provided by the Royal Irrigation Department (RID) from 
field measurement, was used to validate the results of Kc 
estimation from IrriSAT. The planting area of four main 
types of crops monitored by GISTDA using remote 
sensing technique was used to verify the area size of each 
crop. In addition, the long–term monthly climate data 
including atmospheric pressure, temperature, relative 
humidity, wind speed as well as sunshine duration from 
2000 to 2020 from the nearest climate stations in the study 
area was used to calculate the reference crop 
evapotranspiration (ETo). 

  
2.3 Estimating Crop Coefficient Using Cloud–Based 
IrriSAT Application   

Estimating the dynamic values of crop coefficient 
over the growth stages can be commonly implemented by 
cloud–based IrriSAT application which is the satellite–
based decision support tool for irrigators (Hornbuckle et 
al., 2016). In fact, cloud–based IrriSAT application has 
been developed to estimate Kc, ETo and to predict daily 
and seven–day crop water use (ETc) (Hornbuckle et al., 
2016). These are presented as aggregated values at 
various spatial and temporal scales. Due to the limits of 
global climate data at ground stations in Thailand 
available on the cloud platform, consequently, ETo and 
ETc cannot be generated and presented. However, the 
aggregated values of crop coefficient can be only 
evaluated by IrriSAT. To identify the crop growing area 
as input data of cloud–based IrriSAT application, the GIS 
shape files of three irrigation schemes must be converted 
into Keyhole Markup Language (KML) files as typically 
illustrated in Fig.5. 
 

 
 

Figure 5 Display of the study area imported in cloud– 
                             based IrriSAT application 

 
The maximum, average and minimum crop 

coefficient (Kc) values were then achieved. The results 
were automatically displayed in the form of the time 
series of the crop coefficient according to the specified 

duration of planting and harvesting dates of crops. 
However, crop water demand was not directly calculated 
by IrriSAT in this study. Therefore, the crop water 
demand (ETc) for each irrigation area was computed by 
referring to the calculated reference crop 
evapotranspiration (ETo) and crop coefficient performed 
by IrriSAT (Kc–IrriSAT). ETo calculator (Raes, 2012) 
was used as the analytical tool to calculate reference crop 
evapotranspiration. The chart of crop coefficient 
generated from IrriSAT is illustrated in Fig.6.  

 

 
 

Figure 6 Typical chart of crop coefficient generated by 
                            cloud–based IrriSAT application 

 
Cloud–based IrriSAT application was brought to 

estimate crop coefficient for three main irrigation 
schemes; BB, TB, and YN from 2015 to 2020. Various 
forms of crop efficient namely; Kc(average), 
Kc(observed), Kc(override), Kc(stddev), Kc(min), Kc(Q1), 
Kc(median), Kc(Q3), and Kc(max) as well as field 
visibility (%) were accordingly generated. However, only 
Kc(average) was used to compare with those values of 
crop coefficient (Kc–RID) performed by using 
observation data from RID and GISTDA. 

 
2.4 Estimating Average Crop Coefficient (Average Kc–
RID) Using Observation Data 

The results of dynamic values of Kc–IrriSAT from 
2015 to 2020 were verified and adjusted with average Kc–
RID which were calculated as a function of Kc from field 
observation for the different types of crop and 
accumulated area size of crops monitored using the 
remote sensing technique (GISagro 4.0) by GISTDA. 
Due to the limit of GISagro 4.0, the average Kc–RID on 
the weekly scale can be computed based upon four main 
types of crop namely; (1) rice, (2) sugarcane, (3) maize, 
and (4) cassava by using the Eq. (1). 

 
Average Kc–RID  =                                                       

(Kcri x Areari)  +  (Kcsu x Areasu)  +  (Kcmi x Areami)  +  (Kcca x Areaca)

Total Area
 

                (1) 

where, Kcri, Kcsu, Kcmi, Kcca are crop coefficients 
of rice, sugarcane, maize, and cassava, respectively. 
Areari, Areasu, Areacmi, Areaca are the accumulated 
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planting areas of rice, sugarcane, maize, and cassava, 
respectively. 

Therefore, the calculation of average Kc–RID of BB, 
TB, and YN irrigation schemes was accordingly estimated 
based upon these four major crops planted from 2018 to 
2019 which occupied only 58%, 66%, and 64% of the total 
cultivated areas, respectively. 

 
2.5 Calibrating Crop Coefficient Values Done by IrriSAT 

Calibrating Kc values performed by IrriSAT was 
conducted using least square criterion to envisage the 
degree of agreement between Kc–IrriSAT and average 
Kc–RID and to find the adjusted factors for the specified 
time periods (Kyaw et al., 2020). The method of least 
squares is a standard approach in regression analysis to 
approximate the solution of overdetermined systems by 
minimizing the sum of the squares of the residuals made 
in the results (Demaison & Vogt, 2020). In this study, two 
different periods of planting in–season and off–season 
crops in the area were identified to compute the adjusted 
factors of Kc–IrriSAT. These adjusted factors were solved 
using optimization solver based upon the long–term data 
sets of Kc–IrriSAT and average Kc–RID. 
 
2.6 Estimating Reference Crop Evapotranspiration (ETo) 

The monthly calculations of reference crop 
evapotranspiration (ETo) was implemented based upon 
the FAO Penman–Monteith equation using ETo 
calculator (Saha, 2020). The Penman–Monteith equation 
requires air temperature, humidity, solar radiation, and 
wind speed data as key inputs as expressed in Eq. (2). 
 

ETo      =      
0.408Δ(Rn - G) + γ

900
T + 273

u2(es - ea)  

Δ + γ(1 + 0.34u2) 
      (2) 

 
where, ETo is reference evapotranspiration (MJ m-2 

day-1), Rn is net radiation at the crop surface (MJ m-2 
day-1), G is soil heat flux density (MJ m-2 day-1), T is the 
mean air temperature at 2 m height (°C), u2 is the wind 
speed at 2 m height (m s-1), es is saturation vapor pressure 
(kPa), ea is actual vapor pressure (kPa), es– ea is the 
saturation vapor pressure deficit (kPa), Δ is the slope of 
the vapor pressure curve (kPa °C-1), and γ is the 
psychometric constant (kPa °C-1). 
 
2.7 Calculating Long–Term Crop Water Requirement 
(ETc) 

The final step is to calculate long–term crop water 
requirement (ETc) from 2015–2020 using Eq. (3) (Allen 
et al., 1998) after the calibration procedure for Kc 
adjustment and ETo calculations were successfully done. 
 

ETc =  Kc × ETo                                                            (3) 
 

where, ETc is crop water requirement (mm/period), 
Kc is crop coefficient done by could–based irrisat 
application (Kc–irriSAT adjusted) and average Kc–RID, 
and ETo is reference crop evapotranspiration 
(mm/period). 
 

3. RESULTS AND DISCUSSIONS 

3.1 Crop Coefficient (Kc) Generated from Cloud–Based 
IrriSAT Application 

The dynamic values of Kc–IrriSAT of three irrigation 
schemes were generated in many forms from 2015 to 
2020 and were displayed in almost one week timeframe. 
However, only maximum Kc(average) was presented and 
used to compare the results with average Kc–RID as 
summarized in Table 2. It is found that the maximum 
values of Kc(average)–IrriSAT are 0.7019, 0.7997, and 
0.7763 for BB, TB, and YN irrigation schemes, 
respectively which are relatively lower than those 
received from Kc(average)–RID with 1.4638, 1.4402, and 
1.5042, respectively. In addition, the average values of 
Kc–IrriSAT among these different types of irrigation 
schemes are in the same range. 
 
Table 2 Characteristics of crop coefficient values 

   obtained from cloud–based IrriSAT application 
 

Name of 
Irrigation 
Scheme 

Type of 
Irrigation 
Scheme 

Max. 
Kc(avg.)–
IrriSAT 

Max. 
Kc(avg.)–

RID 
BB Pumping 0.7019 1.4638 
TB Gravitation 0.7997 1.4402 
YN Inundation 0.7763 1.5042 

 
3.2 Relationship between Kc–IrriSAT and average Kc–
RID  
 The relationships between Kc–IrriSAT and average 
Kc–RID before and after the calibration procedure 
corresponding to specific growing periods of three main 
irrigation schemes are presented in Fig.7 and Fig.8. 
Before calibrating, the patterns of Kc–IrriSAT and 
average Kc–RID over the growth stages of crops are likely 
similar. However, the Kc values calculated by IrriSAT for 
three irrigation schemes are highly deviated from average 
Kc–RID values in some growing periods in both in–
season and off–season crops. It is found that the values of 
Kc–IrriSAT are higher than average Kc–RID from filed 
observation in initial and late stages of crop growth in dry 
and wet seasons for these three irrigation schemes as can 
be seen in Fig.7. Meanwhile, the lower values of Kc–
IrriSAT are found in the mid–stages of dry and wet 
seasons. The reason might be that evaluating Kc by 
IrriSAT on cloud–based platform entails the entire 
planting area. However, calculating average Kc–RID is 
manipulated based upon some specific types of crop in a 
given area. Therefore, calibrating Kc values performed by 
IrriSAT was then conducted using least square criterion 
to envisage the degree of agreement (R2) to the average 
Kc–RID. After calibrating, the adjusted factors 
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corresponding to time periods identified can be made as 
presented in Table 3. The comparison of Kc–IrriSAT 
before and after adjustments with the average Kc–RID are 
shown in Fig.7. Correlations between Kc–IrriSAT after 
adjusted and average Kc–RID for BB, TB, and YN 
irrigation schemes are relatively higher with R2 of 0.8304, 
0.8466, and 0.8314, respectively as can be seen in Fig.8. 
 

 
 

(a) Bang Bal 
 

 
 

(b) Thabua 
 

 
 

(c) Yom–Nan 
 

Figure 7 Pattern of Kc value over the growth stages of 
crops 

Table 3 Characteristics of crop coefficient values 
   obtained from cloud–based IrriSAT application 

 

 Adjusted Factors 
Crop Off Season 

Crop 
(OSS) 

In Season Crop (ISS) 

Stage Mid–End Initial Mid End 
Period 1st Jan to 

15th Apr 
15th Apr 

to 15th Jun 
15th Jun to 

1st Sep 
1st Sep to 

1st Jan 
BB 2.49 1.67 2.26 0.57 
TB 2.20 0.95 2.12 0.65 
YN 2.64 1.53 2.23 0.91 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

(a) Bang Bal 

 
 

(b) Thabua 

 
 

(c) Yom–Nan 
 

Figure 8 Correlation between Kc–IrriSAT adjusted 
and Kc–RID 
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3.3 Results of Reference Crop Evapotranspiration (ETo) 
The calculation of the reference crop 

evapotranspiration (ETo) for BB, TB, and YN irrigation 
schemes was accomplished using observed climate data 
at the nearest weather stations located in Ayutthaya, 
Phichit–Nakhon Sawan, and Phitsanulok–Sukothai 
Provinces, respectively.  

The results of ETo calculation are illustrated in Table 
4. It is found that the average values of ETo in the Pichit 
and Nakhon Sawan Provinces are relatively closer to the 
Phitsanulok and Sukhothai Provinces due to the similar 
physical circumstances in the Lower Nan Basin. On the 
other hand, the values of ETo calculated using climate 
data in the Ayutthaya Province in the Chao Phraya–
Thachin River Basin seem to be bigger over the year. 
However, the ranges of ETo in this region vary between 
4.30–6.10, 2.61–5.45, and 2.78–4.37 mm/day for BB, TB, 
and YN, respectively which is in a similar range 
comparing with those previously reported by several 
studies (HII, 2012a; 2012b, 2012c, 2012d; NRCT, 2022). 

 
Table 4 Reference crop evapotranspiration values 

   estimated by the FAO–Penman Monteith formula 
 

Month ETo (mm/day) 
FAO–Penman Monteith Formula 
BB TB YN 

Jan 4.69 2.95 2.87 
Feb 4.47 3.88 3.37 
Mar 5.35 5.00 3.88 
Apr 5.39 5.45 4.28 
May 5.23 5.08 4.37 
Jun 5.29 4.84 4.26 
Jul 5.23 4.61 4.19 

Aug 4.98 4.33 4.14 
Sep 4.31 3.85 3.94 
Oct 4.30 3.32 3.54 
Nov 4.79 2.84 3.03 
Dec 5.29 2.61 2.78 

 
3.4 Comparison of Crop Water Requirement between 
ETc–IrriSAT and ETc–RID 
       Fig.9 and Table 5 show the calculated values of 
monthly and yearly crop water demands (ETc) for three 
different sorts of irrigation schemes using two kinds of Kc 
namely, (1) Kc–IrriSAT adjusted and (2) average Kc–
RID. It is illustrated that applying the average Kc–RID 
and adjusted Kc–IrriSAT values provide the similar 
patterns of the monthly crop water demands from 2015 to 
2020 for BB, TB, and YN irrigation schemes. In addition, 
it shows the equality of mean of the yearly crop water 
demands of two datasets for these three irrigation 
schemes. However, when the adjusted Kc–IrriSAT was 
adopted under the same circumstances of cultivated area 
size used, the explicit variability on yearly crop water 
demands of BB, TB, and YN irrigation schemes was 
found. This is because the cloud–based IrriSAT 
application can provide the dynamic values of Kc in 
accordance with the changes in planting area size and 

NDVI values (Hornbuckle et al., 2016). Among the 
different sorts of irrigation schemes selected in GCPYIS, 
the mean values of monthly and yearly crop water 
demand performed by adjusted Kc–IrriSAT are likely 
close to those obtained by Kc–RID for all sorts of 
irrigation. Moreover, the greater variability in the values 
of monthly and yearly crop water demands made by 
adjusted Kc–IrriSAT are predominantly found. However, 
the further study on the performances of IrriSAT in 
estimating Kc and ETc values and relation between Kc and 
Normalized Difference Vegetation Index (NDVI) in the 
different sorts of irrigation is highly encouraged for the 
achievement of satellite–based crop water requirement 
estimation. 
 

4. CONCLUSION 

The cloud–based IrriSAT application can be a very 
supportive tool for tracking the dynamics of crop 
coefficient which is a key parameter for accurate 
estimation of crop water use. This study revealed the 
application of IrriSAT in estimating actual crop water 
demand promptly on cloud–based platform in various 
types of irrigation schemes in Thailand. In addition, the 
calibration procedures to find the adjusted factors of 
dynamic crop coefficients estimated by IrriSAT were also 
envisaged. The results show that the cloud–based IrriSAT 
application can deliver the explicit variability on monthly 
and yearly crop water demands in these three sorts of 
irrigation schemes which represent the pumping, 
gravitational and inundated irrigation in GCPYIS. In 
addition, it can be used for crop water demand estimation 
particularly in small to large scale irrigation areas. 
Importantly, it is very helpful for the water resources 
planners to identify affordable water delivery and to 
improve the irrigation efficiency at the field scale 
corresponding to the dynamic values of estimated crop 
water demand and water supply status. 
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(a)  Bang Bal 

 

 
(b)  Thabua 

 

 
(c) Yom–Nan 

 
Figure 9 Patterns of monthly ETc values from 2015 to 2020 in each irrigation project 

 
Table 5 Yearly crop water requirement values from 2015 to 2020 

 

Year Crop Water Requirement, ETc (MCM) 
Bang Bal (BB)–Pumping Thabua (TB)–Gravitation Yom–Nan (YN)–Inundation 

Kc–IrriSAT 
Adjusted 

Average Kc–RID Kc–IrriSAT 
Adjusted 

Average Kc–
RID 

Kc–IrriSAT 
Adjusted 

Average Kc–
RID 

2015 157.83 146.23 163.34 151.90 413.24 394.47 
2016 153.20 148.46 165.41 178.92 319.60 366.20 
2017 218.61 195.91 291.79 275.60 487.18 501.78 
2018 222.21 193.22 310.28 289.91 535.16 526.37 
2019 190.35 179.70 315.26 307.44 525.43 516.58 
2020 121.00 120.62 153.39 165.03 376.51 398.45 
Avg. 177.20 164.02 233.25 228.13 422.85 450.64 
SD. 40.06 30.19 79.94 70.11 86.92 71.70 
Var. 1,604.65 911.53 6,390.70 4,914.90 7,554.81 5,141.48 
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Abstract 
Hydroelectricity production is being impacted by climate change due to the considerable changes in water availability 

of reservoir system and dam release. This study aims at evaluating the response of energy production of the Bhumibol 
dam through the reservoir re–operation system with non–engineering adaptation measures due to climate change. Re–
operating the Bhumibol (BB) dam with adapted rule curve and modelling exercise with MIKE11 to predict series of 
reservoir inflow were conducted under RCP4.5 and RCP8.5 climate change scenarios. The adapted rule curves of BB 
dam were established by either increasing or lowering the upper and lower rule levels of 0.5 meters from the rule curves 
which were developed by EGAT in 2012. In addition, the standard operation policy was applied to specify the amount 
of water release corresponding to the adapted rule curves established. The water balance–based reservoir re–operation 
model was developed using MATLAB Simulink Toolbox for short–term simulation from 2012 to 2018. Influence of 
climate change on the seasonal and yearly reservoir inflows were considerably investigated. In addition, the relation of 
current and projected inflows, and the response of dam release and hydroelectric production of BB dam were then 
evaluated. The results of the short–term simulation from 2012 to 2018 show that dam release is likely to be increased 
corresponding to the high variability of projected inflows. Therefore, the seasonal and yearly hydroelectricity production 
are accordingly increased when re–operating dam under RCP4.5 and RCP8.5 inflows. It is found that the yearly 
hydroelectricity production with RCP4.5 and RCP8 inflows are about 52% and 30% respectively higher than the current 
inflow. It is also revealed that re–operating dam with the different types of adapted rule curves does not alter the volume 
of released water and energy production generated from the reservoir radically because the standard operating rules were 
adopted for all adapted rule curves. Importantly, the study on the adaptation measures to climate change would help 
increase understanding of necessity of new operational rules for dam and reservoir re–operation to cope well with 
instability of reservoir water supply for sustainable hydropower production in future. 
 
Keywords: Adapted Rule Curve, Climate Change, Hydroelectricity, Water Balance–based Simulation Model. 
 

1. INTRODUCTION 

Great attention has been paid to climate change for 
few decades as it has caused serious impact on water 
resources management and responses to the natural 
disasters. The climate change has drastically altered the 
frequency and intensity of extreme rainfall creating large 
uncertainty of water availability in hydrologic cycle and 
occurrences of unprecedented huge floods and prolonged 
droughts (Kundzewicz et al., 2014). Moreover, the 
changes in rainfall patterns and streamflow discharges 
may adversely impact the efficiency of hydropower 
generation (ASEAN Development Bank, 2012; Goyal & 

Surampalli, 2018). Therefore, the dam and reservoir 
operation practices have to be re–examined and 
efficiently improved through adaptation measures based 
upon the rational and up–to–date information. For 
hydroelectric dam, the non–engineering adaptation 
measures such as re–operating reservoir with the new 
operating rules, improving the predictability of 
hydrological data, and developing the localized regional 
climate model to suggest the operational changes in 
reservoir management, can be very useful and need to be 
more explored for applications (Jia, 2016). 
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Most of the reservoirs in Thailand have been designed 
to serve multiple water uses such as irrigation, 
municipality, ecology, and hydropower generation. As 
the demand for electricity has become more competitive 
due to a massive increase in population and human being, 
a large number of small to large hydropower plant 
development projects has been established by aiming to 
effectively support the electricity requirement and to 
manage the renewable energy sources (Aroonrat & 
Wongwises, 2015; Punarai et al., 2015). Therefore, the 
attempt to re–operate the dam and reservoir system under 
climate change and to evaluate the response to energy 
production was made in this study by selecting Bhumibol 
dam as the study area. 

 

 
Figure 1 Bhumibol dam in the Greater Chao 

Phraya River Basin (GCPYRB) 
The Bhumibol (BB) dam is a multipurpose dam built 

across the Ping River in the northern elevated plain of 
Thailand as shown in Fig.1. It is the major source of water 
supply in the Greater Chao Phraya River Basin 
(GCPYRB). GCPYRB is termed for this study to describe 
the principal river basin cluster for cooperative 
management of water resources in the central region of 
Thailand covering Ping, Wang, Yom, Nan, Pasak, Sakae 
Krang, and Tha Chin River basins with the total area of 
138,977 km2. The Bhumibol dam has been jointly 
operated with Sirikit (SK) and Khwae Noi Bumrung Dan 
(KNB) dams not only to supply water for national 
domestic, agricultural, industrial uses, as well as the 
ecological needs downstream, but also for hydropower 
production to supply electric power in the nearby region. 
The hydropower plant of Bhumibol dam has been built 

since 1961 and enlarged to the total installed capacity of 
779.2 MW in 1991 with the average energy of 1,037 
GWHr/yr (Thongthamchart & Raphitphan, 2016). The 
Electricity Generating Authority of Thailand (EGAT) is 
a key institutional operator responsible for dam and 
reservoir operation and hydroelectricity production.  

In this study, the relation of reservoir inflow, dam 
release and hydroelectric production of BB dam which is 
altered by the climate change impact and the 
consequences of reservoir operation policy undertaken, 
are considerably investigated through the development of 
reservoir re–operation model using the adapted rule 
curves. The adapted rule curves were generated by 
increasing and lowering the levels of upper rule curve 
(URC) and lower rule curve (LRC) of ±0.5 m from 
existing rule curve established by EGAT in 2012 (Kyaw 
et al., 2022). The long–term response of energy 
production among the current and future climate change 
scenarios were examined and tested using statistical 
procedure to exhibit the statistical differences of obtained 
energy as the results of reservoir re–operations and 
climate change. 
 

2. METHODOLOGY 

In this study, the projection of reservoir inflow of BB dam 
was carried out through the platform of MIKE11 Zero. 
MIKE11 RR NAM Model and MIKE11 HD, the 
physically–lumped model, were adopted for rainfall–
runoff simulation into Ping River Basin. Prediction of 
rainfall and evaporation under climate change scenarios 
was implemented based on the simulation of EC–EARTH 
under RCP4.5 and RCP8.5 scenarios regionally 
downscaled by RegCM4 with 25 km x 25 km grid size 
over the study area (Tabucanon et al., 2021). The 
projected inflow of BB dam was then generated for five 
periods namely, 2000–2020 (baseline), 2021–2040, 
2041–2060, 2061–2080 and 2081–2099. However, the 
baseline period was only used for this study due to time 
duration of the available historical record. The water 
balance–based reservoir re–operation model was then 
developed using MATLAB Simulink Toolbox, as 
typically shown in Fig.2. 
 

 
 

Figure 2 Water balance–based reservoir re–operation 
model using adapted rule curve 

 

Legend 
WL = Reservoir Water Level 
NHWL = Normal High-Water Level 
URC = Upper Rule Curve 
LRC = Lower Rule Curve 
MPL = Minimum Pool Level 
MWr = Minimum Water Requirement 



NUEJ 
Naresuan University  
Engineering Journal 

 

Naresuan University Engineering Journal, Vol. 17, No. 2, July – December 2022, pp. 38-46 40 

To emphasize the response of energy production 
when altering the reservoir operating policy under impact 
of climate changes, the adapted rule curves of BB dam 
which were modified from the rule curve established by 
EGAT in 2012, were used. The daily short–term 
simulation based upon the associated reservoir data were 
then performed from 2012 to 2018 under current and 
projected inflows. Identifying the water demand for BB 
dam was referred to yearly water allocation plan to reach 
all the water use sectors in GCPYRB. Water supplied to 
the target demand nodes was shared by BB and SK dams 
in the proportion of 0.44:0.56 (Tabucanon et al., 2021).  

In the final step, the potential hydropower energy 
under current and future RCP 4.5 and RCP8.5 inflows 
were investigated to envisage the statistical difference of 
obtained energy by using ANOVA statistical procedure 
(St & Wold, 1989). 
 
2.1 Adapted Rule Curve–Based Reservoir Re–operation 
Model 

The reservoir rule curve is regarded as the common 
tool to provide useful guidance in the decision–making 
process of dam release. In this study, the adapted rule 
curve–based reservoir re–operation model for BB dam 
was established based on the existing rule curve 
developed in 2012 by EGAT. To accomplish the 
modelling practice for reservoir re–operation, four main 
scenarios of adapted rule curve were generated by 
increasing and lowering the water storage levels of upper 
rule curves (URC) and lower rule curves (LRC) of ±0.5 
meters from the existing rule curve. The reservoir 
operating policies were set up in accordance with the 
standard operating policy (SOP) (Neelakantan & 
Sasireka, 2013; Kangrang et al., 2018) aiming to reduce 
the risk of unmanageability of reservoir operation system 
to handle with water deficit and flood while maximizing 
potential hydroelectricity production over the specific 
time periods. The water release from the reservoir is 
specified as the same amount of target demand when the 
reservoir storage is between LRC and URC. However, the 
water can only be released with the minimum water 
requirement of 5 million cubic meter per day (MCM/day) 
when the reservoir storage is lower than LRC. In case of 
reservoir storage is higher than URC, the reservoir water 
release is accordingly based on the conditions of 
excessive water and maximum turbine discharge of the 
hydropower system. The total amount of the water 
storage above normal high–water level (NHWL) is 
specified as a spilled water when the water level is above 
NHWL. Moreover, the reservoir water could not be 
released in case of the reservoir storage is lower than 
minimum pool level (MPL) as shown in Fig.3. 

 
2.2 Estimation of Hydroelectricity Production 

To simulate hydroelectricity production as a result of 
water release when re–operating with adapted rule curve, 
the water balance–based approach (Carvajal et al., 2017). 

was applied in accordance with the current and projected 
inflows as shown in Eq. (1). 

 
St+1 = St + It – Et – Rt                                              (1) 

 

 
 

Figure 3 Application of standard reservoir 
operating policy with rule curves 

 
where St+1 represents the water storage of the reservoir 

at time step t+1; St is the initial storage of the reservoir at 
time step t; It is the reservoir inflow volume at time step t; 
Et is the evaporation loss from the reservoir at time step t; 
and Rt is the water release volume or the reservoir outflow 
discharging into the hydropower turbines. St is 
constrained by the maximum water storage (Smax) and 
minimum water storage (Smin), which dynamically 
changes due to the associated reservoir data and amount 
of water release specified by adapted rule curves. The 
relationship between water storage and water level can be 
found using reservoir water level–area–capacity curve. Rt 

is determined by the water balance–based reservoir 
operation model developed using MATLAB Simulink 
Toolbox. Finally, daily hydropower electricity output of 
Bhumibol dam can be computed using Eq. (2). 

 
E = gQHt                                                            (2)  
 
where, E is the daily electricity output in kilowatts 

hour (KWHr). η is the overall efficiency of the 
hydropower plant in percentage, ρ is the water density 
(1,000 kg/m3), g is the acceleration of gravity which is 
9.81 m/s2. Q represents the reservoir outflow discharging 
through the hydropower turbines (m3/s). H is the 
hydraulic head (m) which can be calculated by the 
difference in height between the headwater level in the 
reservoir and tail water level downstream of the dam. t is 
the number of working hours for power generation over 
the specified time periods. 

 

2.3 Statistical Analysis of Hydroelectricity Production 
Using ANOVA–Test 

The energy production performed by the existing and 
adapted rule curves under the current and projected 
inflows were tested using one–way analysis of variance 
(ANOVA) test to determine whether there is a significant 
difference between the means of two energy dataset 
(Davis & Mukamal, 2006; Raftery et al., 1995; Labovitz, 

Legend 
NHWL = Normal High-Water Level 
URC = Upper Rule Curve 
LRC = Lower Rule Curve 
MPL = Minimum Pool Level 
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1970). In the other words, ANOVA–test, which is a 
parametric test of difference, was used to describe 
whether impact of climate change has an effect on the 
potential energy production at level of significance (α) of 
0.05. 

 
3. RESULTS AND DISCUSSION 

3.1 Influence of Climate Change on the Seasonal and 
Yearly Reservoir Inflows 

To emphasize on the influence of climate change on 
the seasonal and yearly inflows of Bhumibol dam, the 
long–term recorded inflow and projected inflow 
performed by MIKE11 were investigated and compared. 
It is found from recorded inflow that the average yearly 
inflow of the BB reservoir from 1969 to 2018 is 
approximately 5,694 MCM/yr. More than 80% of the 
total inflow is contributed to BB dam in wet season 
(May–Oct, WS) and the remaining is occurred in dry 
season (Nov–Apr, DS). Table 1 and Fig.4 also indicate 
that the long–term projected yearly inflow into BB dam 
under RCP4.5 and RCP8.5 tends to be decreased 
predominantly for all the specific time periods except in 
2041–2060. In comparison with the baseline period 
(2000–2020), RCP4.5 scenario exhibits the increase in 
inflow in dry season (Nov–Apr) by +0.07%, +10.00%, 
+15.42% and +6.25% in 2021–2040, 2041–2060, 2061–
2080 and 2081–2099, respectively. However, the 
opposite results are obviously found in wet season (May–
Oct) as the change are expected to be –10.44%, +9.60%, 
–13.01% and –2.63%. For RCP8.5 case, the potential 
increase in inflow in dry season (Nov–Apr) is +8.14%, 
+8.15% and +22.71% in 2041–2060, 2061–2080 and 
2081–2099, respectively except in 2021–2040 period 
showing the decrease in inflow by –5.03% deviated from 
the baseline period. Similarly, the percentage change in 
projected inflow in wet season (May–Oct) is fluctuated 
around the baseline by –4.68%, +20.17%, –10.13% and 
+18.04% in 2041–2060, 2061–2080 and 2081–2099, 
respectively. The results indicate considerable variations 
in the seasonal and yearly patterns of reservoir inflow 
which are key factor influencing the complexity and 
effectiveness of reservoir management in both the current 
and future operations. 

 
 

 
Figure 4 Projected changes in average seasonal and yearly 

reservoir inflows of Bhumibol dam 
 

3.2 Response of Reservoir Water Release When Re–
operating with Adapted Rule Curves under Climate 
Change Scenarios 

As aforementioned, the average long–term yearly 
inflow of the Bhumibol dam is projected to significantly 
decrease under climate change scenarios (RCP4.5 and 
RCP8.5). However, in this study the simulation run of 
reservoir re–operation model was implemented using the 
short–term dataset from 2012 to 2018 since the rule 
curves has been established in 2012 by EGAT. It is 
noticeable that the average values of projected inflows 
from 2012 to 2018 are 6,358 and 5,168 MCM/yr for 
RCP4.5 and RCP8.5, respectively which are much higher 
than the current inflow of 4,269 MCM/yr as shown in 
Fig.5. These average values of projected inflows from 
2012 to 2018 appear largely inconsistent with the average 
values of 5,280 and 5,205 MCM for RCP4.5 and RCP8.5 
from 2000 to 2020, and 5,694 MCM from historical 
record from 1969 to 2018 due to the occurrences of 
extreme flow events in two consecutive years in this 
region creating severe flood in 2011 and handling flood 
risk in 2012. This reflects that climate change has 
significantly created the serious impact on the large 
variation of reservoir inflow for both short– and long–
term data. The increase in projected inflows from 2012 to 
2018 could lead to the increase in the seasonal and yearly 
release volumes from reservoir as expressed in Table 2 
since determination of amount of reservoir release is 
substantially subject to the total inflow. The Fig.5 and 
Fig. 6 show strong correlation between the reservoir 
inflow and water releases when existing rule curve and 4 
scenarios of adapted rule curves were employed. It 
exhibits that releasing water from BB dam is not only 
based on the conditions of available water storage and 
target water demand but also significantly subject to the 
extent of incoming inflows. Therefore, for the RCP4.5 
and RCP8.5 inflow cases, the seasonal and yearly releases 
are relatively higher than water release for the current 
inflow case. It is also found that the released water in dry 
season is higher than in wet season for all scenarios. 
However, altering the operating rule curves by increasing 
and lowering the levels of ±0.5 meters while the same 
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standard rules were applied, shows the slight differences 
in terms of seasonal and yearly release volumes from the 
reservoir system. Moreover, monthly water shortage is 
not existed for the current and projected inflows scenarios 
when re–operating with adapted rule curves from 2012 to 
2018. Importantly, even the huge amount of water release 
in wet season obtained from RCP4.5 and RCP8.5 inflow 

scenarios is profoundly noticed, however, the maximum 
values of dam releases in wet season are 3,018 and 2,234 
MCM for RCP4.5 and RCP8.5 inflow scenarios, 
respectively which are definitely associated with the 
water allocation plan specified in normal operation 
periods. 

 
Table 1 The recorded and projected reservoir inflows of Bhumibol dam for the specified time periods 
 

Month 
Recorded 

Inflow 
(MCM) 

Projected Inflow under RCP4.5 (MCM) Projected Inflow under RCP8.5 (MCM) 

Periods 1969– 
2018 

2000–
20201/ 

2021–
2040 

2041–
2060 

2061–
2080 

2081–
2099 

2000–
20201/ 

2021–
2040 

2041–
2060 

2061–
2080 

2081–
2099 

Jan 132.20 117.25 116.49 125.56 127.85 130.11 118.11 112.31 132.20 136.68 133.59 
Feb 59.08 71.31 69.96 75.19 72.42 73.30 71.08 69.09 80.57 77.40 82.20 
Mar 38.02 60.30 55.07 65.30 140.95 55.70 57.73 52.50 61.79 58.17 62.97 
Apr 48.12 56.24 81.80 72.12 76.07 65.92 65.53 46.95 54.80 47.89 105.81 
May 247.46 227.58 328.21 403.26 281.83 264.96 243.73 240.15 264.25 106.10 339.54 
Jun 317.08 425.75 288.30 657.90 356.29 465.86 403.38 355.65 429.98 251.00 444.47 
Jul 379.35 428.09 378.96 414.31 342.98 428.75 440.60 278.99 455.13 299.64 548.93 

Aug 923.49 726.06 584.56 707.69 672.31 651.17 563.78 576.64 1,302.83 662.55 994.77 
Sep 1,504.04 1,351.93 1,185.17 1,420.61 1,061.18 1,342.31 1,418.73 1,207.00 1,461.26 1,243.92 1,438.88 
Oct 1,209.42 1,264.98 1,197.26 1,245.40 1,134.31 1,154.85 1,285.25 1,493.23 1,320.32 1,351.16 1,374.54 
Nov 590.14 352.97 348.38 398.26 359.56 385.30 345.57 332.92 382.38 397.67 420.61 
Dec 245.24 197.31 184.27 204.51 210.40 198.50 191.29 192.82 206.67 200.65 236.97 

Yearly 5,693.64 5,279.77 4,818.43 5,790.10 4,836.15 5,216.72 5,204.77 4,958.25 6,152.17 4,832.84 6,183.27 
%   (–8.74) (+9.67) (–8.40) (–1.19)  (–4.74) (+18.20) (–7.15) (+18.80) 
DS 1,112.80 855.37 855.99 940.93 987.26 908.83 849.30 806.59 918.40 918.47 1,042.14 
%   (+0.07) (+10.00) (+15.42) (+6.25)  (–5.03) (+8.14) (+8.15) (+22.71) 
WS 4,580.84 4,424.40 3,962.44 4,849.17 3,848.89 4,307.89 4,355.47 4,151.66 5,233.77 3,914.36 5,141.13 
%   (–10.44) (+9.60) (–13.01) (–2.63)  (–4.68) (+20.17) (–10.13) (+18.04) 

Remark: 1/ baseline period 
 
Table 2 Seasonal and yearly water release when re–operating with adapted rule curves from 2012 to 2018 
 

Types 
of 

Inflow 

Reservoir Water Release (MCM) 

Existing Rule 
Curve 

(+0.5 m) URC (–0.5 m) URC (+0.5 m) LRC (+0.5 m) LRC 

DS WS Yearly DS WS Yearly DS WS Yearly DS WS Yearly DS WS Yearly 

Current 2,632 1,702 4,334 2,632 1,702 4,334 2,632 1,700 4,332 2,632 1,700 4,332 2,632 1,703 4,335 
RCP 4.5 3,008 3,019 6,027 3,018 2,985 6,003 3,000 3,049 6,048 3,009 3,018 6,027 3,021 3,006 6,027 
% (+14) (+77) (+39) (+15) (+75) (+39) (+14) (+79) (+40) (+14) (+77) (+39) (+15) (+77) (+39) 

RCP 8.5 2,869 2,224 5,093 2,859 2,222 5,082 2,851 2,261 5,111 2,861 2,234 5,094 2,861 2,234 5,094 
% (+9) (+31) (+18) (+9) (+31) (+17) (+8) (+33) (+18) (+9) (+31) (+18) (+9) (+31) (+18) 

Remark: 1/ the different values compared with the current inflow case 
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Table 3 Seasonal and yearly hydroelectricity production when re–operating with adapted rule curves from 2012 to 2018 
 

Types of 
Inflow 

Hydroelectricity Production (GWhr) 

Existing Rule Curve (+0.5 m) URC (–0.5 m) URC (+0.5 m) LRC (+0.5 m) LRC 

DS WS Yearly DS WS Yearly DS WS Yearly DS WS Yearly DS WS Yearly 

Current 660 377 1,037 660 377 1,037 659 376 1,035 660 377 1,036 660 377 1,037 

RCP 4.5 788 789 1,577 793 782 1,575 784 794 1,578 788 789 1,577 791 786 1,577 

% (+19) (+109) (+52) (+20) (+108) (+52) (+19) (+111) (+52) (+19) (+109) (+52) (+20) (+109) (+52) 

RCP 8.5 781 568 1,349 780 569 1,349 775 576 1,351 779 571 1,349 778 570 1,348 

% (+18) (+51) (+30) (+18) (+51) (+30) (+17) (+53) (+30) (+18) (+52) (+30) (+18) (+51) (+30) 

Remark: 1/ the different values compared with the current inflow case 
 
Table 4 Results of ANOVA test for the daily energy performed various reservoir re–operation models 

 

Re–operation Diff. Source of Variation Sum of Square Degree of Freedom Mean Squared F p–value F critical 

Existing Rule 
Curve 

 

Between Groups 2798714108 1 2.799E+09 151.8326 2.11E–34 3.8433 

Within Groups 94228936748 5112 18432891    

Total 97027650856 5113     

 

Between Groups 936810177.7 1 936810178 79.3998 6.94E–19 3.8433 

Within Groups 60314713786 5112 11798653    

Total 61251523963 5113     

(+0.5 m) 
URC 

 

Between Groups 2776119189 1 2.776E+09 150.2820 4.51E–34 3.8433 

Within Groups 94432634805 5112 18472738    

Total 97208753994 5113     

 

Between Groups 935875162.3 1 935875162 79.3168 7.23E–19 3.8433 

Within Groups 60317542813 5112 11799206    

Total 61253417975 5113     

(–0.5 m) 
URC 

 

Between Groups 2824975555 1 2.825E+09 153.5799 9E–35 3.8433 

Within Groups 94031007217 5112 18394172    

Total 96855982772 5113     

 

Between Groups 954884620.2 1 954884620 80.6869 3.65E–19 3.8433 

Within Groups 60497651904 5112 11834439    

Total 61452536524 5113     

(+0.5 m) LRC 

 

Between Groups 2800368148 1 2.8E+09 151.9171 2.03E–34 3.8433 

Within Groups 94232199964 5112 18433529    

Total 97032568113 5113     

 

Between Groups 938147770.1 1 938147770 79.5401 6.47E–19 3.8433 

Within Groups 60294268970 5112 11794654    

Total 61232416740 5113     

(–0.5 m) LRC 

 

Between Groups 2799519087 1 2.8E+09 151.9133 2.03E–34 3.8433 

Within Groups 94205960025 5112 18428396    

Total 97005479113 5113     

 

Between Groups 927441951.2 1 927441951 78.9799 8.55E–19 3.8433 

Within Groups 60029006055 5112 11742763    

Total 60956448006 5113     

    Remark:  = the difference between current inflow and projected RCP4.5 case 
  = the difference between current inflow and projected RCP8.5 case 

F = F–statistic value representing how much the variability among the means exceeds that expected one 
F critical = value of the F–statistic at the threshold probability α of mistakenly rejecting a true null hypothesis 
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Figure 5 Relation of average reservoir water release 
with the current and projected inflows from 

2012 to 2018 when existing rule curve was employed 

Figure 6 Average seasonal and yearly water releases 
when re–operating with adapted rule curve 

under RCP4.5 and RCP8.5 inflows from 2012 to 2018 

3.3 Response of Hydroelectricity Production When Re–
operating with Adapted Rule Curves under Climate 
Change Scenarios 

In principle, the potential hydroelectricity production 
is relatively subject to the volumetric released water, 
hydraulic heads and overall efficiency of hydropower 
plant. As the dam release from 2012 to 2018 is likely to 
be increased due to the high variability of projected 
inflow, therefore, the seasonal and yearly hydroelectricity 
production are obviously increased when re–operating 
dam under RCP4.5 and RCP8.5 inflows. The yearly 
energy amounts to 1,037 GWhr for the current inflow 
when re–operating reservoir with the existing rule curve. 
By comparing with the current inflow case, the yearly 
energy is expected to increase of 52% and 30% under 
RCP4.5 and RCP8.5 scenarios when the existing rule 
curve is employed. However, there is no significant 
differences when changing the operating policy by the 
adapted rule curve as expressed in Table 3 and Fig. 7. The 
response of hydraulic head for hydropower generation 
was also investigated in this study as shown the results in 
Fig.8. It is revealed that the average values of monthly 
hydraulic head under RCP4.5 and RCP8.5 scenarios are 
higher than the current inflow case, leading to the 
increasing in energy production over the simulation time 
periods.  

 
3.4 ANOVA Test for Hydroelectricity Production under 
Climate Change Scenario   

The impact of climate change on the potential energy 
production of BB dam was re–diagnosed through the 
analysis of ANOVA–test to compare the means of energy 
when re–operating reservoir under the current and 
projected inflows. The results in Table 4 obviously show 
a significant difference between the means of two energy 
dataset at level of significance (α) of 0.05 when existing 
and adapted rule curves were employed. This implies that 
the changes in the extent of reservoir inflow and volume 

of released water due to impact of climate change would 
influence to the potential energy production in future. 

 

Figure 7 Average seasonal and yearly hydropower 
generation when re–operating with 

adapted rule curve under climate change scenarios 

 
 

Figure 8 Response of average hydraulic head for 
hydropower generation under climate change scenarios 
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4. CONCLUSION 

Hydroelectric generation is sensitively affected by the 

changes in water availability of the reservoir system and 

dam release. Based on the short–term simulation of BB 

dam from 2012 to 2018, dam release is likely to be 

increased corresponding to the high variability of 

projected inflow. Therefore, the seasonal and yearly 

hydroelectricity production are significantly increased 

when re–operating dam under RCP4.5 and RCP8.5 

inflows. It is also revealed that re–operating dam with the 

different types of adapted rule curves does not alter the 

volume of released water and energy production 

generated from the reservoir radically because the 

standard operating rules were adopted for all adapted rule 

curves. However, the further study on the adaptation 

measures to climate change would help increase 

understanding of necessity of new operational rules for 

dam and reservoir re–operation to cope well with 

instability of reservoir water supply in future. 
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Abstract 

This research aimed to analyze the severity level of drought by using the Standardized Precipitation Index (SPI)  
in the Eastern Economic Corridor (EEC). The six meteorological stations, Bangkok Metropolis, Chanthaburi, 
Chonburi/Sattahip, Koh Sichang, Pattaya, and Khao Ito, over 30 years data from 1988 to 2017, were used in this research.  
The three patterns of moving cumulative rainfall of 3, 6, and 12 months were used to estimate the indices of SPI3, SPI6, 
and SPI12, respectively. As a result, the averaged values of 3 patterns of SPI ranged from 0.035 to 0.180, which was 
interpreted as a level of near normal. The maximum and minimum values of the SPI could experience drought conditions 
in both severe to extreme drought and wet. However, the results demonstrated that more than 62 % of the SPI ranged 
near normal. The value of SPIs approximated moderate to extreme droughts below 17 %. The results of this research 
could be a part of the information to support water management in the study area to develop a suitable plan to mitigate 
the effect of drought in the future. 
 
Keywords: Drought, Eastern Economic Corridor, Rainfall, Standardized Precipitation Index. 
 

1. INTRODUCTION 

Drought was a natural disaster in Thailand that hugely 
impacted and damaged various sectors. During the past  
20 – 30 years (1989 – 2013), many provinces suffered in 
drought throughout the country (Wichitarapongsakun et 
al.,2016). The drought process affected water shortage in many 
activities, such as water supply, agriculture, and industry, for a 
long time (Damberg and AghaKouchak, 2014). Drought could 
be divided into four categories: meteorological, hydrological, 
agricultural, and socioeconomic droughts; each drought was 
related to and affected each other (Wilhite and Glantz, 1985). 
Thailand was prone to droughts in two periods: (1) winter to 
summer in the second half of October onwards in a drought 
manner and (2) in the middle of the rainy season (late June to 
July) in a precipitation deficit (Hydro-Informatics Institute, 
2012, Thai Meteorological Department, 2016). The drought 
resulted from the northeast and southwest seasonal monsoons. 
In addition, the Enzo phenomenon caused climate variability in 
precipitation deficit that affected water supply problems 
(Thanapakpawin et al., 2011). The severity level of drought can 
be assessed from several drought indices, which were widely 
used in foreign countries and Thailand, such as Effective 
Drought Index (EDI), Generalized Monsoon Index (GMI), 
Standardized Precipitation Index (SPI), Normalized Difference 
Vegetation Index (NDVI), Palmer Drought Severity Index 
(PDSI), Etc. (Thai Meteorological Department, 2012, Pinthong 
and Kwanyuen, 2016, Adisa  et al., 2021). The Standardized 
Precipitation Index (SPI) was one of the most widespread 
drought indices used to analyze the severity level of drought 
abroad, such as the analysis of drought levels in South Africa 
with SPI and EDI indices (Adisa  et al., 2021), comparison of 

drought indices between SPI and SPEI in Mongolia china (Pei 
et al., 2020), analysis of future drought indices in RCP8.5 cases 
with SPI and EDI in the Langat basin, Malaysia (Huang et al., 
2016), Etc. Including the analysis of drought indices in 
Thailand, such as the analysis of drought levels with the SPI in 
the Sakae Krang river basin (Wichitarapongsakun et al., 
2016,Wichitarapongsakun et al.,2017), the lower Mae Klong 
river basin (Madusanka and Venkataramana, 2017), the Huai 
Ko Kaeo sub-basin of the Pasak river basin (Wichitarapongsakun, 
2015), Ping River Basin (Chaito and Khamkong, 2020), 15 areas 
of the north (Kaingam and Chotamonsak, 2019), comparison of 
SPI, SPEI and SPAEI analysis results in the Chi river basin 
(Homdee et al., 2016), Etc. The SPI could be analyzed over 
several periods from 1 to 72 months. The meaning of SPI3 and 
SPI6 are used for the analysis of drought that occurs during the 
crop season, and SPI12 is used for the study of change in 
drought during the year (Mckee et al., 1993, Thai 
Meteorological Department, 2012, Sriwongsitanon, 2015). 

The Eastern Economic Corridor (EEC) is an essential area for 
the economic development of Thailand. This study aims to 
support water resource management between surface water and 
groundwater (Conjunctive use) integrated into the water 
management system. To be suitable for water supply and demand 
according to the drought conditions in the study area  That is 
established to enable Thailand to develop economically into a 
high-income country and the developed countries according to 
the 20-year National Strategic by focusing on enhancing the 
competitiveness of the manufacturing and service sectors in the 
industrial sector and increasing the capacity of reservoirs and 
allocating water to support the increasing trend of water demand 
(The Eastern Economic Corridor Office of Thailand, 2018). 
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The research objective was to analyze the severity level 
of drought using the Standardized Precipitation Index (SPI) 
based on six meteorological stations covering the area of 
the Eastern Economic Corridor in 3 patterns, including 
SPI3, SPI6, and SPI12. The purpose of this research was to 
study the nature, severity, and frequency of droughts in 
Thailand in the study area for 30 years (1988 – 2017), 
which will be one of the components of information 
supporting water management such as rainfall, runoff, 
water demand, water balance, Etc. 
 

2. DATA AND METHOD 

2.1 Study Area 
Eastern Economic Corridor (EEC) is located in 

eastern Thailand, which is established to enable Thailand 
to develop economically into a high-income country and 
the developed countries according to the 20-year National 
Strategic by focusing on enhancing the competitiveness 
of the manufacturing and service sectors in the industrial 
sector and increasing the capacity of reservoirs and 
allocating water to support the increasing trend of water 
demand (The Eastern Economic Corridor Office of 
Thailand, 2018). The EEC had an area of approximately 
13,266 sq. km and covered three provinces: 
Chachoengsao, Chonburi, and Rayong. (Figure 1) 

 
2.2 Rainfall data 

Observed rainfall data in this research were collected from 
six meteorological stations of the Thailand Meteorological 
Department (TMD). That was the neighborhood of the three 
provinces in the area of the EEC to cover the context of the 
drought situation covering the study area, consisting of 
Bangkok Metropolis, Chanthaburi, Chonburi/Sattahip, Koh 
Sichang, Pattaya, and Khao Ito (Table 1 and Figure 1), during 
the years 1998 – 2017 (30 years). The Double-mass curve 
method was used to verify the consistency of cumulative annual 
rainfall at six stations (Wichitarapongsakun et al., 2016, 
Taesombat, 2012). 

 The average annual rainfall of the six meteorological 
stations ranged between 1,110.17 – 2,959.62 mm/year. 
The maximum value was 4,028.06 mm/year in 2006 at 
the Chanthaburi station. The minimum value was 708.23 
mm/year in 1993 at the station of Pattaya. 

 
2.3 Standardized Precipitation Index (SPI) 

  The standardized Precipitation Index (SPI) was 
developed to analyze the severity level of drought based 
on cumulative rainfall for interest (Mckee et al., 1993).  
The SPI could be studied over several periods from 1 month 
to 72 months, allowing water supply estimates from short to 
long periods. The SPI period was selected with sufficient 
rainfall to affect the five types of water resources:  
soil moisture, Groundwater level, stream, reservoir storage, 
and snow. A short period of 3 and 6 months was 
recommended for the growing season, and a more extended 
period of 12 and 24 months for the changing of drought 
during the year.  

Generally, precipitation had a Gamma Distribution 
function (Mckee et al., 1993). However, since the 
determination of the SPI requires cumulative rainfall, it was 
determined using the Cumulative probability Density 
Function (CDF), then transformed to a standard normal (Z) 
with a mean of 0 and variance of 1. The SPI can analyze the 
severity level of drought or humidity of rainfall in each area. 
For equations (1) to (6) show in this paper and more detail, refer 
to reference reports and research articles (Thai Meteorological 
Department, 2012, Sriwongsitanon, 2015). 

The cumulative probability Density Function (CDF) 
is Shown as Equation (1). 

𝐺(𝑥) =
ଵ

୻(ఈෝ)
∫ 𝑡ఈෝିଵ𝑒ି௧𝑑𝑡
௫

଴
  (1) 

In a month where no rain was reported When x = 0, 
the cumulative density function must be converted to 
Equation (2). 

𝐻(𝑥) = 𝑞 + (1 − 𝑞)𝐺(𝑥)  (2) 
Where q is the number of non-rainy days (m) divided 

by the number of days studied (n), and G(x) is the 
Cumulative probability Density Function (CDF). 

The SPI index can be calculated from Equation (3) 
and Equation (4) as follows: 

𝑍 = 𝑆𝑃𝐼 = −ቀ𝑡 −
௖బା௖భ௧ା௖మ௧

మ

ଵାௗభ௧ାௗమ௧మାௗయ௧య
ቁ (3) 

 
Where 0 < H(X) ≤ 0.5 

𝑍 = 𝑆𝑃𝐼 = +ቀ𝑡 −
௖బା௖భ௧ା௖మ௧

మ

ଵାௗభ௧ାௗమ௧మାௗయ௧య
ቁ (4) 

Where 0.5 > H(X) < 1 
where (t) can be obtained from Equation (5) and 

Equation (6). 

𝑡 = ටln ቀ
ଵ

(ு(௫))మ
ቁ  (5) 

Where 0 < H(X) ≤ 0.5 

𝑡 = ටln ቀ
ଵ

(ଵ.଴ିு(௫))మ
ቁ (6) 

Where 0.5 > H(X) < 1 
Where C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, 

d1 = 1.432788, d2 = 0.189269 and d3 = 0.001308

 
Figure 1 Study area and Average annual rainfall 
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Table 1 Meteorological stations data and Average annual rainfall for 30 years (1988 – 2017) 
 

Stations ID Stations name Latitude Longitude Mean Maximum Minimum 
484550 Bangkok Metro. 13.73333 100.56667 1,730.50 2,783.18 985.77 
484800 Chanthaburi 12.60000 102.11667 2,959.62 4,028.06 1,509.01 
484590 Chonburi/Sattahip 13.36667 100.98333 1,367.00 2,110.24 836.17 
484600 Koh Sichang 13.16667 100.80000 1,162.46 1,682.17 865.28 
484610 Pattaya 12.91667 100.86667 1,110.17 1,655.96 708.23 
484300 Khao Ito 14.07776 101.37988 1,735.55 2,581.20 1,189.48 

 
The percentage of drought occurrences of SPI 

equations (3) and (4) can be classified as the drought 
classification level criterion, as shown in Table 2. 

 
Table 2 Drought classification according to the SPI 

 

Category SPI 
Extreme drought < -2.00 
Severe drought -1.50 to -1.99 
Moderate drought -1.00 to -1.49 
Near normal -0.99 to 0.99 
Moderate wet 1.00 to 1.49 
Severe wet 1.50 to 1.99 
Extreme wet > 2.00 
Source: Mckee et al. (1993) 

 
This research analyzed the SPI with 3 patterns based on 

the cumulative monthly rainfall of 3, 6, and 12 months to be 
SPI3, SPI6, and SPI12, respectively, with 6 meteorological 
stations from the years 1988 to 2017 (30 years). 

 
3. RESULTS AND DISCUSSION 

Drought analysis of SPI with three different periods 
was illustrated by Table 3 The mean SPI values of all 
meteorological stations ranged from 0.035 to 0.180, 

interpreted as near normal. At the same time, the maximum 
and minimum values ranged from 1.920 to 3.127 and  
-4.182 to -1.529, indicated as severe to extreme wet and 
drought, respectively. For example, the maximum values 
of SPI3 were 2.916 at Koh Sichang, and SPI6 and SPI12 
were 2.648 and 3.127, respectively, at the station of 
Chanthaburi. The minimum values of SPI3, SPI6 and 
SPI12 were -3.744, -4.182 and -2.613 at the stations of 
Khao Ito, Bangkok Metropolis and Pattaya, respectively. 

Table 4 to Table 6 demonstrated the possibility of 
drought severity in the percentage of the whole simulation 
time, and Figure 2 to Figure 4 showed drought incidence in 
terms of both wet (> 0.99) and drought (< -0.99) over  
30 years (1988 – 2017), with a nonspecific pattern. The 
SPI3 significantly indicated the possibility of drought to 
near normal as the percentage of 68.99 – 71.51 (%) at all 
meteorological stations. In contrast, moderate, severe and 
extreme droughts ranged from 5.31 – 11.17 (%),  
3.07 – 4.19 (%), 0.84 – 3.35 (%), respectively. As same as, 
SPI 6 also interpreted the possibility of drought to near 
normal with the percentage 67.89 -72.39 (%), while 
moderate, severe and extreme droughts ranged from  
4.51 - 10.99 (%), 2.25 – 4.79 (%), 0.56 - 3.10 (%), 
respectively. Finally, the SPI12 also interpreted almost 

 
Table 3 Classification of SPI by meteorological stations 

 

Stations 
SPI3 SPI6 SPI12 

Mean Max Min Mean Max Min Mean Max Min 
Bangkok Metropolis 0.058 2.137 -3.528 0.068 2.279 -4.182 0.081 2.014 -2.011 
Chanthaburi 0.035 2.637 -2.778 0.070 2.648 -2.300 0.067 3.127 -1.553 
Chonburi/Sattahip 0.067 2.385 -2.661 0.081 1.920 -2.676 0.090 2.058 -2.026 
Koh Sichang 0.091 2.916 -3.449 0.130 2.621 -2.543 0.180 2.211 -1.529 
Pattaya 0.065 2.419 -3.074 0.085 2.408 -2.976 0.121 1.963 -2.611 
Khao ITo 0.059 2.559 -3.744 0.079 2.291 -2.030 0.089 2.215 -2.163 

 
Table 4 Percentage of SPI3 by meteorological stations 

 

Category Bangkok Metropolis Chanthaburi Chonburi/Sattahip Koh Sichang Pattaya Khao ITo 
Extreme drought 2.79 1.40 1.68 0.84 3.35 1.12 
Severe drought 3.07 3.91 3.91 3.91 4.19 4.19 
Moderate drought 7.26 5.31 8.10 9.50 5.31 11.17 
Near normal 68.99 71.51 69.83 69.27 69.55 69.27 
Moderate wet 12.01 11.17 9.22 7.26 13.13 7.26 
Severe wet 4.75 4.47 6.15 7.26 2.79 5.87 
Extreme wet 1.12 2.23 1.12 1.96 1.68 1.12 
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Table 5 Percentage of SPI6 by meteorological stations 
 

Category Bangkok Metropolis Chanthaburi Chonburi/Sattahip Koh Sichang Pattaya Khao ITo 
Extreme drought 1.69 0.56 1.41 0.56 3.10 0.56 
Severe drought 4.79 3.66 3.38 2.25 4.51 2.54 
Moderate drought 6.20 7.89 9.01 9.58 4.51 10.99 
Near normal 72.39 70.42 70.14 67.89 71.27 72.11 
Moderate wet 9.30 8.45 9.58 10.70 11.83 6.48 
Severe wet 5.07 4.79 6.48 5.07 3.94 6.48 
Extreme wet 0.56 4.23 0.00 3.94 0.85 0.85 

 
Table 6 Percentage of SPI12 by meteorological stations 

 

Category Bangkok Metropolis Chanthaburi Chonburi/Sattahip Koh Sichang Pattaya Khao ITo 
Extreme drought 0.29 0.00 0.29 0.00 1.43 0.29 
Severe drought 6.02 0.29 4.01 0.29 5.44 3.15 
Moderate drought 6.02 10.60 9.74 7.74 5.44 7.74 
Near normal 71.63 73.64 69.63 70.77 73.07 77.36 
Moderate wet 8.60 8.88 11.46 9.46 12.61 5.44 
Severe wet 7.16 2.58 4.01 7.16 2.01 4.58 
Extreme wet 0.29 4.01 0.86 4.58 0.00 1.43 

 

 
(a) Bangkok Metropolis 

 
(b) Chanthaburi 

 
(c) Chonburi/Sattahip 

 
(d) Koh Sichang 

 
(e) Pattaya 

 
(f) Khao ITo 

 
Figure 2 Changes in the SPI3 Index Classified by Meteorological Stations 
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simulation time to near normal with 69.63 - 77.36 (%), 
while moderate, severe and extreme droughts ranged from 
5.44 – 10.60 (%), 0.29 – 6.02 (%) and 0.00 – 1.43 (%), 
respectively. 

Shows consecutive periods of drought for the SPI12, 
as it was an indicator of year-to-year drought changing by 
considering the SPI ≤ -1.5 (severe to extreme drought). 
Bangkok Metropolis had five periods: May – June 1992, 
November 1997 – April 1998, July – October 2001, 
January – July 2002, and February – April 2005. 

Chanthaburi had a maximum annual rainfall of 1 month 
(April 1995). Chonburi/Sattahip had four periods: 
November 1993 – April 1994, September – October 
2001, February – April 2002, and July – August 2005. 
Koh Sichang had only one month (July 2001). Pattaya 
had four periods: April – September 1992, October – 
December 2000, April – December 2001, and January – 
July 2002. Khao Ito had two periods: August – September 
1999 and October 2001 – April 2002.

 

 
The results of the analysis of all SPI showed that most 

of the study areas had near-normal rainfall. From the 
percentage of the SPI was close to near normal at 62%. 
However, there were also different levels of drought 
likelihood. 

4. CONCLUSION 
The drought severity levels were analyzed using the 

Standardized Precipitation Index (SPI) in the Eastern 
Economic Corridor (EEC) area. The six meteorological 
stations were analyzed in three patterns, including SPI3, 

 
(a) Bangkok Metropolis 

 
(b) Chanthaburi 

 
(c) Chonburi/Sattahip 

 
(d) Koh Sichang 

 
(e) Pattaya 

 
(f) Khao ITo 

 
Figure 3 Changes in the SPI6 Index Classified by Meteorological Stations 
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SPI6, and SPI12. The result showed that the mean of three 
SPI patterns ranged from 0.035 to 0.180, which was 
interpreted as the range of near normal. Considering the 
maximum and minimum values of the SPI in all periods, it 
was found that the value was greater than 1.5 and less than 
-1.5, respectively. Therefore, they indicated drought 
occurrence in both severe to extreme drought and severe to 
extreme wet. However, the likelihood of drought was at 
different levels in percentage. Most of the percentage of 
drought was more than 62 (%) in the study area, which 
experienced drought as near normal. The likelihood of 
drought (< -0.99) since moderate to extreme drought in the 
30 years (1988 – 2017). There was a range below 17 % of 
the likelihood of drought and wet (100 %) in all SPI 
patterns, which was a slight likelihood of drought. The 
possibility of wet (> 0.99) since moderate to extremely wet 
in the 30 years (1988 – 2017) ranged below 21 % of the 
likelihood of drought and wet (100 %) in all SPI patterns. 

However, it was found that drought in the study area had 
uncertain patterns of drought and wet by considering the 
drought incidence curve. Hence, it is necessary to consider 
optimizing the water management plan according to the 
drought conditions. 

However, in the analysis of drought levels, other 
indices consider other relevant climate variables, such as 
Temperature, Soil moisture, and satellite images, such as 
the Normalized Difference Vegetation Index (NDVI), 
which can be used to analyze with the SPI for more 
excellent reliability. Finally, the SPI was a convenient 
index that can be used to analyze the severity level of 
drought because it uses only rainfall data to represent the 
drought situation, with the data over 30 years. That took 
a long time to explore the accuracy of the results. 
Moreover, this research will be a starting point for further 
analysis of the SPI in the form of future projections of 
rainfall data under climate change in the study area.

 
(a) Bangkok Metropolis 

 
(b) Chanthaburi 

 
(c) Chonburi/Sattahip 

 
(d) Koh Sichang 

 
(e) Pattaya 

 
(f) Khao ITo 

 
Figure 4 Changes in the SPI12 Index Classified by Meteorological Stations 
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Abstract 
A trending keyword is a common word or a phrase that is most frequently mentioned in the current period. Extracting 

trending keywords from Thai online news is not trivial. A too-short keyword may not have a specific meaning because 
it may be just a common word that does not have any significance to the interpretation. On the other hand, a long common 
keyword conveys a better meaning. However, the running time to extract the long keyword from a collection of 
documents may not be bounded within a reasonable time. A problem statement of this research is to find a varying-length 
trending keyword from Thai online news within a reasonable running time. We propose a novel method to extract 
trending keywords by applying the longest common substring (LCS) algorithm. The common keywords having high 
occurrence frequency are selected as the trending keywords. The proposed method inherits the advantage of the 
reasonable running time from the dynamic programming technique of the LCS algorithm. The experimental results on 
various sources of Thai online news agencies indicate a superior precision of the proposed method over char-N-gram 
and word-N-gram strategies. 
 
Keywords:  Longest common substring, Natural language processing, Online news, Thai trending keyword, Varying-
length keyword. 
 

1. INTRODUCTION 

Among all sources of news in Thailand, it is 
undeniable that online news is the most popular platform. 
There is a lot of online news issued per day making the 
current trend extraction difficult. To find the trending 
keyword, two mechanisms are needed to implement. The 
first is the process of finding the common keyword from 
a collection of documents. The second is the ability to 
determine that the selected common keyword is the 
current news trend. There are many methods for 
extracting a common keyword from documents. Lee and 
Kim (2008) apply TF-IDF (Robertson, 2004) variants and 
filter keywords across domains to extract keywords from 
a huge pile of documents. The experimental results show 
that their approach can efficiently remove meaningless 
Korean words. Ma et al. (2008) identify the query and the 
topic-related features for each word that cooccurs in the 
same window length and then calculate the importance of 
the word from the combined features. Their experimental 
results are competitive with other candidates. Zhang et al. 
(2008) introduce the keyword extraction based on 
Conditional Random Fields (CRF) that use most of the 
features in the document. The CRF model outperforms 
other off-the-shelf machine learning algorithms such as 
SVM and multiple linear regression models in terms of 

F1 score. However, a computational cost of training CRF 
model is expensive. 

Once the common keyword is detected, the next step 
is to confirm that the keyword represents the actual news 
trend. Various approaches are proposed to identify the 
trending keyword. Shimizu et al. (2005) extract the 
trending keyword from the press releases to analyze the 
competitors’ strategies. Words that are matched with a 
description pattern, i.e., a product common phrase 
observed from press releases, are considered to be a 
product trending keywords. However, their method 
requires a user to specify a description pattern which may 
not be appropriate for an automatic system. 
Sutheebanjard and Premchaiswadi (2010) applied four 
string matching techniques, e.g., Guth, Levenshtein, 
Damerau-Levenshtein, longest common substring and 
longest common subsequence to disambiguate Thai 
personal names from a collection of articles. They found 
that the longest common subsequence was the best Thai 
personal name matching with 94.43% of F-Score. Aiello 
et al. (2013) identify the trending topics on Twitter by 
combing N-grams occurrence with a topic-ranking score 
representing the rapidly emerging topic. Their method 
outperforms other techniques on Twitter data. Madani et 
al. (2015) discover trending topics from Twitter in real-
time by using topic clustering. Tweets thesaurus created 
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in the form of a bag of words can semantically represent 
different terms corresponding to the same trending topic. 
Ousirimaneechai and Sinthupinyo (2018) detect the 
trending keywords using the simple character N-grams to 
tokenize document and find keywords. They identify the 
trending keyword by filtering a set of stop words 
generated by their algorithm. Their method requires 
neither word tokenization tools nor external stop words 
list. According to the experimental results, their method 
frequently takes too-short words as the keywords and 
depends mainly on the generated stop words. Indra et al. 
(2019) compare two methods, namely document pivot, 
and BN-grams, for detecting trending topics on 
Indonesian tweets. Their experimental results on ten 
topics indicate that BN-grams have better topic recall 
than the document pivot. Alzubi et al. (2020) extract 
trending scientific topics by scoring topics according to 
two factors; the number of citations and the number of 
accepted papers on that topic. In addition, their method 
can recommend topics customized to each user profile. 
However, they do not experiment on the real dataset but 
on the synthesized 3000 papers instead. Tanantong et al. 
(2020) extract trending keywords from Thai Twitter by 
using the N-gram-based word-combination technique. 
Words that are located in an adjacent position are 
considered to combine into one candidate keyword. The 
candidate keyword which has the highest rate of 
appearances within three consecutive days on Twitter is 
extracted as the trending keyword. 

According to the above works, none of them extracts 
long and varying-length common keywords which tend to 
convey better meaning than short keywords. In this 
research, we propose Thai trending keyword extraction 
from online news by using the longest common substring 
(LCS) algorithm and the rescaled keyword frequency. 
LCS is a powerful tool that can find the longest common 
keyword from the collection of documents. It can be 
customized to search for varying-length keywords. While 
LCS helps us find the longest common keywords, the 
rescaled frequency of keyword occurrences identifies 
whether the common keyword is the current trend. The 
experimental results on the online Thai news collected 
from different sources show a superior performance of 
the proposed method compared to other algorithms. 
 

2. RELATED WORKS 

Two fundamental concepts, e.g., the longest common 
substring, Thai word segmentation, related to this 
research are described in the first two subsections. In 
addition, two previous works are also briefly explained 
since we compare their results with the proposed method. 
Let us abbreviate techniques in (Ousirimaneechai and 
Sinthupinyo, 2018) and (Tanantong et al., 2020) as Char-
N-Gram and Word-N-Gram, respectively. 
 

2.1 The Longest Common Substring Problem 
The longest common substring (LCS) is a classical 

problem in computer science (Gusfield, 1997). The 
problem is about finding the longest substring of two or 
more strings. For instance, the LCS of “AABCDEFG” 
and “ABABCDEGH” is “ABCDE”. By using a dynamic 
programming technique, we can locate LCS between two 
strings of lengths m and n within O(mn) time complexity. 
Fig. 1 illustrates pseudocode for finding LCS between 
two strings (S1 and S2) by a dynamic programming 
technique. The algorithm processes the LCS matrix from 
left to right and top to bottom. For each element indexed 
by row i and column j, if S1[i] is equal to S2[j] then the 
value of LCS_Mat[i, j] equals the value from the previous 
upper left element plus one. Otherwise LCS_Mat[i, j] 
equals to zero. After all elements in the LCS matrix have 
been filled, the common substring which has the longest 
length will be chosen as the solution. The example for 
extracting the longest substring from the above two 
strings can be demonstrated in Fig. 2. Denote that the 
green diagonal elements represent the longest common 
substring which has the length of five alphabets, i.e., 
ABCDE. More details of the LCS algorithm including its 
variations (Mousavi et al., 2012; Beal et al., 2016; 
Charalampopoulos et al., 2021; Akmal et al., 2021) can 
be found in the reference section. 
 

 
 

Figure 1 Pseudocode of LCS algorithm 
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Figure 2 LCS example for strings AABCDEFG and ABABCDEGH 

 
2.2 Thai Word Segmentation 

One of the hardest parts of Thai natural language 
processing is word segmentation. Due to the lack of space 
between Thai words, we need to apply subtle techniques 
to separate them into individual words. There are several 
well-known algorithms for Thai word segmentation, e.g., 
Newmm, Deepcut, and AttaCut. Newmm, implemented 
in PyThaiNLP (Phatthiyaphaibun et al., 2016), uses a 
maximal matching algorithm, based on words in a 
dictionary, and the Thai character cluster. It always 
breaks the same longest word no matter the position of 
the word in the context. For example, a string “ตา ก ล ม” is 
always segmented into “ตาก | ลม” (to gain air). On the other 
hand, DeepCut (Kittinaradorn et al., 2019) and its 
variance AttaCut (Chormai et al., 2019) apply a more 
advanced technique, i.e., a convolutional neural network, 
to segment a sentence into a list of words depending on 
the word surrounding context. From the previous 
example, the string “ตา ก ล ม ”  can be either segmented into 
“ตาก | ลม” (to gain air) or “ตา | กลม” (round eye) depending 
on its surrounding words. To conform with the LCS 
algorithm, we employ Newmm algorithm to consistently 
tokenize sentences into a list of the longest words. 

 
2.3 Char-N-Gram 

Char-N-Gram (Ousirimaneechai and Sinthupinyo, 
2018) begins the process by tokenizing text into five-
character grams and counting the number of occurrences 
of them. Afterward, the K-Means clustering algorithm is 
applied to the counted grams to group those grams into K 
clusters by using the elbow method. The lowest rank 
cluster is discarded since it has a low chance of containing 
keywords. The keyword clusters from other days are 
combined and clustered with the K-Means algorithm 
again. The cluster with the highest mean of occurrences 
will be assigned as the global keyword grams. For each 
news post, replace characters that are not in any part of 
elements in the global keyword grams with a blank 
symbol and split the resulting text by using a blank 
symbol. The global keywords are words that remained in 
the news post after removing stop words. Finally, to find 

the trending keywords, pick the global keywords which 
have a high frequency of occurrences within a day. 
 
2.4 Word-N-Gram 

Word-N-Gram (Tanantong et al., 2020) applies a 
simpler idea. It replaces stop words from the original post 
with a blank symbol and combines the adjacent non-blank 
words. These adjacent words are candidates for the 
trending keywords. The candidate which has the highest 
frequency of occurrences in all posts within a period is 
counted as a trending keyword. 
 

3. PROPOSED METHOD 

The following steps describe the proposed method 
along with the diagram in Fig. 3. 

 
Figure 3 Proposed method 

 
Step 1: Collect the current news posts from different 
sources and sort them by a chronological order. 
Step 2: Tokenize words in news posts by using Newmm 
algorithm. 
Step 3: Remove stop words from the tokenized news. 
Step 4: Find the common keywords of all news posts by 
using the LCS algorithm. 
Step 5: Rescale occurrence frequencies of all common 
keywords. 
Step 6: Pick the rescaled LCS keywords which have high 
occurrence frequency as the current trends. 

After breaking news posts into a list of words by 
Newmm technique, we follow the process in (Tanantong 
et al., 2020) to remove stop words in step 3. Stop words 
tend to be insignificant to the main idea and frequently 
appear in news. To avoid selecting common keywords 
which are not necessary to be trending keywords, we 
monitor words that occur every day for one month and 
remove them from a list of tokenized words. It is worth 
noting that the row and column elements of the LCS 
matrix in step 4 are represented as the tokenized words 
(not alphabets). To avoid too-short and too-long 
keywords, we select only common phrases whose lengths 
are within three to eight words. As a result, the proposed 
method can produce the varying-length trending 
keywords. The example of LCS matrix calculation in step 
4 can be illustrated in Fig. 4. The purpose of the rescaling 
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process in step 5 is to ensure that all common keywords 
returned from LCS every day are on the same scale. The 
rescaled frequency of each LCS keyword is the ratio 
between the number of its occurrences and the total 
number of occurrences of all LCS common keywords 
within a certain period. 

 

 
Figure 4 Example of the LCS matrix for a common keyword “คนละครึÉ ง” 

 
4. EXPERIMENTAL RESULTS 

We collect 155,661 online posts from eight different 
Thai news agencies; Thairath, Thai PBS, Spring News, 
Siamrath, Sanook, Post Today, Komchadluek, and 
Amarin, between 1st September 2021 and 31st December 
2021. Table 1 shows the number of news instances from 
each agency. The ground truth of each day, i.e., the actual 
trending keyword, is manually assigned as a set of 1 – 3 
keywords by our news experts. Each instance of news in 
the dataset composes of date, time, and news content. 

To have a fair comparison, we conduct the 
experiments of all methods on the standard Google Colab 
(cpu: 2.2 GHz/single core/cache: 56320 KB, ram: 13.3 
GB, disk: 108 GB). We begin the experiment with the 
quest for a suitable Thai word tokenization. Later in the 
section, the experimental results for top–10 precision, 
running time, and word cloud are provided. 

 
Table 1 The number of posts collected from news agencies 

 

News Agency Number of news posts 
Thairath 27544 
Post Today 16988 
Sanook 10743 
Thai PBS 5895 
Komchadluek 25450 
Amarin 10999 
Siamrath 51211 
Spring 6831 

 
The objective of the first experiment is to confirm that 

a suitable word tokenization algorithm for the proposed 
method is Newmm. We randomly pick 10000 news 
instances from the dataset and apply both Newmm and 
AttaCut to break news into words. The number of 
segmented words that appear in the LEXiTRON 
dictionary (Trakultaweekoon et al., 2007) and the running 
time of each algorithm are reported in Table 2. Newmm 
has better performance than AttaCut in terms of both 
percentages of words that appear in the LEXiTRON 

dictionary and running time. Moreover, words segmented 
by Newmm are consistent and do not depend on the 
surrounding context which is suitable for finding the 
trending keywords. As a result, we employ Newmm as 
the Thai word segmentation. To break English words 
which may embed in Thai news, we simply split text by 
using a blank character as a delimiter. As we will see in 
the experimental section, the Thai trending keyword 
tends to be a phrase that does not depend on the 
surrounding context. Therefore, the percentage of words 
that appear in the LEXiTRON dictionary is a suitable 
indicator to measure the consistency of word tokenization 
of the two algorithms. 
 
Table 2 Word tokenization comparison between Newmm and  
             AttaCut. 
 

Measure Newmm AttaCut 
Percentage of words appear in 
LEXiTRON dictionary (%) 

82.60 44.47 

Running time (second) 9.18 88.27 
 

The experiments of different methods are conducted 
on the dataset described in the previous section. The 
ground truth for each day is manually assigned as a set of 
1 – 3 trending keywords by our volunteers. News 
instances are fed to the algorithms in chronological order 
starting from the oldest to the latest. Each algorithm 
predicts ten trending keywords for each day. If the 
volunteers found that at least one of ten predictions 
semantically matches the ground truth of that day, the 
prediction is counted as a hit, i.e., top-10 precision. The 
task of precision judging is not trivial to execute without 
human intervention since the predicted trending 
keywords may not exactly match the ground truth 
keywords. In other words, they implicitly match the 
meaning of the ground truths. For example, the keyword 
“แ อ นชิ ลี  ส ก็ อ ต- เ ค มมิ ส ”  (Anchilee Scott-Kemmis) implicitly 
matches the ground truth “มิสยนิูเวร์ิสไทยแลนด”์ (Miss Universe 
Thailand), “แ อ พ เ ป๋ า ตั ง ”  (Paotang application) implicitly 
matches the ground truth “โครงกา รคนละครึÉ ง”  (The half-half 
co-payment project). Therefore, we need human to judge 
the top-10 precision. The top-10 precision percentages of 
the proposed method (LCS-based) and the other two 
techniques; Char-N-Gram (Ousirimaneechai and 
Sinthupinyo, 2018) and Word-N-Gram (Tanantong et al., 
2020), are shown in Table 3. 

LCS-based method gains the best top-10 precision of 
all three months. Since the number of words in a common 
keyword can be varied between three and eight, the LCS-
based method can produce meaningful keywords. In 
contrast, Char-N-Gram limits the length of the keyword 
to a gram of five characters and keeps only the cluster that 
has the highest mean of occurrences. Although this 
cluster usually contains keywords that have the highest 
mean of occurrences, those keywords tend to be short and 
less meaning, e.g., “ก า ร”  (task), “เ พ ร า ะ ”  (because), “จํา น วน” 
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(amount).  Therefore, it frequently misses long keywords 
like “น้อม รําลึก ถึง พระ มหา กรุณา ธิ คุณ” (bow in remembrance of 
His Majesty the King), “เจ้า  พนักงาน ละเ ว้น  โดย มิ  ชอบ” (staff 
wrongful refrain), “ฮู แต ยอื ลอ เระ บา เจาะ” (Hutaeyelor village, 
Bacho district), etc. On the other hand, Word-N-Gram 
does not suffer from short keywords. After stop word 
removals, it concatenates the remaining adjacent words 
resulting in keywords with different lengths. However, 
Word-N-Gram does not try to produce the longest 
keyword like the LCS-based method. The keywords from 
Word-N-Gram which have the highest rate of occurrences 
may be long, e.g., “มหาวิทยาลัย” (university), “อาจารย์เจ้าหน้าทีÉ” 
(staff and faculty), but do not have specific meanings. As 
a result, more than half of trending keywords from Word-
N-Gram do not semantically match any of the three 
ground-truth keywords. 

The next experiment is to measure the running time 
among three methods. Table 4 compares the running time 
(in seconds) of trending keyword extraction for all news 
instances within three months. Word-N-Gram spends the 
least running time because of its simple procedure. In 
contrast, Char-N-Gram takes so much time in finding all 
possible 3-gram, 5-gram, and 8-gram words and running 
two rounds of K-Means clustering. The LCS-based 
method inherits a moderate running time of O(mn) from 
the dynamic programming technique of the LCS 
algorithm (Gusfield, 1997); where m and n are news 
lengths. Although we can further optimize the running 
time of LCS by creating a generalized suffix tree for 
strings, there is a tradeoff in memory space for storing a 
large tree. 

 
Table 3 Top-10 Precisions of three methods 
 

Measure Char-N-Gram 
(N = 3 / 5 / 8) 

Word-N-
Gram 

LCS-
based 

October 11.45/13.04/12.94 26.09 63.04 
November 11.98/14.13/14.03 39.13 57.60 
December 16.54/19.56/18.99 45.65 60.86 
Average 13.32/15.58/15.32 36.96 60.50 

 
Table 4 Running time in second of three methods 

 

Measure Char-N-Gram 
(N = 3 / 5 / 8) 

Word-N-
Gram 

LCS-
based 

October 5211/6318/7410 320 955 
November 5345/6655/7833 322 885 
December 5572/6845/7942 330 856 
Average 5376/6606/7728 324 898.67 

 
To have a quick and visual insight of the trending 

keywords from different methods, we generate word 
clouds to highlight popular keywords based on their 
frequencies of occurrences. The larger font of the word, 
the more frequently it occurs in news posts. Fig. 5 
illustrates word clouds on 25th October 2021 which has 
two ground truths; “พิ ธี อัญ เ ชิ ญพ ระ เ กีÊ ยว”  (Phra Kiew coronet 
parade) and “มิสยูนิ เวิ ร์สไทยแลนด์” (Miss Universe Thailand). 

Keywords in red ellipses are trends that semantically 
match the trending ground truths. Trending keywords 
from Char-N-Gram and Word-N-Gram do not partially 
match any keywords in the ground truths. Keywords from 
Char-N-Gram are too short while those from Word-N-
Gram are not related to the ground truths. In contrast, two 
top trending keywords, i.e., “นิสิตอัญเชิญเกีÊ ยว” (students who 
participate in Phra Kiew coronet parade), and “ชิลีสก๊อตมิส” 

(Anchilee Scott), from LCS-based method semantically 
match the target trending keywords. Notice that many 
long keywords from Word-N-Gram have a small 
frequency of occurrences, e.g., “มันสําปะหลังข้าวโพ ดเลีÊ ยงสั ตว์” 

(cassava, corn, animal husbandry), “หลอมรวมความสมัครสมาน” 
(gather unity), “อนึÉ งหย่อมควา มก ดอา กา ศ” (by the way, the air 
pressure patch) In addition, the air pressure patch.  After 
combining words leftover from the stop word removals, 
those long keywords of Word-N-Gram do not reflect any 
trend in the current news posts. On the other hand, the 
LCS-based method intends to find the longest common 
keywords to help promote the collocation degree of 
keywords; making them cover more meanings in the 
ground truths. 

 

 
Figure 5 Word clouds for trending keywords on 25 October 2021 

 
Fig. 6 expresses a similar phenomenon as Fig. 5. It 

demonstrates the word cloud on 23rd November 2021 
which has the ground truths “พัคชินฮเย ชเวแทจุน” (Park Shin-
hye & Choi Tae-joon), “ดราม่า แอนชิลี สก็อต” (Anchilee Scott 
accused of Thailand flag abuse). Neither Char-N-Gram 
nor Word-N-Gram captures any trend in the ground truths 
whereas the LCS-based method covers all current trends. 
Fig.7 shows another word cloud on 24th December 2021 
which has the ground truths “เ ลื อ ก ตัÊ ง ซ่ อ ม  ก ทม . ”  (Bangkok 
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election), “ฟุตบอลไทย-เวียดนาม AFF” (Thailand-Vietnam AFF 
football), “โอ มิ ค รอ น”  (Omicron). Both Char-N-Gram and 
Word-N-Gram implicitly capture only one keyword “โอมิค

รอน” (Omicron) while the LCS-based method semantically 
hits all trending ground truths. 

Interestingly, Word-N-Gram contains more English 
words than other methods in Fig. 5-7. These are situations 
where Word-N-Gram lost important Thai stop words 
while replacing them with blank symbols. After 
combining non-blank words, its keywords may look 
strange and have a low frequency of occurrences. As a 
result, it misses the ground truth trending keywords and 
continues extracting lower-frequency keywords which 
may include English keywords. 

 

 
Figure 6 Word clouds for trending keywords on 23 November 2021 

 

 
Figure 7 Word clouds for trending keywords on 24 December 2021 

 

5. CONCLUSION 

We propose a novel method to extract Thai trending 
keywords from online news by using the longest common 
substring (LCS) algorithm to find a set of the longest 
common keywords. The longest common keywords that 
have a high frequency of occurrences will be selected as 
the trending keywords. The experimental results on 
155,661 online news posts collected from eight Thai news 
agencies between September 2021 and December 2021 
indicate the superior performance of the LCS-based 
method over other techniques. The contribution of the 
proposed method is the effort to find the longest trending 
keyword from the current collection of news. The LCS-
based method can find the keywords with varying ranges, 
e.g., 3 to 8 words, depending on the context of the news.  
In practice, we recommend a user to find a suitable range 
from the sample news posts. We use the range between 3 
and 8 words because of two factors. First, a glance from 
our dataset does not show a keyword with more than eight 
words. Second, we need to control the running time of the 
LCS algorithm within a reasonable bound. The advantage 
of long keywords is the ability to express trends more 
meaningfully. The LCS-based method possesses the 
highest top-10 precision, on average, 60.50% and the 
moderate running time at 898.67 seconds compared to 
other methods. In addition, it is possible to apply the 
LCS-based method to extract trending keywords from 
other languages by simply changing a word tokenization 
module. One of the possible future works of the proposed 
method is to apply the cosine similarity to group similar 
trending keywords together and express them as one 
keyword. This improvement can help limit the trending 
keywords to a smaller set of keywords and make it easy 
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to interpret news insight. Despite its moderate running 
time, the LCS-based method may suffer from the O(NxN) 
operation for coupling a pair of news to find LCS. It is 
recommended to preliminary run the LCS-based method 
to find a suitable value of N that produces an acceptable 
total running time or apply multiple threads to gain the 
concurrency of LCS operations. 
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Abstract 

Over two decades, climate variability has caused a significant change in human well-being, particularly in the 
availability of water resources. The water shortage and insufficient water supply especially affect the quality of life in 
many ways. The Pollution Control Department (PCD) of the Metropolitan Waterworks Authority (MWA) has selected 
thirteen parameters considered essential as indicators of raw water suitability. The water quality of the Chao Phraya River 
at 18 PCD stations along the 379-km stretch from Chainat to Samutprakarn has been recorded for analysis and considered 
for inclusion in a Water Quality Index (WQI) that includes color, turbidity, Biochemical Oxygen Demand (BOD), 
Dissolved oxygen (DO), pH, Nitrate-Nitrogen (NO3-N), Fe, Mn, Total Dissolved Solids (TDS), Total Phosphorous (TP), 
Electrical Conductivity (EC) , salinity, and hardness. The WQI provides a single value for water quality suitability, is 
useful for the MWA in water supply production, and reflects the constituents that may be harmful to the consumer and 
the efficiency of production. For example, if the salinity in raw water is greater than 0.25 mg/l, the salt content of the 
water cannot be removed by the MWA system, resulting in a water supply with a salty flavor. Therefore, if the 
deteriorated water quality of raw water is predicted in advance, measured at a point upriver from the Samlae intake 
station, appropriate solutions can be put in place. Using PCD water quality records, the average WQI score of the Chao 
Phraya River in the rainy season is 74.63 and in the dry season is 78.37 (from a full score of 100). These values indicate 
the deterioration of raw water quality during the low flow period, a situation that the MWA should acknowledge and 
make periodical inspections to identify and control. 
 
Keywords:  MWA, Rating Curves of Water Quality Parameters, Surface Water Quality Standard, WQI, Water Supply 
Production.  
 

1. INTRODUCTION 

Water is an essential resource for living organisms in 
various ways. However, several human activities such as 
the excretion of waste in daily life and wastewater 
discharge from agricultural and industrial activities lead 
to the deterioration of water quality. Contamination of 
water sources causes the loss of water use benefits Pilailar 
and Urantinon (2019). As a result, the quality of life of 
living beings worsens. 

To better understand the water quality in an area of 
interest, this should be determined by a combination of 
physical, chemical, and biological characteristics, and the 
integrated water situation should be evaluated using an 
appropriate technique, such as a Water Quality Index 
(WQI), the numerical summation of multiple water 
quality parameters into a single value. The WQI was 
calculated as a single value from multiple test results of 
water quality in a water basin by Horton (1965). It has 
since been widely applied for generating trends, 
evaluating, and communicating the overall water quality 
for the public to understand, and allowing comparisons 
among different watercourses or different locations in the 
same watercourse. 

The WQI concept integrates all water quality 
parameters such as Biochemical Oxygen Demand (BOD) 
and Dissolved oxygen (DO) into scores that can indicate 
water quality for multiple purposes. The 4 steps for 
developing WQI are (1) selecting a set of water quality 
parameters of interest, (2) developing sub-indices-
transforming the different units and dimensions of water 
quality parameters to a common scale, (3) assigning 
weights to the water quality parameters based on their 
relative importance to overall water quality, and (4) 
aggregating sub-indices to produce an overall index 
Boyacıoğlu (2009). 

In Thailand, the WQI has been used to research and 
develop water quality standards for the Chao Phraya 
River at the raw water intake station of the MWA in 
Pathum Thani Province. The parameters were measured 
in physical, chemical, and biological properties. It was 
found that the water quality was satisfactory since the raw 
water was self-purified along the canal that transports the 
water to the production plant Thamkasem et al., (1986). 
However, at the production plant, turbidity, smell, color, 
and bacteria remain to be removed for making safe-
drinking water, following World Health Organization 
(WHO) water quality standards guidelines World Health 
Organization (2011). 
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In 1995, the water quality management division of 
the Pollution Control Department (PCD) of the 
Metropolitan Waterworks Authority (MWA) modified 
the WQI of Brown Brown et al., (1970) to consider the 
basis of research in this field for evaluating the overall 
water quality in Thailand's rivers Simachaya (2000). 
Following their suggestions, unweighted WQI was 
applied for assessing the overall water quality by the 
PCD, in which all water quality parameters of interest 
were assumed to have the same level of importance. 
Before determining the WQI in each area, the values of 
each water quality parameter included in the WQI model 
are converted into sub-index scores between 0 and 100 
using the rating curve technique developed for Thailand's 
rivers Landwehr (1979). 

In 2007, a WQI was developed for the Chao Phraya 
River by selecting the data from seven water quality 
monitoring stations. Thirteen parameters were included in 
cluster type analysis (CA), factor analysis (FA), multiple 
regression, and statistical processes to analyze the data to 
select the parameters suitable for the setting of the WQI 
Prakirake et al., (2009).  

Although WQI has been widely used in evaluating 
water quality in several countries, the usefulness of the 
WQI depends on its purpose. In 2015, an assessment of 
the water quality of the Ganges River in India using the 
WQI tool was undertaken, and the WQI values enabled 
an easy understanding of the trends of the water quality. 
The results pointed towards the requirement for urgent 
plans to prevent river water pollution. In 2018, Ahmed 
Hamdan created a WQI map based on Geographic 
Information System (GIS) for the Shatt Al-Arab River 
and its branches in Iraq to inform local authorities and 
convince them to take action Meher et al., (2015). 

In Thailand, a WQI to measure the water quality 
situation of the six river basins was created by the PCD, 
referred to as the PCD-WQI which included eleven water 
quality parameters. A sampling station in Phra Nakhon Si 
Ayutthaya was the sampling point on the Chao Praya 
River. The PCD-WQI value was also able to be used to 
monitor the management of water resources for 
sustainability Tiyasha et al., (2020), and has been used to 
assess the chemical, physical, and microbiologic features 
of water bodies in temperate latitudes and was developed 
as an ecosystem-specific WQI, termed the ES-WQI 
Gradilla-Hernández et al., (2020). 

In the current study, a set of water quality parameters 
was used to measure raw water quality in the Chao Phraya 
River at nine PVD stations along 180 kilometers of the 
river from Chainat to the Samlae raw water pumping 
station in Pathum Thani province. The variation in raw 
water quality due to the seasonal change has been a 
concern. To measure this seasonal variation, water quality 
assessment was divided into the rainy season, June to 
September, and the dry season, October to February. 
Based on the surface water quality standard of the PCD 
and the drinking water quality standards of the WHO 

water quality standards guidelines, 13 water quality 
parameters including color, turbidity, BOD, DO, pH, 
NO3-N, Fe, Mn, TDS, TP, EC, salinity, and hardness 
were selected. 

A time-series method was applied to analyze the 
water samples and measure the quality parameters. A 
time series method is an efficient and straightforward 
method for analyzing the past behavior of a time-series 
variable to predict its future behavior when independent 
causal variables influencing the time-series variable are 
unknown or cannot be determined. This technique as 
applied to the creation of the WQI requires 
uncomplicated data sets and less time for computation. In 
addition, other factors influencing water quality (e.g., 
changes in land use and population growth) were 
assumed to indirectly reflect the changing patterns of the 
13 water quality parameters. The modified WQI was used 
to evaluate the raw water quality at MWA water supply 
production facilities. In addition, the WQI indicates the 
tendency for the deterioration of raw water over time, 
informing MWA awareness and planning for future, 
periodical inspections of the raw water at their inspection 
points. 

The purpose of this study was to determine the raw 
water quality before the MWA analysis starting at raw 
water receival locations, for raw water from the Chao 
Phraya River into the Eastern Water Supply Canal at 
Samlae, Pathum Thani Province. The raw water is 
pumped and transmitted to the Bangkhen Water 
Treatment Plant (WTP), Thon Buri WTP, and the Samsen 
WTP. If the MWA can ascertain the water quality of raw 
water, in the form of the WQI, before the pumping 
station, it would be able to better manage the water supply 
production system.  

 
2. STUDY AREA AND WATER QUALITY MEASURING 

STATION 

Raw water used in the MWA water treatment process 
is taken from the Chao Phraya River at the Samlae 
Pumping Station which is located at Samlae in Pathum 
Thani Province, about 18 km north of the Bangkhen 
Water Treatment Plant. The Samlae Pumping Station is 
the first point that takes water from the Chao Phraya River 
into the MWA's east canal and is located 41 kilometers 
away from Bangkok, and 90 kilometers away from the 
Gulf of Thailand (Figure 1). The capacity of the station is 
3.8 million cubic meters per day. 

The data used to analyze the WQI values were 
obtained from 9 PCD water quality sampling stations 
upstream from the Samlae raw water pumping station to 
the Chao Phraya dam in Chainat province, as depicted in 
Figure 2 with location details in Table 1. In ordinary 
conditions, the PCD measures the quality of raw water 
four times per year. 
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Figure 1 Samlae raw water pumping station, Pathum Thani 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2 Location of the 9 PCD water quality sampling stations 

The PCD in the Bureau of Water Quality Management 
monitored the water quality at 18 stations along the Chao 
Phraya River twice in the rainy season and twice in the 
dry season, and 28 water quality parameters were 
measured. In 2016, the PCD evaluated that the Chao 
Phraya River receives approximately 4.8 million cubic 
meters of wastewater per day from communities (10%), 
industrial plants (35%), aquaculture farms (10%), and 
swine farms (5%). As a result, the Biochemical Oxygen 
Demand Loading (BOD-loading) is approximately 
369,421 kg/day. In the dry season, when there is no 

rainwater drainage of fertilizers and pesticides from the 
fields into the Chao Phraya River, the river receives the 
most waste from the community, industry, and 
agriculture, with the burden of the community waste the 
most. The potential discharging sources are residential 
areas, temples, government offices, schools, hospitals, 
and restaurants Pilailar and Urantinon (2019). These 
discharges cause high BOD with low DO, mainly as the 
river flows through Bangkok which is the most densely 
populated area along the Chao Praya River. Although The 
Chao Phraya River flowing through the Samlae raw water 
pumping station has water quality in the tier 3 criterion, it 
tends to deteriorate under the influence of rising tides 
allowing less freshwater to flow in the lower parts of the 
river.  

 
Table 1 Location of the PCD’s water quality sampling stations 
 

Station 

Distance 
from 

Samlae 
Pumping 
Station 
(KM.) 

Water 
quality 

sampling 
station 

District Province 

CH16.1 0 

Samlae raw 
water 
pumping 
station 

Mueang 
Pathum 
Thani 

CH17 5 
Sam Khok 
Police 
Station 

Sam Khok Pathum 
Thani 

CH18 28 
Bang Pa-In 
Paper 
Factory 

Bang Pa-In Ayutthaya 

CH20 47 Pom Phet Mueang Ayutthaya 

CH21.1 69 
Sa Kaeo 
temple 

Pa Mok Ang Thong 

CH21 87 
Ang Thong 
City Hall 

Mueang Ang Thong 

CH24 131 

The bridge 
crossing the 
Chao Phraya 
River 

Mueang Sing Buri 

CH25 148 
In-Buri 
Bridge 

In-buri Sing Buri 

CH27 181 
Chao Phraya 
Dam 

Sapphaya Chai Nat 

 
The recorded data from the Samlae raw water quality 

sampling station on the Samlae canal in Pathum Thani 
Province also shows the trend of BOD and DO, as shown 
in Figure 3. Those data show that the water river tends not 
to meet the criterion of raw water for water supply 
production.  

 
Figure 3 BOD and DO at Samlae’s MWA Water Intake  
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3. METHODOLOGY 

3.1 Data collection 
The water quality data at nine stations along the Chao 

Phraya River, gathered by the PCD from 2008 to 2020, 
are shown in Table 1. These data include the water quality 
measures at the Samlae pumping station of the MWA 
which adopted these data based on the water quality 
standards guidelines that were recommended by several 
officials at the MWA, PCD, and WHO. The parameters 
related to the water supply products, previously 
discussed, were selected to consider the WQI for raw 
water. 

3.2 Development of the WQI 
The first step was the selection of the parameters that 

influence the water quality of raw water in the water 
supply production. This initial step started with 
examining data availability; the screening procedures and 
the multivariate statistical methods that were applied 
Prakirake et al., (2009). The rating curves of the selected 
parameter for each were then developed. The objective of 
this step was to transform the water quality parameter 
observations into a common scale (0 to 100).  

In establishing the rating curves, expert judgment and 
statistical methods were used to develop the rating curves 
and define key points in agreement with the permissible 
limits from water quality standards. The actual parameter 
transformation was achieved through categorical scaling 
and linear interpolation. The weights corresponding to 
each parameter, ranging from 0  and 1 , were assigned 
according to their importance to the overall water quality. 
To assign weights to the parameters, participatory-based 
approaches that have been widely used in the Delphi 
method and the Analytical Hierarchy Process were 
adopted, and are admittedly subjective.  

The fourth and final step was to select the weighted 
sub-index values' aggregation method and the formula 
WQI value. The standard formula for the WQI 
aggregation method, Horton (1965) is shown in Eq. (1)  

 
WQI =  ∑ Wi x Qi୬

୧ୀଵ                        (1) 

where  Qi is the water quality parameter s' index i 
Wi  is the associated weighing factor for 

each parameter 
n  is the number of parameters  

This equation gives the result of a single value of 
WQI, which ranges from 0 to 100. It classifies the water 
body's quality into five different categories.  

3.3 Procedure of WQI 
As stated in the introduction section, there are four 

steps for the development of WQI. Figure 4 summarizes 
the methods used for each step in the WQI modification 
for raw water specific to MWA.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4 Procedure of Establishing WQI for Raw Water 

3.4 Parameter selection  
In this lateral study, the raw water quality data from 

the PCD was collected 4 times per year, twice in the rainy 
season, June to September, and twice in the dry season, 
October to February. These data can be classified for their 
significance in the parameters in the rainy season and dry 
season. Therefore, the weighting criteria scores of 
significant parameters will be different, water quality 
parameters and given scores (ranging from the poorest, 0, 
to the best, 100) to each range of values of their selected 
parameters. Other information influencing water quality 
(e.g., land use change, water consumption, and human 
activities along the riversides) were also aggregated from 
the water quality experts' opinions. The data obtained 
from the water quality experts and Brown et al., (1970)  
were used to create the rating curves for the 13 water 
quality parameters previously described The thirteen 
rating curves were tested for a year using the values of the 
associated water quality parameters observed at the nine 
sampling stations and with the recorded data from 2008 
to 2020, and their suitability was adjusted for better 
determination of the water conditions in the Chao Phraya 
River. 

In general, expert judgment can be incorporated into 
the selection of parameters through three approaches;  
individual interviews, interactive groups, and the Delphi 
method Meyer and Booker (1990). Of the three 
approaches, the Delphi method is the one that has been 
widely used for the selection of parameters Prakirake et 
al., (2009). The purpose of this method is to mine the view 
or opinions of experts without having the experts 
congregate at an agreed time and define the Delphi 
method Linstone and Turoff (1976). 

  Parameter selection  
 

Development of 
rating curves 

Establishment of 
parameter ’s weights 

Aggregation of Sub-
index Values 

Calculate scores for 
WQI 
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3.5 Development of rating curves 
The observed values of each water quality parameter 

were converted into sub-index scores for the parameter. 
To assign the sub-index values, the water quality 
parameters are presented as a two-dimensional (X-Y 
coordinate) plot where the sampling data in the X-Axis 
and  Q-value within the Y-Axis, ranging on the scale of 0 
to 100, where 0 and 100 represented the poorest and the 
highest of the water quality. 

The construction of WQI was developing the rating 
curves for each of the selected parameters. The rating 
curves were extended to reach the complete concentration 
distribution ranges of the water quality parameters. 
Additionally, the rating curve for pH was horizontally 
displaced, so the maximum suitable pH, (value = 7) sub-
index value was assigned to 100% of the Q-value in the 
Y-Axis.  

Based on these criteria, the sub-index transformation 
curves for each selected parameter were assigned. Then, 
rating curve equations (sub-index functions) for each 
parameter were numerically formulated by curves fitting 
and approximation of function method using Microsoft 
Excel®. To aid the rating equation, scores for selected 
parameters were then approximated Uddin et al., (2021).  

The techniques for creating similar sub-index 
transformation curves for water quality Prakirake et al., 
(2009). 

3.6 Establishment of parameter's weights 
The third step for constructing the WQI was to 

establish the weights of the 13 selected parameters to 
measure their relative importance to the final index value. 
Weights were assigned only to the desired parameters. A 
biplot was used to interpret these components and each of 
the selected water quality parameters' vectors. The length 
of the vector from the origin to the coordinates reflects 
the variance of that variable. To determine the weights of 
each selected parameter, the range scale was determined 
and normalized by the sum of all the range scales. Thus, 
the sum of all normalized values.  

In this study, the weights of each selected parameter 
were determined through seasonal change, dry season, 
and rainy season. A Temporary Weight (TW) was 
developed by dividing the Significant Rating (SR) of each 
parameter. The weighting Scale (WS) for each parameter 
was defined as the ratio of the TP weight to the 
summation of the TW weights. The WS was obtained by 
approximating the ratio of the TW for each variable to the 
summation of the TW values Prakirake et al., (2009) TW 
and WS of the thirteen parameters according to Eq. (2) 
and Eq. (3)  
 

     𝑇𝑊 =
  ு௜௚௛௘௦௧ ௢௙ ௌ௜௚௡௜௙௜௖௔௡௧ ோ௔௧௜௡௚

ா௔௖௛ ௌ௜௚௡௜௙௜௖௔௡௧ ோ௔௧௜௡௚
           (2) 

 

      𝑊𝑆 =
     ா௔௖  ்௘௠௣௢௥௔௥௬ ௐ௘௜௚௛௧ 

∑ ்௘௠௣௢௥௔௥௬ ௐ௘௜௚௛௧ 
           (3) 

 

In addition, the thirteen parameters were selected for 
the development of WS through seasonal consideration: 
dry season and rainy season.  

The importance values and roles, for the dry season, 
were conductivity, salinity, and DO, and BOD with WS 
of 0.10 considered the most important variable for 
determining water supply quality while hardness and 
TDS with WS of 0.08 were the second most important, as 
shown in Table 2.  

In the rainy season, TDS and turbidity with WS of 
0.10 were considered the most important variables for 
determining water supply quality while color, hardness, 
Fe, NO3-N, BOD, DO, and TP with WS of 0.08 were of 
lesser importance, as shown in Table 3.   

  
Table 2 Selected Parameters Weights in Dry Season 

 

Parameter Unit 
Weighting Scale 

SR TW WS 

pH - 1.40 0.70 0.07 

Color Pt-Co 1.40 0.70 0.07 

Hardness mg/l 1.60 0.80 0.08 

TDS mg/l 1.60 0.80 0.08 

Fe mg/l 1.20 0.60 0.06 

Mn mg/l 1.20 0.60 0.06 

NO3-N mg/l 1.20 0.60 0.06 

BOD mg/l 2.00 1.00 0.10 

DO mg/l 2.00 1.00 0.10 

Total PO4-P mg/l 1.40 0.70 0.07 

Conductivity (µS) 2.00 1.00 0.10 
Salinity ppt 2.00 1.00 0.10 

Turbidity NTU 1.40 0.70 0.07 

  ∑ 10.20 1.00 

 
Table 3 Selected Parameters Weights in Rainy Season 
 

Parameter Unit 
Weighing Scale 

SR TW WS 

pH - 1.00 0.50 0.05 

Color Pt-Co 1.60 0.80 0.08 

Hardness mg/l 1.60 0.80 0.08 

TDS mg/l 2.00 1.00 0.10 

Fe mg/l 1.60 0.80 0.08 

Mn mg/l 1.40 0.70 0.07 

NO3-N mg/l 1.60 0.80 0.08 

BOD mg/l 1.60 0.80 0.08 

DO mg/l 1.60 0.80 0.08 

Total PO4-P mg/l 1.60 0.80 0.08 

Conductivity (µS) 1.40 0.70 0.07 
Salinity ppt 1.40 0.70 0.07 
Turbidity NTU 2.00 1.00 0.10 

  ∑ 10.20 1.00 
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3.7 Classification for categories of water quality  
The WQI scores for all stations on the river were used 

to categorize the overall water quality into classes 
following Notification No. 8: Surface water quality 
standard, the 1992 Thailand Enhancement and 
Conservation of National Environmental Quality Act. 
The five surface water quality classes with specific 
characteristics are shown in Table 4.  
 
Table 4 Categories of Water Quality and WQI Scores 
 

Class 
Descriptor 
Categories 

Score Descriptive 

1 Very good 85 - 100 

Extra clean freshwater 
resources. 
Consumption requires 
only ordinary processing 
for pathogenic destruction. 

2 Good 80 - 85 

Very clean freshwater 
resources. Consumption 
requires an ordinary water 
treatment process which 
minor purification 
required before use. 

3 Average  65 -  80 

Medium clean freshwater 
resources. Consumption 
requires a conventional 
water treatment process 
before use. 

4 Poor 40 -  65 

Fairly clean freshwater 
resources. Consumption 
requires a specific or 
advanced water treatment 
process before use. 

5 Very poor < 40 Unacceptable 

 
Considering the relationship between surface water 

quality standard categories and the range scales of the 
selected water quality parameter, the maximum-average-
minimum of WS scores for the water collected was used 
as the baseline classification. The actual water quality is 
in the range of very poor to very good. Ranges of scale 
were adjusted using the average value of WS obtained 
from the MWA’s Samlae raw-water intake, and the water 
quality data from the PCD. For the rating curve for each 
water quality classification, the scores of the very good 
class for each WQI were taken as the maximum data point 
of the "good" class. The maximum data point of the 
"good" class was 83, which may be approximated as the 
baseline of the very good class score (score over 85). 
Therefore, range scales for the good and average for the 
individual class were designated, respectively, as the 
average scores to upper limit scores and average scores of 
the "average" to average values of the "good" class. 
Therefore, the range of the "poor" class spanned between 
average scores of the "average" and "very poor" class is 
shown in Table 5. 

 
 
 
 
 

 

Table 5 relationship of selected parameters and range scale 
 

Parameter Unit 

Water quality Classification for water 
treatment plant 

Very 
good 

Good Average Poor 
Very 
poor 

pH - 7 
6.8 – 
7.2 

6.5 - 8.5 
< 5.0 
> 9.0 

< 2.0  
>12.0 

Color Pt-Co ≤ 10 20 100 200 > 200 

Hardness 
mg/l as 
CaCo3 

≤ 20 50 100 200 400 

TDS mg/l 
≤ 

200 
1,000 1,200 1,500 

> 
1,500 

Fe mg/l ≤ 1 0.5 50 70 > 70 
Mn mg/l ≤0.5 1 5 10 > 10 
NO3-N mg/l ≤ 2.5 5 10 15 > 15 
BOD mg/l ≤ 1 1.5 2.00 2.5 5 
DO mg/l ≥ 6.6 5.32 4.00 2.28 < 2.0 

Total PO4-P mg/l 
≤ 

0.04 
0.15 0.3 0.7 > 0.7 

Conductivity (µS) 50 200 500 1,000 1,500 
Salinity ppt 0.05 0.15 0.25 1.50 2.00 
Turbidity NTU < 8 20 75 144 > 144 

 
4. RESULT AND DISCUSSION 

The relationship between the observed values from 
nine water quality sampling stations of the PCD and water 
quality sampling data from the MWA Samlae raw-water 
pumping station were converted into rating curves for 
each water quality parameter. These rating curves were 
modified from the relationship of the selected parameters 
and the range scales and categories of the surface water 
quality standards, presented as two-dimensional (X-Y 
coordinates), as illustrated in Figures 5-1, 5-2 up to 5-13. 
The associated equations for converting to a score were 
numerically formulated by curve fitting and the 
approximation of function method using Microsoft 
Excel®. With the aid of the rating equation, scores for 
each selected parameter were then approximated, as 
shown in Table 6. 

The Q-value for all water quality parameters in this 
study evaluated the water quality, where input the water 
quality sampling data in the X-Axis and the Q-value 
within the Y-Axis, ranging on the scale of 0 to 100, where 
0 and 100 represented the poorest and the highest of the 
water quality. 

The values of the thirteen parameters obtained in the 
analysis of the average of the water quality sampling data 
are shown in Table 5. The highest are TDS, hardness, and 
BOD. It can be seen that water quality at that time is still 
good or very good. However, there is local pollution 
upstream, especially in the social and industrial 
expansion areas. 

For long-term analysis, surface water quality data 
obtained between 2005 and 2020 from the natural water 
resources intended for water supply, from the Chao 
Phraya River at the upper MWA Samlae Raw-water 
Intake, Amphur Muang Pathum Thani province, were 
analyzed and evaluated using the WQI. The water 
qualities of the Chao Phraya River in general were 
average.  
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Table 6 Equations of sub-index rating curve for water quality  
             parameters' index 

 
 

In this study, the WQI was evaluated against that 
reported by the MWA at the Samlae raw-water intake. 
The results suggested that the WQI value, calculated from 
the selected parameters from the water sampling station 
during the dry season, (1st October to 30th April) is 
appropriate for the water supply. The WQI score was 
78.37, and the range of the WQI in categories in class 3. 
In the rainy season, (1st May to 31st August) the calculated 
WQI score was 74.63, and was in the same range of WQI 
as in the dry season, as illustrated in Tables 7 and T8. The 
water quality was average to good because the upstream 
of Chao Phraya River was less contaminated by pollution 
point sources throughout the river, including 
communities, industrial plants, aquaculture, and various 
animal farms than downstream. 

WQI Calculation and parameters analysis should be 
considered the peak or critical event of parameter values. 
For example, in February 2021, drought and the incursion 
of saltwater in river basins caused a crisis in Thailand, 
resulting in more discharge from upstream reservoirs to 
manage such problems. Upstream water from the Chao 
Phraya River basin was not enough to push seawater 
intrusion back at the MWA Samlae Raw-water Intake.  

Thus, seawater contamination in raw water leads to 
increasing salinity of the water supply (MWA raw water 
standard salinity value ≤ 0.25 g/l), and water treatment 
plants cannot remove saltiness from the raw water. In this 
situation, water quality is not up to potable water 
standards which may affect consumers and cause damage 
to the country's industrial sector in the future. 

The WQI score was applied in evaluating the trend of 
water quality. Results are illustrated in Figure 6. It can be 
seen that in the dry season, the WQI value tends to be 
better than the WQI values in the rainy season. The rainy 
season WQI may be influenced by soil erosion, 
chemicals, and industrial and community effluents that 
flow into the raw water sources. If considering the trend 
of annual average discharge value. It can be seen that the 
trend of 2018-2020 was a continuous decrease in runoff 
volume. This will affect the WQI values for both the dry 
and rainy seasons during 2018-2020. The WQI values in 

the dry season were 78.89, 81.79, 82.58, 81.76, 81.14, 
78.70, and 67.94, the WQI values in the rainy season were 
68.75, 74.07, 78.73, 79.59, 79.12, 77.20, 76.52 and 68.50 
(forecast value), respectively which seems to indicate that 
the WQI value is relative to the decrease of annual 
discharge. 

If the forecasting value is true, the water quality 
became poor water, fairly clean freshwater resources for 
consumption purposes require a conventional water 
treatment process or advanced water treatment process 
before being used since the water quality was under 
average level. 

Typically, the climate variability effect or drought 
encountered, when evaluating water quality, yields 
obscure water quality. However, the index proposed 
shows the effect of climate variability on water quality 
prediction, in particular the raw water quality of the water 
treatment process. 

 

5. CONCLUSIONS 

The established WQI can be used instead of the 
traditional water quality evaluation since the developed 
WQI requires only 13 selected parameters rather than the 
usual 42 parameters generally used. This illustrates that 
the WQI provides a more convenient way to understand 
water quality than a long list of numerical values for a 
group of parameters. This enables the public and non-
scientific communities to share and understand the data 
monitored. The WQI can assist those in charge of the 
water resource to make more efficient use of the Decision 
Support System (DSS) of the authorities to improve water 
quality to sustain water supply usage.  

Overall, it may be inferred that the WQI may serve as 
a tool for describing water quality in terms of the specific 
water usage for the water supply. The WQI may also be 
used as a tool for measuring water quality trends in the 
water source. The water supply index developed in this 
study and the minimum operators may be used as an 
indicator reflecting the presence of pollutants in the river 
or water resource. 

As a result, the MWA should be aware of the need to 
periodically inspect and sample the raw water, and to 
develop a tool and methods to solve the problem more 
efficiently and thereby reduce the impact of water 
pollution more successfully than before. Appropriate 
tools and strategies, such as those developed in this study, 
can solve the various problems, particularly saltwater 
intrusion, more effectively. 
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Figure [5-2] – [5-13] Rating curves of water quality parameters
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Table 7 the average WQI value in the dry season (1st September – 30th April, 2010 - 2021) 
 

Parameter Unit 
Weighting Scale Sampling 

data 
Q-Value WS*Q-Value 

SR TW WS 

pH - 1.40 0.70 0.07 7.35 80.270 5.51 

Color Pt-Co 1.40 0.70 0.07 1.00 91.954 6.31 

Hardness mg/l 1.60 0.80 0.08 101.98 54.006 4.24 

TDS mg/l 1.60 0.80 0.08 278.61 94.417 7.41 

Fe mg/l 1.20 0.60 0.06 0.89 98.056 5.77 

Mn mg/l 1.20 0.60 0.06 0.09 99.804 5.87 

NO3-N mg/l 1.20 0.60 0.06 1.30 100.000 5.88 

BOD mg/l 2.00 1.00 0.10 1.85 82.444 8.08 

DO mg/l 2.00 1.00 0.10 3.86 50.917 4.99 

Total PO4-P mg/l 1.40 0.70 0.07 0.10 65.421 4.49 

Conductivity (µS) 2.00 1.00 0.10 280.96 72.159 7.07 

Salinity  ppt 2.00 1.00 0.10 0.20 73.268 7.18 

Turbidity NTU 1.40 0.70 0.07 24.50 81.054 5.56 

  ∑ 10.20 1.00  WQI   =  78.37 
 
Table 8 the average WQI value in the rainy season (1st May – 31st August, 2010 - 2021) 
 

Parameter Unit 
Weighting Scale Sampling 

data 
Q-Value WS*Q-Value 

SR TW WS 

pH - 1.00 0.50 0.05 7.53 76.816 3.77 

Color Pt-Co 1.60 0.80 0.08 11.00 87.320 6.85 

Hardness mg/l  1.60 0.80 0.08 40.00 81.556 6.40 

TDS mg/l 2.00 1.00 0.10 1113.00 54.096 5.30 

Fe mg/l 1.60 0.80 0.08 0.47 98.460 7.72 

Mn mg/l 1.40 0.70 0.07 0.02 100.514 6.90 

NO3-N mg/l 1.60 0.80 0.08 2.26 100.000 7.84 

BOD mg/l 1.60 0.80 0.08 2.00 80.774 6.34 

DO mg/l 1.60 0.80 0.08 4.10 55.216 4.33 

Total PO4-P mg/l 1.60 0.80 0.08 0.01 92.777 7.28 

Conductivity (µS) 1.40 0.70 0.07 2232.00 5.021 0.34 

Salinity ppt 1.40 0.70 0.07 0.40 61.134 4.20 

Turbidity NTU 2.00 1.00 0.10 34.00 75.194 7.37 

  ∑ 10.20 1.00  WQI   =  74.63 
 

 
Figure 6 Trend in water quality of WQI scores for the dry season and rainy season between 2014 – 2021
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