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## 5173862123: MAJOR COMPUTER SCIENCE AND INFORMATION TECHNOLOGY

KEYWORDS : Water quality / Water management / Classification and regression tree /
Multilayer perceptron neural network / Sub-space clustering / Clustering techniques /

supervised and unsupervised neural networks

SIRILAK AREERACHAKUL: PREDICTION OF WATER QUALITY FOR BANGKOK
CANALS USING DATA MINING TECHNIQUES. ADVISOR: ASSOC PROF.
PERAPHON SOPHATSATHIT, Ph.D., CO-ADVISOR: PROF. CHIDCHANOK
LURSINSAP, Ph.D., 78 pp.

Water is usually subject to contamination caused by human activities. The main
problems being studied are two folds, 1) derivation of an appropriate model that can
achieve accurate classification of water, and 2) construction of an efficient model in
predicting the amount of Dissolved Oxygen (DO) that affects water quality of Bangkok's
canals based on 13 water quality parameters. These parameters are collected from the
data obtained from the Department of Drainage and Sewerage, Bangkok Metropolitan
Administration during 2003-2011. This research proposes two prediction models. The
Classification and Regression Tree (CART) model is established to classify water quality
in Bangkok’s canals. The second model is set up to cluster water quality parameters
and integrated the clusters to predict DO with the help of an ANN model. Result
comparisons by correlation coefficient (R), mean absolute error (MAE), and mean
square error (MSE) between the proposed technique and other techniques show higher

accuracy than the comparative techniques. Contributions of this work can be applied to

better water quality planning and effective treatment.
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CHAPTER |

INTRODUCTION

Water will become the major constraining resource for sustainable
development of large areas in the world. Classification and prediction water quality is an
important component of water resource management and becomes the main basis for
forward looking policies to relevant organizations. As water environment is a complex
nonlinear system, many factors affect the water quality which often complicates the
structure parameters and boundary conditions of the system in defining and

establishing a representative water quality model.

1.1 Statement of the Problem

The quality of water resource is a subject of ongoing concern. Accurate
assessment of long term water quality variations is also a challenging problem. One of
the remedy to solve this problem is an increasing demand for monitoring water quality of
many canals and rivers by regular measurement of various water quality parameters.
Various municipal activities, ranging from commercial, industrial, and service that are
initiated as a result of rapid expansion of the city and its population, are the culprit of
accumulated environmental pollutions. Bangkok is the capital city as well as the
economic center of Thailand. Water quality, in particular along the interconnecting
canals of Bangkok, deteriorates to a point that the ecological system can no longer
absorb such overwhelming pollutants into water resources [1]. At present, pollution level
of the canals in most areas of Bangkok is very severe because the canals are still
served sewers for direct discharge of waste water. Although there are legal regulations
for large buildings on waste-water treatment or septic tanks in residential area, the

problem still prevails. Some waste water is still discharged without treatment to public



sewers which in turn drained into the canals [2]. The city uses Dissolved Oxygen (DO)
which is one of the most common indicators of the aquatic ecosystem [3] to measure

such leakage. The major impact can be classified into 3 types: [2]

® |mpact to tourism activities: Bangkok is the capital city and the
center of tourism. Therefore, deterioration of canal water has a direct impact to tourism
activity. As pollution in canals is in the inner area of Bangkok, it certainly gives negative

impression to the tourists who travel and stay in Bangkok.

® |mpact to aquatic life: Basically, water pollution causes deaths of
aquatic creatures either by its toxicity or reducing DO concentration. The toxicity may
come from high concentration of sulfide or ammonia. It is observed that when water is
polluted, more species of organisms are affected since they are generally more
sensitive than fishes. Changes in specie mutation and counts are common. In severe
cases, where DO concentration becomes zero, all aquatic creatures die. This

phenomenon occurs in the highly polluted canals of Bangkok.

® |mpact to public health: Poor sanitary conditions prevail in many
parts of Bangkok. Records of some water related diseases generally associated with

sanitary conditions are discussed in the Annual Epidemiological Surveillance.

Effects to lessen the above impact are attempted. Several techniques
and tools for water quality management are applied, such as traditional statistics and
data mining techniques. The latter has become extremely popular for classification and
prediction in a number of application areas, power generation, bioinformatics water
resources, and environment science.

This research proposes data mining technique to classify water quality
based on surface water quality standards and derives methods to enhance performance
efficiency of DO prediction model. This is one of the important water quality parameter

which define different water quality measures depending on the designated area.



Additionally, this parameter can provide useful information for better planning and

watershed management of canals in Bangkok.

1.2 Related Works

Water resource is of tremendous significance in our daily life and
protection of the water resource is equivalent to the protection of our own life. However,
with the development of modern society and increase of the population, a series of
severe problems related to the water pollution has emerged and attracted more
attention than ever before. The investigation on the water quality can be carried out in
two procedures: classification and prediction. Recently, many researchers have
reported about water quality prediction [4-6]; and lots of forecasting methods are
proposed such as multivariate linear regression, time series method, decision tree, and
so on. Park [7] combined two different artificial neural network (ANN) models to pattern
and predict ecological status and water quality of target ecosystems. ANN was also

used to model and predict the water quality index for rivers in Malaysia [8].

Fernandez, E [9], in the Puerto Mallarino clear water plant located in Cali,
conducted a series of numerical experiments which used optimal doses of coagulants
for water treatment. The experiments demonstrated the closeness of fit in real time that

could be achieved with data sets collected using ANN.

Li-hua Chen [10] applied ANN to classify water quality of the Yellow
River. Within the period from 2003 to 2005 (high water, normal water and low water) 63
samples were collected and the measurement of 10 chemical variables of the Yellow
River of Gansu were carried out. These variables are DO, Chemical Oxygen Demand
(COD), Non-ion Ammonia (NHx), Volatilization Hydroxybenzene (OH), Cyanide (CN),
etc. The results of all measurements for handling different chemo-informatics methods
were employed: these were basic statistical methods that utilized uniform design to

determinate the data set according to the water quality standards. Multi-layer



perceptron (MLP) neural network and probabilistic neural networks (PNN) were used to
classify the water quality of different sampling sites and different sampling time. The
correlation between class of water quality and chemical measurements was determined.
The model between the water quality classes and chemical measurements was built,
and these models could quickly, completely, and accurately classify the water quality of

the Yellow River.

There are several methods previously proposed to compute DO
concentration in streams based on deoxidation process [11], rivers [12], and lakes [13].
However, these water quality models are often complex and costly in nature and data
demanding [14]. ANN has been successfully used as an analysis tool in the field of
water quality prediction and forecasting [15]. Palani, et al. [16] applied a neural network
model for the prediction and forecasting of selected seawater quality variables.
Soyupak, et al. [17] used a neural network approach to compute the pseudo steady
state time and space dependent DO concentration in three separate reservoirs having
different characteristics based on limited number of input variables. Sengorur, et al. [18]
used a feed-forward neural network (FNN) to estimate the DO from limited input data.
Kuo, et al. [19] applied ANN model to predict the DO in the Te-Chi reservoir (Taiwan).
The correlation coefficients between predicted and observed DO values for training and
test data sets were 0.75 and 0.72, respectively. Singh, et al. [20] computed DO and
BOD levels in the Gomti river (India) by using a 3-layer FNN with back-propagation
learning. The coefficients of predicted and observed DO values for training, validating,
and testing data sets were 0.70, 0.74, and 0.76, respectively. Moreover, sensitivity
analysis was used to select the relevant input parameters. Then FNN was applied to
predict the DO in the Gruza reservoir, Serbia [21]. It can be seen that the accuracy of
these results are not high enough for practical use. This may be caused by the improper

training process.



1.3 Objectives

1. To develop a methodology to classify surface water quality in canals

2. To classify surface water quality in canals based on surface water
quality standards.

3. To develop a methodology that can significantly improve prediction of

DO in canals.

1.4 Scope of work

In this dissertation, the scope of work is constrained as follows:

1. Obtaining the data of water quality from the Department of Drainage
and Sewerage Bangkok Metropolitan.

2. Using Data mining techniques to classify water quality based on
surface water quality standard.

3. Integrating unsupervised and supervised neural networks to predict

DO parameter.

1.5 Dissertation Organization

This dissertation is organized as follows. Chapter 2 provides necessary
background for classify and prediction surface water quality. Chapter 3 describes
algorithms and data collection. The results and discussion are given in Chapter 4.

Finally, Chapter 5 concludes the work and suggests future extension.



CHAPTER I

RELATED BACKGROUND

This chapter provides the basic knowledge of water quality and theoretical

background on classification and prediction water quality.

2.1 Knowledge of Water Quality Model

Water quality models can be applied to many different types of water
system, including streams, rivers, canals, lakes, reservoirs, estuaries, coastal waters
and oceans. The models describe the main water quality processes, and typically
require the hydrological and constituent inputs (the water flows or volumes and the
pollutant loadings). These models include terms for dispersive and/or advective
transport depending on the hydrological and hydrodynamic characteristics of the water
body, and terms for the biological, chemical, and physical reactions among
constituents. Advective transport dominates in flowing rivers. Dispersion is the
predominant transport phenomenon in estuaries subject to tidal action. Lake-water
quality prediction is complicated by the influence of random wind directions and
velocities that often affect surface mixing, currents, and stratification. For this and other
reasons, obtaining reliable quality predictions for lakes is often more difficult than for
streams, canals, rivers, and estuaries. In coastal waters and oceans, large-scale flow
patterns and tide are the most important transport mechanisms. The development and
application of water quality models is both a science and an art. Each model reflects the
creativity of its developer, the particular water quality management problems and issues
being addressed, the available data for model parameter calibration and verification, the
time available for modelling and associated uncertainty, and other considerations. The
fact that most, if not all, water quality models cannot accurately predict what actually

happens does not detract from their value. Even relatively simple models can help



managers understand the real world prototype and estimate at least the relative, if not
actual, change in water quality associated with given changes in the inputs resulting
from management policies or practices [22].

The recent deployment of in situ instrumentation in rivers, streams, and
creeks nationwide, as well as real-time data reporting via satellite communication
technology furnishes a wealth of data that had never before in the past. Special
techniques such as data mining can utilize this vast base of data for pattern recognition

and machine learning, so as to make accurate predictions.

2.2 Artificial Neural Networks

Artificial neural networks (ANN) is a mathematical algorithm for
information processing and knowledge acquisition through the learning processes. In
the design of network calculations, there is a massive interconnection of simple
computing cells called neurons which will be used to imitate the human brain’s
capability. General descriptions of artificial neural networks can be found in various
existing literatures [23] [24]. This section briefly describes ANNs in comparison with the

human brain as follows.

Historically, ANN is a mathematical model or computational model based
on biological neural networks. ANN can be considered as parallel distributed
processors made up of simple processing units. Its functionality is to store experimental
knowledge and to make it available for later use. ANN resembles the human brain in

two aspects:

1. Knowledge is required by the network from its environmental through
learning process.
2. Inter-neuron connection strength defined by weight value is used to

store the acquired knowledge.



Human brain is basically composed of a specific type of cells, known
as biological neurons. These cells provide us the abilities to remember, think, and apply
our past experience to make decisions or solve problems. The brain is activated as a
result of these biological neurons and the connections between them. Figure 2.1 depicts
the two interconnected biological neurons. Each biological neuron comprises of four
basic components, namely, dendrite, soma (cell body), axon, and synapses. Input and
output signals to the soma of a biological neuron are transmitted along the axon and
dendrite, while the synaptic resistance controls the strength of the signal. These neurons
naturally learn to produce a particular signal by adjusting the synaptic resistance.
Neurons that are connected to the others constitute an enormous network called a

neural network. The synaptic resistance is formally referred as the weight of neuron.

Cell [Neuron]1

Soma

Nucleus
Synaps

Cell [Neuron]2

Figure 2.1: Two interconnected biological neurons.

ANN resembles the biological neuron in a way that each component forming an artificial
neuron has a consistent functionality in comparison with biological neuron as follows:
soma is consistent with a neuron node, axon is consistent with output, dendrite is

consistent with an input, and synapse is consistent with a weight.



2.2.1 Classification of Artificial Neural Networks

For simplicity, this literature will hereafter refer to *“artificial neural
network” as “network” or “ANN” and *“artificial neuron” as “neuron.” The general
procedure of learning process or learning rule in a network is equivalent to adjusting
weights of the network. Networks can be classified into three broad categories [23]

based on the learning types as

1. Supervised learning: The learning rule or weights adjustment is
referred to the set of input-target pairs called training set applied to the network. The
learning objective is to produce the output as close to the target of the same input as

possible by weight adjustment.

2. Unsupervised learning: The learning without a teacher does not
require a target associated with each input pattern in the training data set. It explores
the underlying structure, or correlates between patterns in the data, and organizes

patterns into finite categories from these correlations.

3. Reinforcement learning: It is similar to supervised learning except that,
instead of being provided with the target for each network input, the output of the
network is assigned to grades or scores. Grade or score is the measure of the
correctness of network outputs over a sequence of inputs.

The ANN with proposed learning rules have been widely used for solving
seven classes of the challenging problems in sciences and engineering [25], namely, (i)
pattern classification such as character and speech recognitions, (ii) clustering or
categorization including data mining, data compression, and exploratory data analysis,
(iii) prediction and forecasting, (iv) function approximations, (v) optimization, (vi)
content-addressable memory or associative memory, which is extremely desirable in
building multimedia information databases, and (vii) system control, such as engine idle-
speed control. For applications on prediction problems, function approximations, pattern

classification, data compression and control, the supervised learning neural network



10

gains more popularity among researchers. In this work, the back-propagation algorithm,
which is one of the important classes in supervised learning category, is used to model

the rainfall-runoff relationship in the designated study areas.

2.2.2 A Neuron Model

A neuron model comprises of five basic elements, as shown in Figure
2.2. These elements are mathematically described as input vector, weight values,

summer, activation function, and output of neuron.

Figure 2.2: A neuron model.

An R-dimensional input vector X of a neuron is characterized by
X, X500y Xg . Generally, this input can be derived from the input data or the output
signals produced from other neurons. Weights W, W,,..,W; and a bias b are
adjustable parameters. Bias b can be considered as weight of which the input is 1. A
summer Z is an operator for generating net input n for an activation function f . The
net input n is a weighted sum of all input fed into the neuron. The activation function f
could be either linear or nonlinear function. A neuron produces only one output y,

which can be written as
R -
y="f(n)  where n=> wx fori=0;w,=bandx,=1. (2.1)
i=0

Generally, the output of a neuron is defined in terms of the net inputn.

Three basic types of the activation functions are



1. threshold function or heaviside function defined by

1 if n>0
f(n) = o ,
0 if n<O0

as shown in Figure 2.3
f(n)
Figure 2.3: Threshold function.

2. piecewise-linear function defined by

1, nx1

f(n)=<n , 1>n>0
<
0, n<0 (2.3)

as shown in Figure 2.4

f(n)

1.2

0.8
0.6
0.4

0.2

Figure 2.4: Piecewise-linear function.

3. logistic sigmoid function defined by

(2.2)
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f(n)=-—+_
l1+e (2.4)

as shown in Figure 2.5

f(n)

Figure 2.5: Logistic sigmoid function.

2.2.3 Multilayer Perceptrons

For supervised learning model, network convergence depends on
learning parameters (weights and biases) that must be adjusted based on the result
comparison of the network output and the target. One of the well-known neural networks
for this learning objective is the multilayer feed-forward neural networks, which are
commonly referred as the multilayer perceptrons. The feed-forward network structure

typically consists of three layers: input layer, hidden layer, and output layer.

Input layer is the first layer consisting of neurons, called source nodes,
which are derived from elements of the input pattern. The source nodes constitute the
input signal for the neurons in the second layer.

Hidden layer is the second layer containing the computational nodes
designed for signal from the input layer. In this layer, the weights and biases are
adjusted by the calculation of which the output is passed on to the layer below it. The
next layer can be another hidden layer or the output layer.

Output layer is the last layer of the network. It consists of computational

nodes that are responsible for producing the network output.
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Figure 2.6: Structure of multilayer perceptrons.

When every neuron in each layer is connected to every other neuron in
the next layer, the network is called a fully connected network as shown in Figure 2.6. If,
however, some of these connections are missing, the network is said to be partially

connected.

2.2.4 Learning Process

In the learning process of artificial neural network, there are learning
rules based on weight and bias adjustment. The adjustment process is derived by the
minimization of mean square error between the targets and corresponding outputs of

the network.
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Neural
Network
v
Weight Output
Adjustment

A

Check
tolerance,

d

Yes

Figure 2.7: Diagram of weight adjustment process.

Figure 2.7 illustrates the diagram of weight adjustment process in the
back-propagation algorithm. Firstly, the weights of the network are initialized. For each
epoch, the input is fed into the network to generate the network output. Then, the
difference, between the outputs and the corresponding targets by adopting statistical
criterion (mean square error), is computed. If the difference is more than a tolerance d,
then the weight adjustment of computational nodes is performed. The name of back-
propagation is derived from the direction of weights adjustment, which proceeds
backward from the output layer to the first hidden layer in the network. The process is
performed iteratively until the difference between the targets and the corresponding

network output is less than the tolerance d. Finally, the set of weights from the
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converged network is tested on another data set for validation. There are two kinds of
signals, associated with the weights adjustment process, namely functions and error
signals. The function signal is a signal generated from input nodes or output of neurons
in hidden layers. This signal propagates forward through the network and transforms to
the network outputs. The error signal originates at an output layer and propagates

backward through the network.

To improve the learning process, the back-propagation algorithms are
adopted in the weight adjustment process [26-30]. There is a variation of back
propagation algorithms. The standard method is a gradient descent algorithm. The limit
of this algorithm is that its learning time is practically slow due to the impact of learning
rate [27]. There is no theoretically learning rate setting criterion to achieve the optimal
learning rate that compromise between the high learning speeds and the minimization of
the risk of divergence. Therefore, faster algorithms have been proposed and developed
to avoid this difficulty for the past few years. Some of these faster algorithms can be
classified by the two main approaches based on the order of Taylor's series expansion
including first-order methods and second-order methods. First-order methods are
derived from the analysis of the performance of the standard steepest descent algorithm
such as resilient back-propagation algorithm. Second-order methods utilize standard
numerical optimization techniques based on a quadratic model such as conjugate
gradient, Quasi-Newton, and Levenberg-Marquardt algorithms. In both cases, iterative
techniques are applied to minimize the cost function.

In this dissertation, the Levenberg-Marquardt algorithm is used in the
weight adjustment process for the network training. This algorithm is one of the most
efficient learning algorithms for neural network. The main advantage of the Levenberg-

Marquardt is its speed of convergence [27] [31-32].
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2.2.5 Levenberg-Marquardt Algorithm

The Levenberg-Marquardt (LM) algorithm [23] [31-32] is originally based
on the minimization problem of a performance function F (X) , which is the sum of square
functions. It is derived from Newton’s method for the estimation of Hessian matrix, which

is the second derivatives of the performance function, in terms of the Jacobian matrix.

The Newton’s method for optimizing a performance function F(X) is

described as follows:
AX, =-H/'g,, (2.5)
where H}'is the inverse of Hessian matrix (H, ) at the K" iteration. The Hessian matrix

(H,) characterized by H, = V?F(X,), and §, is gradient at the k" iteration given by
d, = VF(X,).

The sum of square functions F(X) can be written as
o IS o 1o
F(X) = EZVi (X) = SV (2.6)
i=1

Here X =[X X,... Xx,J'andV=[v, v, ... v, ]", where () is the transpose of vector or

matrix.

The /m element of the gradient can be expressed as

OF(X) o
” _;vi (W)axj. (2.7)

]

Therefore, the gradient can be written in matrix form as

§(x) = VF(X) =" (R)V(X), (2.8)
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where the Jacobian matrix is

N oV N
aVZ avz 6V2
=] ox  x  ox,
My Ny My
| OX 0%, OX, | (2.9)

The k,jth element of the Hessian matrix is given by

62v (x) oV, (X) ov, (X)
=[V*F(X)] [v; (X ) ! (2.10)
kJ ki ™ Z axk aXJ
The final form of the Hessian matrix can then be rewritten in matrix notation as
- e e AT s ol Y0V (X)
H(X) =V°F(X) =J(X) J(X)+S(X), where S(x)—Zvi (X)——=. (2.11)

OX, OX

i
For the Gauss-Newton method, it is assumed that S(X)=~ 0. The Hessian matrix

can then be approximated by

H(X) = V2F(X) = JX)"I(X). (2.12)

From (2.10) - (2.12), we obtain

AX, :_[‘]T(Xk)J(Xk)]-lJT(Xk)V(Xk)' (2.13)
One serious difficulty of the Gauss-Newton method occurs when the Hessian
matrix is not invertible at some iteration. To resolve this, the approximate Hessian matrix

has to be slightly modified by
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G=H-+ul ,where uis a positive constant. (2.14)
The question here is to show that the matrix Gcan be made invertible.
Let the eigenvalues and eigenvectors of H be {4,4,,..,A}and{z,,z,,...,2.},

respectively. Then
Gz, =[H+ullz, =(4 + 1)z, (2.15)
where 1 >0and | is the identity matrix.

The eigenvalues of G are A, + . It should be noted that both matrices G
and H possess the same eigenvectors. The matrix G can be made positive definite by
increasing 4 until A + g >0for all 1 and hence the matrix is invertible. Following (2.4),

the Levenberg-Marquardt algorithm can be expressed as
A%, =—[J7 (%, )3 )+ T IT (X (X, ). (2.16)
As u, increases, the learning rate decreases. This leads to the steepest

descent algorithm:

Y(k+1ZXk_iJT(Xk)V(Xk):Xk_ZLVF()?k) , (2.17)
k Ay
for large 1, .

On the other hand, the algorithm reduces to the Gauss-Newton method as
decreases to zero.

The algorithm begins by setting small value of g, i.e.z =0.01 . For

the k" iteration, if F (X) obtained from computation does not decrease, then g is
multiplied by a constantd > 1. Since a small weight adjustment in (2.17) is taken in the

direction of steepest descent, F(X)should eventually decrease. Once F(X)
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decreases, the g, is divided by & in the next iteration. This algorithm is basically the

Gauss-Newton, which can provide faster convergence [32].

2.3 Classification and Regression Tree

Classification and Regression Trees (CART) is a classification method
which uses historical data to construct so-called decision trees. Decision trees are then
used to classify new data. In order to use CART, one needs to know number of classes
a priori [33]. For building decision trees, CART uses learning sample which is a set of
historical data with pre-assigned classes for all observations. CART algorithm will search
for all possible variables and all possible values in order to find the best split in question
that splits the data into two parts with maximum homogeneity. The process is then
repeated for each of the resulting data fragments. CART can easily handle both
numerical and categorical variables. Among other advantages of CART method is its
robustness to outliers. Usually the splitting algorithm will isolate outliers in individual
node or nodes. An important practical property of CART is that the structure of its
classification or regression trees is invariant with respect to monotone transformations of
independent variables. One can replace any variable with its logarithm or square root
value, the structure of the tree will not change. The term partitioning refers to the fact

that the dataset is split into sections or partitioned.

2.3.1 Tree Growing Process

The basic idea of tree growing is to choose a split among all the possible
splits at each node so that the resulting child nodes are the “purest.” In this algorithm,
only univariate splits are considered. That is, each split depends on the value of only
one predictor variable. All possible splits consist of possible splits of each predictor. If
X is a nominal categorical variable of | categories, there are 2" =1 possible splits for
this predictor. If X is an ordinal categorical or continuous variable with K different
values, there are K —1different splits on X . A tree is grown starting from the root node

by repeatedly using the following steps on each node.
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1. Find each predictor's best split. For each continuous and ordinal
predictor, sort its values from the smallest to the largest. For the sorted predictor, go
through each value from top to examine each candidate split point or v, to determine the
best candidate, that is, if x < v, the case goes to the left child node, otherwise, goes to
the right. The best split point is the one that maximize the splitting criterion the most
when the node is split according to the criterion. The definition of splitting criterion is in
later section. For each nominal predictor, examine each possible subset of categories or
A, to find the best split, that is, if X€ A, the case goes to the left child node, otherwise,
goes to the right.

2. Find the node’s best split. Among the best splits found in step 1,
choose the one that maximizes the splitting criterion.

3. Split the node using its best split found in step 2 if the stopping rules

are not satisfied.

2.3.2 Splitting Criteria and Impurity Measures

At node t, the best split S is chosen to maximize a splitting criterion
Ai(s,t). When the impurity measure for a node can be defined, the splitting criterion

corresponds to a decrease in impurity.
2.3.2.1 Categorical Dependent Variable

If Y is categorical, there is Gini splitting criteria. At node t, let

probabilities p(j,t), p(t) and p(j/t) be estimated by

p(j,t)=M, 2.18)

w, j

where p(],t), j=1,...,J is the probability of a case in class j and node t,

N, :ZWn flly,=1). N,;®= Z w, f 1(y, =Jj)with 1(a=Db) being indicator

neh neh(t)

function taking value 1 when a =band 0 otherwise.
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h :{Xn,yn}::1 is the whole learning sample, h(t) is the learning samples that fall in

node t .

p(t) = p(j.1), (2.19)

where p(t) is the probability of a case in node t.

(- P __p(iy (220

P p® 3P’

where p(j/t), j=1...,J is the probability of a case in class j given that it falls into

node t.
2.3.2.2 Gini Criterion

The Gini impurity measure at a node t is defined as
i) =2, CG/j)pi/t)p(i/v), (2.21)

where C(i/ ]) is the cost of miss-classifying a class j case as a class i case. Clearly

C(j/))=0.
Alis,t) =i(t)— p,i(t,) - paity). (2.22)

where p_ and pg are probabilities of sending a case to the left child node t, and to
the right child node t, respectively. They are estimated as p, = p(t, )/ p(t) and
Pz = P(t:)/ P(t) .

Note that when user-specified costs are involved, the altered priors can be used to

replace the priors (optional). When altered priors are used, the problem is considered as

. C(jrx(j
if no costs were involved. The altered prior is defined as TT '( ])= (1)z(J)

- 2.cix()

, where

C(j)=2,CGi/ ).
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2.3.3 Stopping Rules

Stopping rules control if the tree growing process should be stopped or

not. The following stopping rules are used:

» If a node becomes pure; that is, all cases in a node have identical

values of the dependent variable, the node will not be split.

« If all cases in a node have identical values for each predictor, the node
will not be split.
» If the current tree depth reaches the user-specified maximum tree

depth limit value, the tree growing process will stop.

« If the size of a node is less than the user-specified minimum node size

value, the node will not be split.

* If the split of a node results in a child node whose node size is less

than the user specified minimum child node size value, the node will not be split.

« If for the best split S* of node t, the improvement Al (s*t)= p(t)Ai
(s*t) is smaller than the user-specified minimum improvement, the node will not be

split.
2.3.4 Missing Value Handling

If the dependent variable of a case is missing, this case will be ignored
in the analysis. If all predictor variables of a case are missing, this case will also be
ignored. If the case weight is missing, zero, or negative, the case is ignored. If the
frequency weight is missing, zero, or negative, the case is ignored. The surrogate split
method is otherwise used to deal with missing data in predictor variables. Suppose that
X* < s* is the best split at a node. If value of X* is missing for a case, the best surrogate

split (among all non-missing predictors associated with surrogate splits) will be used to
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decide which child node it should go. If there are no surrogate splits or all the predictors

associated with surrogate splits for a case are missing, the majority rule is used.

2.4 Clustering Techniques

Clustering is an important data mining technique that has a wide range
of applications in many areas such as biology, medicine, market research, image
processing, and geographical information systems, among others. In this research, the
water qualities of canals in Bangkok were grouped according to their characteristic
forming clusters. The clustering process was carried out using a K-means algorithm and

Fuzzy c-means algorithm.
2.4.1 K-means algorithm

K-means algorithm [34] is a cluster analysis technique used as a
partitioning method. It uses a similarity measure to cluster a group of data. Usually, the
similarity measure is based on L,-norm or L,-norm. K-means algorithm is composed of

the following steps [35]. Suppose a given data set must be clustered into K groups.

1. Generate the locations of K center points in the data space. These K
points represent the initial centroids.

2. Assign each data point to the closest centroid.

3. Recalculate the locations of the K centroids with respect to the
assigned data groups from step 2.

4. Repeat steps 2 and 3 until all centroids no longer change their

locations.

The aim of this algorithm is to find K centroids for the K clusters. The

algorithm minimizes the following objective function:
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K N

%Y

j=1 i=1

2
Vi —C,-H (2.23)

where v, is the i" data point, ¢, is the | cluster centroid, [¥] is L,-norm between a data

point v, and the cluster centroid ¢, , and N is the number of data points.

2.4.2 Fuzzy c-mean algorithm

Fuzzy c-mean (FCM) is a popular clustering technique for which a data
point is allowed to assign to two or more clusters based on its clusterwise membership
degrees. This method is frequently applied in pattern recognition [36]. The algorithm

minimizes the following objective function:

N C 2 2
J:ZZUU Vi ~C;

Shalct (2.24)

where N is the number of data points, C is the number of clusters, m is any real
number greater than 1, uirjn is the degree of membership of v, in the cluster j , V;is the
i" data, C; is the center of the jth cluster and ||*|| iS any norm expressing the similarity
between any measured data and the center.

Fuzzy partitioning is carried out through an iterative optimization of the
objective function as shown in Eq 2.19. The updates on membership degree ui'jn and the

C; cluster centroid are given by

ul = (2.25)

and
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c =" (2.26)

This iteration stops when
max {[uf (t+2)-uj (t)]} <& (227)

where N is a terminating criterion set between 0 and 1 and ui'jn (t) is the membership
degree at iteration step t. Eventually, this procedure converges to a local minimum or a

saddle of point of J. The algorithm is composed of the following steps:

1. Initialize matrix U (0) = [uirj”] andsett =0.

2. At t-step, calculate the centers vectors C(t) = [c,(t); c,(1),..., c.(t)]
based on U (t).

3. Update U (t) andsett=t+1t=t+1.

4. If max {HUI'J“ (vAd)=ul (t)“} < & then STOP otherwise return to step 2.

2.4.3 Compactness and Separation Quality Measures

The criteria widely accepted for partitioning a data set into a number of
clusters are the degree of separation of clusters and their compactness. The optimum
case implies that all parameters lead to the partitions as close as possible in terms of
similarity to the real partitions of the data set [37]. A reliable quality assessment index
should consider both the compactness and the separation; one of the quality measures
that can be used in clustering is described as follows [37-38].

The compactness of the i spatial data set V, Z{Vij eR"|1<j< Ni} :

determined by o (V,), is computed as follows:

N:

o(V,)= NLZ(VU\Z)T (vi—v). (2.28)

i j=1
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Assume the set of clusters {Vi}_Kl such that V = V, UV, U...UV, . After
i=

clustering, the following condition V; NV, =¢,i# j is expected to obtain. The total
compactness of spatial data set with respect to K clusters, denoted by o, , is defined

as
K
o, = Zl:\\a(vi )| - (2.29)
The average compactness of C clusters, Comp, is:
Comp = % : (2.30)

The average scattering of data set compactness, Scatt _Comp, is:

Comp

le ()]

The more compact the clusters are, the smaller the Scatt _Comp

Scatt . Comp =

(2.31)

becomes. Thus, for a given spatial data set, a smaller Scatt _Compindicates a better
clustering scheme. The distance between clusters is defined by the average distance

between the centroid of specified clusters, that is,

K K
S -]
d=—"r—— (2.32)
K (K —1)
The larger d implies the higher degree of separation among clusters. A

quality measure for clustering is defined as follows:

Scatt _Comp
— g

CD = (2.33)

The CD index measures the distance between the two clusters for the
hierarchical clustering [39]. The definition of CD indicated that both criteria of "good"

clustering (i.e., compactness and separation) are properly combined, enabling reliable
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evaluation of clustering results [38]. The small value of CD indicates that all the clusters

in clustering scheme are overall compact and separated.



CHAPTER 1lI

PROPOSED METHODOLOGY

3.1 Concepts of Proposed Solution

The characteristic of the canals in Bangkok is that they consist of many
sites, are very large and complex system. So, this research demonstrates CART Model
to classify water quality based on surface water quality standards. In addition, it
provides the prediction DO parameter by applying clustering technique ANN with to
arrive at better prediction results than without clustering technique. The proposed
solution contributes to providing useful information for better planning and watershed

management of canals in Bangkok.

3.2 Methodology of Classifying Water Quality

I Classify water Quality

> by CART

Preprocessing Data > Performance of
measurement

| Classify water Quality
L
> by ANN

Figure 3.1: Research methodology of classifying water quality

Figure 3.1 shows a methodology for classifying water quality based on
surface water quality standards. The objective is to find an optimal model to classify
water quality of Bangkok’s canals which constitute volume of data to be processed. The
CART model classifies water quality while the ANN model adds the prediction of DO to

attain finer and more accurate water quality.



29

The construct of ANN and CART algorithms are described below CART
analysis encompasses four basic steps. The first step is tree building, during which a
tree is built using recursive splitting of nodes. Each resulting node is assigned a
predicted class based on the distribution of classes in the learning data set which would
occur in that node and the decision cost matrix. The assignment of a predict class to
each node occurs regardless of that node is subsequently split into child nodes. The
second step determines stopping criteria for the tree building process. At this point, a
maximal tree has been produced which probably overfits the information contained
within the learning data set. The third step is tree pruning which results in the creation of
a sequence of simpler trees by cutting off increasingly important nodes. The fourth step
is optimal tree selection. The tree which fits the information in the learning data set but
does not overfit the information is selected from among the sequence of pruned trees.

ANN analysis consists of two important functions: as pattern classifiers
and as nonlinear adaptive filters. A general network consists of a layered architecture,
an input layer, one or more hidden layers and an output layer. The Multilayer perceptron
(MLP) is used extensively to solve a number of different problems, including pattern
recognition and interpolation. Each layer is composed of neurons, which are
interconnected with each other by weights. In each neuron, a specific mathematical
function called the activation function accepts input from previous layers and generates

output for the next layer. Both algorithms are summarizes below.

Algorithm1: Constructing Classification Tree
1. Partition the D-dimensional feature vector set V into training set V™ and
testing set V™ .

2. Apply the CART Algorithm to construct a classification tree T based on the set

V(Ir)
3 v.eV® 4
- Foreach Vi € o

4. Test and measure the prediction accuracy of V; with the corresponding tree T.

5. Endfor
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Algorithm2: Neural Network for Classification

1. Partition the D-dimensional feature vector set into training set \VAL

and testing
set V®
2. Set the first and final structures of neural network and called FirstNumHid and

LastNumHid, respectively.

3. For NumHid = FirstNumHid , FirstNumHid+1, ... , LastNumHid do

4. Construct the MLP with NumHid hidden neurons based on the set V|
5. For each Vi € V¥ do
6. Test and measure the prediction accuracy of V; with the obtained MLP

with NumHid hidden neurons.

7. Endfor

®

Endfor

3.3 Method of Predicting DO

DO Prediction by an
——  ANN wilhout Clustering

Technigue
(7)1
Data Preprocess — - mﬁm
o Clustorin i Y @)
L uf e  withClustoring = —l
o Technique
(2).2 (21.3
-
Tw

{2

Figure 3.2: The research methodology for 1-month DO prediction
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From Figure 3.2, a 1-month DO prediction of canals in Bangkok was
considered. The canals of Bangkok compose of many sites that form a complex water
network system. The main problem is to predict the amount of DO in the current month
based on 13 water quality parameters, namely temperature (Temp), pH value (pH),
Hydrogen Sulfide (H,S), DO, BOD, Chemical Oxygen Demand (COD) Suspended Solids
(SS), Total Kjeldahl Nitrogen (TKN), Ammonia Nitrogen (NH,N), Nitrite Nitrogen (NO,N),
Nitrate Nitrogen (NO,N), Total Phosphorous (T-P) and Total Coliform (TC) collected from
the previous month. These parameters can be considered as a T-tuple vector and are
treated as the input features in the predicting process, where T is the number of
parameters used as prediction inputs.

The prediction problem is transformed into a problem of constructing a
manifold of a predicting function or functional approximation in a high dimensional
space. To attain the prediction accuracy as high as possible, the error associated with
the constructed manifold must be minimized. Error minimization is based on the
observation that the constructed manifold can be easily represented as a set of
composite activation functions of all neurons in a supervised neural network. During
manifold construction, the amount of weight adjusted is controlled by the total error
computed from the entire training data set scattering in the data space. Therefore, it is
rather difficult to minimize the local error of the constructed manifold. To resolve the
effect, all data in the data space must be locally clustered and used to construct a local
manifold.

Let v, :[eill,e‘i]z,...,ei]13]T be the feature vector formed at time i and ¢,
be the jlh feature of vectori. An amount of DO at timei, denoted by 0, , can be written
as follows:

o ="f(v). (3.1)

The set of O; represents the whole manifold of data space. To construct the function
f() with minimum error for every 0;, the whole manifold must be partitioned into
several sub-manifolds to eliminate the error side-effect caused by irrelevant feature

vectors and their distribution. Each sub-manifold must be constructed by a function
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f(vi) for all v; distributed within the region of the sub-manifold. This observation

leads to the following sub-problems.

1. How can the set of v, for 1<K <N are clustered into several groups
so that the function approximated from each group has a minimum error with respect to
each targeto; ?

2. For a given group of V; obtained in problem 1, how can the sub-

manifold by function f () be constructed or approximated with a minimum error?

The first problem concerns the technique of clustering the feature
vectors according to their similarity. This may imply that the training feature space is
partitioned into several connected sub-spaces. It is rather difficult to estimate the best
number of clusters in the algorithm. Assume the number of cluster to be a constantK .
The actual value of K will be discussed in Chapter 4. For the second problem, the
feature vectors in each sub-space are trained by using a feed-forward neural network to
construct the manifold of the sub-space. The overview of the proposed algorithm to

construct the DO predicting function is as follows.

Algorithm 3: Constructing DO Predicting Function
1. Normalize of feature vectors by using Algorithm 4.
2. Partition feature vector set V into training set V" and testing set. V®
3. Apply K-mean clustering algorithm to group feature vectors V™ into
K clusters, i.e. {Vl("),VZ(“),...,VK(”)}.

4. Foreach V" 1<i<K do
5. Get the distribution boundary in each dimension from each feature

vector in /",

Train Vi(”)by using a feed-forward neural network.
Endfor

For each v, e V' do

© © N o

|dentify the corresponding neural network of step 6 by using the value of

each feature in V; and the distribution boundary obtained from step 5.
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Test and measure the prediction accuracy of V; with the corresponding
network in step 6.
Endfor
Apply fuzzy c-mean clustering algorithm to group feature vectors VT into K
clusters, i.e. {Vl("),VZ("),...,VK(”)}.
For each Vi(“),lg i<Cdo

Get the distribution boundary in each dimension from each feature

vector in /",

Train Vi(tr)by using a feed-forward neural network.

Endfor

For each v, e V(® do
Identify the corresponding neural network of step 15 by using the value
of each feature in v; and the distribution boundary obtained from step 14.
Test and measure the prediction accuracy of V; with the corresponding

network in step 15.

Endfor

Algorithm 4: Normalizing Feature Values

For 1< j <13 do

2. Leta = max{e,|.

3. Letb = min{e,;}.

4. Foreach g; ,1<i<N do

5 Compute & = 112
: ompute € = —— -
6. Endfor

7. Endfor

The following three performance measures, i.e., correlation coefficient

(R), mean absolute error (MAE), and mean square error (MSE) are used to evaluate the

performance of the propose technique. Definitions of these measures are as follows.
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Z(Qo_Mo)(Qp _Mp)

R= - =, (3.2)
\/Z(Qo - MO) Z(Qp -M p)
MAE = 3°[Q,- Q)| 23)
and
1 2
MSE :WZ(QO -Q,). (3.4)

where Q, and Qp are the observed and predicted values, N is the total number of

data, M,and M are the mean of the observed and predicted values.



CHAPTER IV

EXPERIMENTS AND RESULTS

This chapter describes the construction and experimentation of the
optimal model for classifies surface water quality and a methodology that significantly

improves the prediction of DO in canals. The experimental results follow subsequently.

4.1 Water Quality data

The data set used in this research were monthly water quality data
obtained from the Department of Drainage and Sewerage, Bangkok Metropolitan
Administration, during the years 2003-2011. There were 276 sites covering 155 canals.
A total data in the experiments consists of 13 parameters. The unit of each surface water
quality parameter is shown in Table 4.1 [2] and Figure 4.1 [1] shows the network of the

canals.
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Table4.1: LIST OF SURFACE WATER QUALITY PARAMETERS.

Name of parameters

Unit of measurement

Temperature
pH value
Hydrogen Sulfide
Dissolved Oxygen
Biochemical Oxygen Demand
Chemical Oxygen Demand
Suspended Solids
Total Kjeldahl Nitrogen

Ammonia Nitrogen

Nitrite Nitrogen

Nitrate Nitrogen
Total Phosphorous

Total Coliform

Celsius
Standard Units
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter
Milligrams per liter

Most Probable Number per 100 Milliliter




Figure 4.1: A map of canal in Bangkok

yAS
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4.2 Classifying Surface Water Quality based on Surface Water Quality
Standards

A period of five years water quality data of canal in Bangkok from 2003 to
2007 were used in the experiment. The main water quality indices include six
parameters namely, pH, DO, BOD, NO3N, NH3N and T-Coliform. There are 11,820
samples for the analysis in water quality classification. In this work, the holdout and
three-folds cross validation methods were used to evaluate the classification accuracy
of the CART and MLP neural network. For holdout method, the data set was partitioned
into two disjoint subsets called training and test subsets. In this work, the ratio of the
train and test subsets was 60:40. This implied that, from the data records, there would
be 7,092 and 4,728 records for the training and test subsets, respectively. For K-folds
cross validation method, the data set was partitioned into K disjoint subsets. The K-1
subsets were chosen for training and the remaining subsets were chosen for testing.
Thus, the learning procedure was executed three times on different test subsets. The
advantage of K-folds cross validation method, over the simple training and testing data
splitting, is repeated use of the entire available data for both building a learning machine
and testing it [40]. In this work, the three-fold cross validation was used for model

evaluation.

4.2.1 Surface Water Quality Standards

Many parameters can influence the surface water quality. Six parameters
are selected for the data of Bangkok’s canals. The surface water quality can be
classified as in Table 4.2 [2]. Generally, surface water quality can be divided into five
classes. Class | is extra clean fresh surface water resources used for conservation that
is not necessary passed through water treatment processes. This class requires only
ordinary processes for pathogenic destruction and ecosystem conservation where basic
organisms can breed naturally. Class Il is very clean fresh surface water resources used
for consumption that requires ordinary water treatment processes before being used by

aquatic organisms in conservation, fisheries, and recreation. Class Il is medium clean
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fresh surface water resources used for consumption, but is passed through an ordinary
treatment process before use. Class IV is fairly clean fresh surface water resources used
for consumption, but required special water treatment processes before use. Class V is

the source which is not within class | to class IV and is used for navigation.

Table 4.2: SURFACE WATER QUALITY STANDARDS.

Class
Pollutants Index
| [l [ \Y; V
pH (mg/l) n 5-9 5-9 5-9 >9
DO (mg/l) n 6 4 2 <2
BOD (mg/l) n 1.5 2 4 >4
NO,N (mg/l) n 5 5 5 >5
NH,N (mg/l) n 0.5 0.5 0.5 >0.5
T-Coliform
n 5000 20000 >20000 =>20000
(MPN)/100

Remark: n is natural of water

4.2.2 Classification and Regression Tree Model

A sample decision trees that generated from the k-folds cross validation
of classification and regression tree algorithm is shown in Figure 4.2. Classification and
regression tree starts with parent node which is BOD. The independent parameters
contain of 5 parameters, namely, pH, DO, NO,N, NH,N and T-Coliform. The CART
procedure examines all possible independent variables and selects one that results in
binary group. The obtained classification rules in, this study [41], are sequentially given

as follows:

1. 1f “BOD 24.05 " then “Class = 5".

2.1f“BOD < 4.05 " and “NH,N 2> 0.53 " then “Class = 5.
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3. If “BOD < 4.05 " and “NH,N < 0.53"” and “DO < 1.95" then “Class =

4. If “2.95 < BOD < 4.05” and “NH,N < 0.53” and “DO 2= 1.95” and “T-
Coliform < 9350 " then “Class = 4".

5. If “BOD <2.95” and “NH,N < 0.53” and “1.95 < DO < 3.05” and “T-
Coliform < 9350 " then “Class = 4".

6. If “BOD <2.95” and “NH,N < 0.53” and “DO 23.05” and “T-Coliform <
9350 ” then “Class = 3”.

7. 1f “BOD <2.95” and “NH,N < 0.53” and “DO 2> 1.95” and “T-Coliform
2> 9350 " and “NO,N 25.375 " then “Class = 5".

8. If “BOD <2.95” and “NH,N < 0.53" and “DO 2 1.95" and “ T-Coliform
220500 " and “NO,N <5.375 " then “Class = 4.

9. If “BOD <2.3" and “NH,N < 0.53” and “DO 2 1.95” and “9350 <T-
Coliform < 20500 " and “NO,N <5.375 " then “Class = 3".

10. 1 “2.3 < BOD <4.05” and “NH,N < 0.53" and “DO 2= 1.95" and “9350
<T-Coliform < 20500 " and “NO,N <5.375 " and “ pH<6.875 " then “Class = 3".

1. If “2.3 < BOD <4.05” and “NH,N < 0.53" and “DO 2> 1.95” and
“9350 <T-Coliform < 20500 " and “NO,N <5.375 " and “ pH 2 6.875 " then “Class = 3"..
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Figure 4.2: Example of Classification and Regression Tree Model

4.2.3 MLP Neural Network Model

The Levenberg-Marquardt algorithm uses input vectors and
corresponding target vectors to train the neural network. All training records were fed
into the network to learn the potential relationships between water quality indices and
their corresponding categories. Accordingly, the 6 input layer nodes represented 6
water quality indices, while the 5 output layer nodes represented the 5 different class
categories. The trained neural network determined an output representing the specific
class for each water quality index. Test samples were used to verify the model
classification ability through many experimental investigations. The number of hidden

nodes that provided the optimal result was 4 nodes. The architecture of the network is 6-
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4-5 as shown in Figure 4.3. The target mean square error (MSE) is 0.001 after 5000

iterations.
pH
Class |

DO
Class Il

BOD
“lass 11

NO:N

NH:N
Class V

T-Coliform Output Layer

Input Layer

Figure 4.3: The architecture of the network 6-4-5.

The results of percentage accuracy comparison of canal water quality
classification between CART and MLP neural network with holdout and three-folds cross
validation are given in Table 4.3. It can be seen that classification and regression tree
and multilayer perceptron neural network yielded higher performance after applied
three-folds cross validation. The CART better correctly classified than multilayer
perceptron neural network having the accuracy to be 99.96%. Application of the CART
and MLP neural network indicates that it is robust and remarkably improves the
efficiency of the classification of water pollutions which are useful for planner and
watershed management nutrient loading, sedimentation and also water treatment

process.
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Table4.3: RESULTS OF PERCENTAGE ACCURACY IN THE TEST SET.

Method
CART MLP
Accuracy
Percentage (%)
Holdout 99.75 97.31
three-folds Cross Validation 99.96 98.82

4.3 Prediction of DO Parameter

To evaluate the merit of the proposed technique, two separated
experiments of DO prediction were conducted. The first experiment was to predict
without clustering. In this experiment, only one neural network was deployed to
construct the predicting function. The second experiment was to the prediction with a
priori clustering as discussed in Chapter 3. Details and results of each experiment are

summarized in the following sections.
4.3.1 Prediction of DO without Clustering

In the first experiment, the 13 water quality parameters already collected
were used to form the set of input-target pairs. The total 13,846 input-target pairs were
separated into training and test subsets at the ratio 70:30. For the prediction model
construction, the relevant input determination for predicting the DO in the current month
tbased on the collected 13 water quality parameters of the previous month t—1was
performed. The correlation values between each parameter in the month t—1, and the
DO in month t were computed as shown in Table 4.4. The primary test for input
determination was conducted. From Table 4.4, it is shown that the parameters SS and

NH,N provide two least values of the absolute values of the correlation. Three groupings
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of number of input parameters, called NumInp , were empirically evaluated as follows: i)
Numinp = 13 parameters selected as inputs, ii) Numlnp= 12 parameters except SS
selected as inputs, and iii) NumInp= 11 parameters except SS and NH,N selected as
input. For model evaluation of each group of inputs, the separation process was
repeated ten times by a random selection with replacement. Then the MLP model was
created for each of the ten training subsets and executed by a neural network with LM
optimization. The sigmoid transfer function was used as an activation function of the
hidden and output neurons. A trial and error strategy was applied, setting the number of
epochs to 12,000 accordingly. The MSE measure was used for optimization, which was
set to 0.001. The number of hidden neurons varied from 13 - 80 for each training subset.
Since determining the optimal structure for each of 10 training subsets was time
consuming only one of the 10 training subsets was used as the data set to obtain the
optimal structure of MLP. The number of training subsets, test subsets of input-target
pairs, and the optimal structure of MLP neural network for each type of input are shown
in Table 4.5.

From Table 4.5, it is shown that NumInp = 13 with 13-76-1 NN structure
give the highest correlation coefficient. The architecture of the network is shown in
Figure 4.4, where the 13 water quality parameters are selected as inputs of NN and

considered to be relevant parameters for prediction of DO with clustering.
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Table 4.4: CORRELATIONS BETWEEN THE 13 PARAMETERS IN THE PREVIOUS

MONTH t—1 AND THE DO IN CURRENT MONTH t.

Parameters

in the month (t—1)

Correlation with DO

in the month (t)

Temp
pH
H,S
DO

BOD

COD

SS
TKN

NH,N

NO,N

NO,N
T-P
TC

0.191

0.493
0.425
-0.169
-0.279
0.073
0.004
-0.179
0.037
0.259
-0.464
0.145
-0.218
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Table 4.5: NUMBER OF TRAINING AND TEST RECORDS, AND STRUCTURE OF
NEURAL NETWORK WITHOUT CLUSTERING FOR EACH TYPE OF INPUT WITH
CORRESPONDING CORRELATION COEFFICIENTS (R).

Number of training Number of test Structure of neural Correlation
records records network Coefficient (R)
13-76-1
9,695 4,151 0.62% 0.043
(Numlnp =13)
12-76-1
9,695 4,151
’ ’ 0.58% 0.041
(Numlnp =12)
11-74-1
9,695 4,151
’ ) 0.53%+ 0.124
(Numlnp =11)
Tompscratures —L . ]

E1WN]

L]

Figure 4.4: The architecture of the network 13-76-1.
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4.3.2 Prediction of DO with clustering

For cluster analysis, the average of each water quality parameter on
each site was computed. K-means and Fuzzy c-mean algorithms were employed to
generate the K cluster sites. Then K ANN models were constructed to predict DO in K

clusters based on 13 water quality parameters for each site.

4.3.2.1 Site Clustering

In this study, compactness and separation were used as measures to
indicate the capability of generated centroids for representing the corresponding
vectors in the clusters in both K-mean and Fuzzy c-mean algorithms. The numbers of
clusters K were arbitrarily designated. As a result, different means were obtained among
clusters [42]. The maximum number of initial clusters (K) was set to 6, and the CD
values in equation (2.33) were used to evaluate the compactness and separation
quality. The smaller the value of CD was obtained, the better compactness and
separation of the clusters could be achieved. Therefore, the clustering configuration and
the number of clusters could be established by choosing the result with the smallest CD
value. The same CD values of K clusters by K-mean and Fuzzy c-mean algorithms are
shown in Table 4.6.

Table 4.6 demonstrates the comparisons between CD values of K-mean
and Fuzzy c-mean clustering results based on the number of clusters (K) from 2 to 6
clusters. It can be seen that, for each number of clusters (K), the K-mean result has a
lower CD value than that of the Fuzzy c-mean result. Therefore, K-mean algorithm
provides a better performance than Fuzzy c-mean algorithm in all the data set in this
experiment. In addition, the CD value from the K-mean algorithm is the lowest when K is
equal to 5, is 0.385. Thus, the number of clusters in K-mean algorithm was set to 5 for
every site.

Additional information for mean comparisons of water quality parameters
in five clusters is presented in Table 4.7. The mean value of water quality reflects some

forms of relationship among parameters | each cluster. In Table 4.7, cluster 2 shows the
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lowest DO and the highest BOD. It means that the volume of oxygen contained in the
water and the amount of oxygen held by the water depend on the water temperature,
salinity, and pressure. The amount of DO often determines the number and type of
organisms living in that body of water. This cluster denotes the worst quality of surface
water. High COD also indicates bad water quality. As H,S naturally occurs by decayed
organic matters, this implies that a high value of H,S also indicates poor water quality,
having rotten egg smell. Similarly, TKN, the combination of NH,N and organic nitrogen in
the sample, are measured in milligrams per liter (mg/l). NO,N originated from fertilizers,
industrial sources (non-point sources), and municipal discharges (point sources) can
contaminate the surface water run-off. TC indicates the amount of microorganisms in the
water. The high TC means high microorganisms or bacteria and bad water quality. Table

4.7 shows the best water quality in cluster 4 and the worst water quality in cluster 2.

Table 4.6: THE CD VALUE WITH VARIOUS NUMBER OF CLUSTER BY K-MEANS AND
FUZZY C-MEANS ALGORITHMS.

Number of Cluster (K) K-means Clustering Fuzzy c-means Clustering
K=2 0.859 1.107
K=3 0.462 0.486
K=4 0.391 0.422
K=5 0.385 0.429

K=6 0.397 0.452
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Table 4.7: DESCRIPTIVE MEAN OF WATER QUALITY PARAMETERS IN FIVE
CLUSTERS.

Water Quality
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Parameters
Temp 29.35 29.42 29.41 29.49 30.29
pH 7.05 7.04 7.03 7.06 7.37
DO 1.50 0.28 0.73 242 2.41
H.S 0.06 0.68 0.38 0.01 0.03
BOD 9.80 26.27 14.39 4.84 8.46
COD 43.37 72.61 51.52 30.70 67.57
SS 24.97 19.61 19.26 24.36 22.03
TKN 6.49 10.45 7.96 4.19 5.55
NH,N 1.85 3.89 2.54 0.75 2.26
NO,N 0.13 0.06 0.09 0.12 0.25
NO,N 1.95 PUENE, 2.10 1.89 0.85
T-P 0.73 1.35 0.97 0.30 1.31
T.Coliform 1.06E+08  6.97E+08  2.56E+08 1.76E+07  4.85E+06
Number of sites r 39 48 49 63

4.3.2.2 DO prediction by K ANN models

From the previous section, five-site clusters were established and data in
each site cluster was independently learned by each MLP network. For model
evaluation, the same training and testing subsets discussed in Section 4.3.1 were used
to create the model and to evaluate the performance. The same type of activation
function in the hidden and output layers as discussed in Section 4.3.1 was adapted in
this experiment. The training process was terminated by using the mean square error
measure and the number of epochs. The values of these stopping criteria are shown in

Table 4.8.
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The same selected training set as in Section 4.3.1 was used to determine
the appropriate number of hidden neurons in five MLP models. These numbers are
shown in Table 4.9. The number of hidden neurons varied from 13 to 80. After the
optimal number of hidden neurons in each MLP network was obtained, each MLP was
trained by using the remaining training data with 10 times of weight initialization. Figures
4.5a-4.5¢ illustrated the comparison of predicted value and observed value of DO with

30 records in each cluster.

Table 4.8: PARAMETER SETTING OF GOAL OF MINIMIZING MEAN SQUARE ERROR
AND THE NUMBER OF EPOCHS OF FIVE CLUSTERS.

Goal of minimizing mean
Cluster Number of epochs
square error

1 0.001 10,000
2 0.005 8,000
3 0.003 8,000
4 0.003 8,000
5 0.001 10,000

Table 4.9: NUMBER OF TRAINING AND TEST RECORDS AND STRUCTURE OF
NEURAL NETWORK WITH FIVE CLUSTERS.

Number of Training Number of test Structure of neural
Cluster

records records network
1 2,744 1,175 13-72-1
2 1,347 576 13-25-1
3 1,706 731 13-38-1
4 1,702 729 13-46-1
5 2,196 940 13-69-1
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4.3.3 Comparison between Two Approaches

The results of DO prediction with clustering technique and DO prediction
without clustering technique on ten data sets were compared by using the average
standard deviation of three measures previously mentioned. DO prediction with
clustering technique provides better average prediction values than those of DO
prediction without clustering technique in all three measures as shown in Table 4.10.
Furthermore, the standard deviation values of three measures from the prediction with
clustering technique are very small when being compared with the results from the
prediction without clustering technique. This implies that the DO prediction by ANN with
clustering technique is more stable than DO prediction by ANN without clustering

technique.

Table 4.10: THE AVERAGE PERFORMANCE VALUE WITH STANDARD DEVIATION OF
THREE MEASUREMENTS BETWEEN DO  PREDICTION WITHOUT CLUSTERING
TECHNIQUE AND DO PREDICTION WITH CLUSTERING ON TEN DATA SETS.

Type of Prediction R MAE MSE
DO prediction without
0.62t 0.043 0.88% 0.078 1.58% 0.363
clustering
DO prediction with
0.83+ 0.002 0.63+ 0.010 0.75+ 0.022

clustering

It can be seen that the clustering technique integrated with ANN
improved the DO prediction significantly. Since a large number of canals in Bangkok
obtained from various distinctive areas constituted high complexity of the data
physically, only ANN technique could not deal with this magnitude of complexity.
Therefore, the clustering technique was applied to manage the complexity due to the
very large number of canals by clustering the data with the same characteristic based
on compactness and degree of separation to the same group. Then, ANNs were applied

to construct the prediction model for each cluster. Moreover, the cluster of sites
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obtained empirically from clustering technique conformed to the geography of the

studied area as shows in Appendix B.



CHAPTER V

CONCLUSION

5.1 Conclusion

This dissertation proposes an automated methodology that can quickly
and efficiently classify the water quality of canals in Bangkok based on surface water
quality standard. The proposed method also, achieves highly accurate prediction of the
amount of Dissolved Oxygen (DO) in Bangkok's canals. In addition, a new technique is
proposed to enhance the prediction accuracy by transforming the prediction problem
into the problem of constructing a set of sub-manifolds of predicting function by
deploying unsupervised and supervised neural networks. The data set used in this study
were monthly water quality data obtained from the Department of Drainage and
Sewerage, Bangkok Metropolitan Administration, during the years 2003-2011. There
were 276 sites covering 155 canals. The parameters were collected and used in the
experiments consist of 13 parameters, namely temperature, pH value (pH), Hydrogen
Sulfide (H2S), DO, BOD, Chemical Oxygen Demand (COD) Suspended Solids (SS),
Total Kjeldahl Nitrogen (TKN), Ammonia Nitrogen (NH,N), Nitrite Nitrogen (NO,N),

Nitrate Nitrogen (NO,N), Total Phosphorous (T-P) and Total Coliform (TC).

Two experiments were conducted. The first experiment applied 6
parameters, namely, pH, DO, BOD, NH,N, NO,N and TC to classify based on
parameters in surface water quality standard. A K-folds cross validation was applied to
classification and regression tree (CART) and multilayer perceptron (MLP) neural
network using the Levenberg-Marquardt algorithm. The results indicate that the CART
performs with high accuracy classification percentage of 99.96%, while the MLP neural
network shows percent accuracy of 98.82. These encouraging results may be applied to

automate water quality classifications. The second experiment used data collected from
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Bangkok canals during the years 2007-2011, The proposed procedure for predicts the
amount of DO by employing a neural functional approximation based on 13 water quality
parameters. The entire data set was partitioned into several connected sub-spaces
using clustering techniques, and the data in each sub-space were used to construct a
local manifold in the form of a neural network. Prediction error of the clustering
technique is less than half of the error obtained from the prediction without clustering.
Because the applicability of these results are not limited to the Bangkok area, such a
generation of cluster analysis and neural functional approximation becomes a useful
and efficient tool for managing natural resources and maintaining compliance with water

management regulations and policies.

5.2 Future Work

® The water quality classification model can be further enhanced
with the help of Geographic Information System (GIS) to illustrate different areas of

surface water quality, efficiently used in wider water quality management project.

® |ntegration of unsupervised and supervised neural network

model of prediction DO parameters can predict other water quality parameters.

® The results obtained from neural network model should be

compared with other models.
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Appendix A

Sample of Water Quality Data
Source: Department of Drainage and Sewerage Bangkok Metropolitan Administration, dated

January 1, B.E.2552 (2009).

Date No. Color temp pH DO H28 BOD COD SS TKN NH3N NO2 NO3 TP :T.Coliform
124.p.52 12 |yellowgreen| 26 6.8 04 0.0 8 37 16 7.3 0.0 0.04 13 0.8 2.4E+06
124.p.52 13 |yellowgreen| 26 6.9 04 0.0 8 32 14 6.0 03 0.06 21 0.6 3.9E+05
124.p.52 14 |yellow green| 26 6.9 0.6 0.0 7 33 17 7.8 0.0 0.07 12 0.7 2.4E+06
124.p.52 15 brown 26 7.0 3.0 0.0 4 22 22 34 0.0 0.07 16 0.1 3.0E+04
124.p.52 21 gray 26 6.8 0.0 0.1 27 7 18 106 03 0.05 13 1.3 1.1E+08
124.p.52 31 gray 26 6.9 0.0 0.1 19 45 13 95 0.0 0.1 12 1.0 24E+07
124.p.52 41 yellow green| 26 7.0 15 0.0 4 26 14 7.3 0.0 0.09 33 04 2.8E+05
124.p.52 42 |yellowgreen| 26 71 3.0 0.0 4 16 24 45 0.0 0.12 21 0.2 24E+07
124.A.52 43 brown 26 71 2.8 0.0 4 <1l 14 17 0.0 0.01 19 0.1 4.0E+04
124.p.52 51 brown 26 71 4.0 0.0 4 16 14 7.3 0.0 0.09 18 0.1 3.0E+04
124.A.52 52 gray 26 6.8 0.0 0.2 17 25 10 9.0 06 0.08 13 0.8 24E+07
124.p.52 53 gray 26 6.9 0.0 0.2 17 40 13 95 0.0 0.07 13 1.0 24E+07
84.A.52 61 black 30 6.7 0.0 0.1 13 28 6 146 06 0.10 18 1.0 24E+07
84.A.52 62 black 30 6.9 12 0.0 1" 19 5 6.7 03 0.19 21 08 1.1E+07
8u.A.52 63 black 30 7.0 3.1 0.0 3 36 6 11 0.0 0.09 21 0.1 2.8E+04
8u.A.52 72 natural 30 7.0 2.0 0.0 5 15 9 06 0.0 0.18 28 0.1 1.1E+07
8u.A.52 73 brown 30 6.9 20 0.0 6 23 9 22 0.0 0.04 18 03 2.4E+06
8u.A.52 74 brown 30 7.0 26 0.0 4 10 20 22 0.0 0.03 18 0.1 7.0E+04
8u.A.52 75 natural 30 7.0 22 0.0 4 19 14 3.9 0.0 0.04 19 0.1 1.1E+05
8u.A.52 76 natural 30 7.0 3.3 0.0 4 18 13 28 0.0 0.05 18 03 3.0E+04
5u.A.52 81 yellow green| 28 6.8 1.8 0.0 2 8 " 95 0.6 0.03 22 0.1 7.5E+05
5u.A.52 82 |yellowgreen| 28 6.9 4.5 0.0 2 16 5 6.7 0.8 0.06 24 0.2 1.1E+07
5u.A.52 83 |yellowgreen| 28 7.0 33 0.0 5 20 17 45 0.0 0.11 22 0.2 2.1E+06
5u.A.52 85 green 28 7.0 0.4 0.0 & 21 2 9.5 0.8 0.16 38 03 1.1E+07
9u.A.52 90 brown 29 72 46 0.0 3 15 20 7.8 0.0 0.07 13 0.0 3.0E+04
63.n.52 91 yellow green| 28 71 27 0.0 6 48 3 28 0.0 0.60 6.7 1.0 1.5E+05
6 4.A.52 92  |yellowgreen| 28 71 1.6 0.0 7 37 4 6.7 0.0 0.53 58 1.0 2.4E+06
63.n.52 93 gray 28 7.2 0.0 0.1 16 62 61 6.7 0.0 0.63 46 11 1.1E+07
6 4.A.52 94 |yellowgreen| 28 71 1.9 0.0 7 46 2 28 0.0 0.54 3.1 0.3 4.6E+06
94.p.52 95 |yellowgreen| 29 7.0 1.2 0.0 5 44 9 6.2 0.0 0.19 1.7 0.3 1.1E+07
9u.p.52 96 [yellowgreen| 29 71 24 0.0 3 37 1" 6.7 0.0 0.21 17 02 3.0E+04
9u.p.52 97  [yellowgreen| 29 71 18 0.0 3 34 6 3.9 0.0 0.30 18 02 3.0E+04
634.n.52 98 [yellowgreen| 28 71 21 0.0 7 51 2 3.9 0.0 0.68 3.6 03 1.5E+06
9u.p.52 99 brown 29 71 34 0.0 4 19 21 6.2 0.6 0.1 12 0.0 3.0E+04
9u.A.52 99.1 brown 29 73 4.5 0.0 3 16 41 5.0 0.0 0.10 12 0.0 7.0E+04
54.A.52 101 gray 28 72 1.0 0.0 10 50 13 7.8 0.6 042 3.6 1.0 1.2E+06
124.p.52 112 |yellow green| 26 7.0 0.7 0.0 5 23 9 14.0 03 0.07 11 1.0 7.5E+05
124.p.52 113 [yellow green| 26 71 0.9 0.0 3 24 6 129 0.0 0.10 13 0.6 3.0E+04
124.p.52 114 |yellow green| 26 71 0.0 03 " 27 14 101 0.8 0.00 16 0.8 2.4E+08
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124.A.52 | 115 |yellowgreen| 26 741 0.0 0.3 1 33 9 1.2 06 0.11 13 09 [ 1.1E+08
124.A.52 [ 116 |yellowgreen| 26 7.0 13 0.0 3 21 6 45 03 0.06 1.3 03 | 9.0E+04
124.A.52 | 117 |yellowgreen| 26 71 26 0.0 3 19 18 22 0.6 0.09 15 0.1 | 4.0E+04
124A.52 | 118 black 26 7.0 0.0 0.3 12 34 12 18 03 0.12 15 09 [ 24€E+07
12uA.52 | 119 black 26 7.0 0.0 0.3 " 36 " 9.0 06 0.14 16 09 | 24E+08
5u.A.52 121 |yellowgreen| 28 71 27 0.0 3 15 14 6.2 0.0 0.23 19 0.1 | 7.0E+04
5u.A.52 122 |yellowgreen| 28 7.0 1.0 0.0 3 21 5 56 0.0 0.12 40 02 [ 12E+06
51.A.52 123 |yellowgreen| 28 70 1.1 0.0 3 16 2 6.7 0.0 0.12 29 02 | 23E+04
144p.52 [ 131 gray 24 741 28 0.0 13 22 2 6.7 0.0 0.01 29 04 [ 1.1E+07
144m.52 | 132 gray 24 74 0.0 0.2 24 31 5 78 06 0.12 2.1 08 [ 24E+08
144A.52 | 133 gray 24 741 0.0 0.6 21 29 6 5.0 0.3 0.14 28 08 [ 24E+08
144p.52 [ 141 green 24 6.9 0.0 05 29 44 6 45 0.0 0.16 1.7 08 [ 4.3E+07
144.n.52 142 green 24 71 12 0.0 12 22 12 39 0.0 017 2.0 05 1.2E+06
144.A.52 | 143 green 24 741 0.0 0.3 17 21 4 5.0 0.3 0.19 2.0 07 | 21E+08
144A.52 | 144 gray 24 6.9 0.0 0.2 31 53 21 56 0.0 0.02 1.7 09 [ 15E+07
144.n.52 145 gray 24 7.0 0.0 02 42 58 9 50 03 0.02 1.6 11 9.3E+06
144.A.52 | 146 green 24 741 1.0 0.0 8 18 5 45 0.0 0.14 24 04 [ 1.1E+07
224.A.52 | 151 gray 28 6.8 0.0 0.3 39 30 16 123 0.0 0.01 15 14 | 1.1E+09
224pa.52 | 152 gray 28 6.9 0.0 05 29 34 " 2.8 0.0 0.01 12 13 | 46E+08
223.A.52 | 161 gray 28 6.9 1.0 0.0 11 19 12 45 0.0 0.01 1.0 06 | 24E+06
210A.52 | 162 natural 26 74 2.1 0.0 3 12 5 10.6 0.0 0.02 18 02 | 24E+06
13u.A.52 | 171 green 26 741 28 0.0 1 37 13 39 06 0.03 18 09 | 2.1E+06
134.A.52 | 173 green 26 71 1.1 0.0 1 58 7 123 06 0.04 19 09 [ 24E+06
134.A.52 | 174 gray 26 6.8 0.0 04 28 76 8 123 06 0.10 31 15 | 46E+08
13u.A.52 | 175 gray 26 70 0.0 7.0 12 36 6 10.6 0.0 0.11 38 14 | 20E+07
134.A.52 [ 181 green 26 741 16 0.0 1" 54 9 9.5 0.0 0.08 30 09 [ 1.1E+07
13 4.A.52 182 green 26 7.2 11 0.0 10 51 8 95 0.0 0.12 39 1.0 24E+07
13u.A.52 | 183 gray 26 6.9 0.0 30 21 53 7 174 038 0.14 29 15 | 2.1E+08
134.A.52 | 184 gray 26 7.0 0.0 30 19 59 10 9.0 0.0 0.13 24 15 | 24E+08
22 U.n.52 191 |[yellow green| 28 71 22 0.0 4 10 8 39 0.0 0.03 19 02 14E+05
223.A.52 | 192 [yellowgreen| 28 7.0 19 0.0 4 12 23 106 0.0 0.01 1.3 02 | 20E+05
224.A.52 | 201 [yellowgreen| 28 72 1.0 0.0 3 28 20 6.7 0.0 0.01 12 02 | 3.0E+04
224.A.52 | 202 |yellowgreen| 28 72 22 0.0 3 27 " 45 0.0 0.01 1.0 0.2 | 3.0E+04
224.A.52 | 211 green 28 741 0.8 0.0 3 13 5 112 08 0.05 18 02 | 3.0E+04
224.A.52 | 212 green 28 72 14 0.0 3 18 8 6.2 0.0 0.02 15 0.1 | 7.0E+04
19u.A.52 [ 221 natural 26 6.9 14 0.0 3 28 8 5.0 0.0 0.08 20 04 | 40E+04
194.A.52 | 222 natural 26 6.9 14 0.0 3 19 6 106 0.0 0.09 2.1 04 | 7.0E+04
154.A.52 [ 231 natural 26 72 3.7 0.0 3 15 22 34 0.0 0.01 16 0.1 [ 3.0E+04
15u.A.52 | 232 natural 26 72 3.0 0.0 3 16 17 5.0 03 0.01 1.7 0.1 | 3.0E+04
2140A.52 | 241 green 26 6.9 20 0.0 3 1" 12 18 08 0.05 19 0.1 | 64E+05
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194.A.52 [ 251 natural 26 71 23 0.0 3 14 21 34 0.0 0.02 23 0.1 [ 39E+05
19u.A.52 | 262 natural 26 70 25 0.0 3 17 33 84 0.0 0.04 2.1 02 | 1.5E+06
19u.A.52 [ 261 natural 26 71 25 0.0 3 13 17 39 0.6 0.01 20 0.1 [ 3.0E+04
19u.A.52 | 262 natural 26 71 26 0.0 3 13 17 39 0.0 0.01 20 0.1 | 3.0E+04
154.n.52 | 263 natural 26 72 22 0.0 4 25 17 34 0.0 0.01 22 0.1 | 7.0E+04
154.A.52 | 264 natural 26 72 26 0.0 3 22 7 34 0.0 0.01 2.1 0.1 | 40E+04
154.n.52 | 265 natural 26 73 24 0.0 3 22 13 45 0.0 0.01 22 0.1 | 3.0E+04
51.A.52 271 green 28 72 1.1 0.0 9 44 2 6.2 0.0 0.19 19 1.0 | 2.1E+06
54.n.52 272 green 28 72 1.0 0.0 9 41 9 45 0.0 040 49 10 | 2.1E+06
51.A.52 281 gray 28 73 0.0 30 20 65 9 146 0.8 0.05 18 1.3 | 21E+08
51.A.52 282 gray 28 74 0.0 02 13 51 14 101 14 063 38 1.0 | 2.0E+07
224.n.62 | 291 gray 28 70 0.0 03 29 32 14 39 0.0 0.02 13 1.1 1.1E+08
224.m.52 | 292 black 28 70 0.0 1.3 28 31 13 123 0.0 0.02 14 1.3 | 24E+08
144.n.52 [ 301 green 26 6.9 0.0 02 58 75 13 106 06 0.01 20 12 | 24E+08
144.n.52 | 303 green 26 6.9 0.0 0.1 19 28 22 5.0 0.0 0.09 25 08 | 24E+08
204.A.62 | 311 green 26 6.8 1.7 0.0 2 5 4 28 0.0 0.04 19 02 | 3.0E+04
20u.A.52 | 312 green 26 6.9 15 0.0 2 35 4 56 06 0.06 20 02 | 40E+04
204.A.62 | 321 natural 26 70 22 0.0 3 9 5 28 0.0 0.01 18 0.1 | 3.0E+04
204.A.52 | 322 natural 26 7.1 2.7 0.0 3 8 5 73 0.3 0.04 19 0.1 | 3.0E+04
204.A.62 | 331 gray 26 6.9 0.0 03 15 21 4 6.7 0.0 0.02 20 08 [ 1.1E+08
204.A.52 | 332 gray 26 6.9 0.0 0.1 9 15 3 10.6 0.6 0.02 2.1 06 | 46E+07
204.A.62 | 341 green 26 70 1.0 0.0 2 13 4 45 0.6 0.01 20 04 | 7.0E+04
200.A.52 | 342 green 26 7.0 08 0.0 3 8 2 34 0.0 0.01 19 04 | 40E+04
144.n.52 | 351 green 26 7.0 0.0 3.0 45 57 i 101 0.0 0.01 19 1.1 | 24E+08
54.A.52 371 green 28 74 42 0.0 10 107 12 8.4 0.6 0.02 13 1.0 | 7.5E+05
5.A.52 381 black 28 72 3.7 0.0 3 14 3 5.0 0.0 0.01 38 00 | 2.3E+04
13u.A.52 | 382 natural 26 72 43 0.0 6 14 16 28 0.0 0.01 1.7 0.1 | 3.0E+04
194.A.52 [ 391 natural 26 71 2.7 0.0 4 16 23 73 06 0.01 15 0.1 | 3.0E+04
19u.A.52 | 392 natural 26 70 1.0 0.0 " 28 9 1.7 0.6 0.01 16 09 | 24E+06
19u.A.52 [ 393 natural 26 71 18 0.0 3 17 13 45 0.6 0.02 16 02 | 3.0E+06
194.A.52 | 394 natural 26 71 29 0.0 3 17 21 6.7 0.0 0.01 1.6 0.1 | 3.0E+04
19u.A.52 [ 395 natural 26 71 25 0.0 3 14 18 39 0.0 0.11 2.1 0.1 | 40E+04
154.A.52 | 401 natural 26 72 20 0.0 3 19 14 22 0.0 0.01 23 0.1 [ 3.0E+04
154.A.52 | 402 natural 26 73 3.0 0.0 3 17 24 34 0.0 0.01 1.7 0.1 | 3.0E+04
204.A.62 | 411 natural 26 71 2.7 0.0 4 16 18 22 0.6 0.01 20 02 | 2.3E+05
200.A.52 | 421 natural 26 71 2.1 0.0 4 7 16 112 06 0.01 2.1 0.1 | 40E+04
200.A.52 | 422 natural 26 71 23 0.0 3 18 21 6.2 0.0 0.01 19 0.1 | 7.0E+04
204.A.52 | 423 natural 26 71 1.9 0.0 3 12 32 39 0.0 0.06 241 0.1 | 3.0E+04
214.A.52 | 431 |yellowgreen| 28 7.0 1.7 0.0 2 42 4 106 06 0.01 25 02 | 40E+04
214.A.52 | 432 [yellowgreen| 28 71 15 0.0 2 1638 6 1.7 0.0 0.06 25 02 | 3.0E+04
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214.A.52 | 433 |yellowgreen| 28 7.0 0.7 0.0 8 34 8 9.0 0.0 0.10 26 07 | 1.1E+07
214A.52 | 434 [yellowgreen| 28 7.0 07 0.0 8 28 7 6.2 0.0 011 29 05 | 2.1E+06
214.A.52 | 441 |yellowgreen| 28 71 07 0.0 7 26 5 5.0 03 0.08 29 05 | 46E+06
21uA.52 | 451 natural 28 78 37 0.0 2 1678 162 39 0.0 0.01 20 0.1 3.0E+05
5¥.A.52 461 natural 28 71 15 0.0 5 33 9 45 0.0 0.07 19 02 | 39E+05
54.A.52 462 natural 28 73 47 0.0 5 19 2 34 0.0 0.15 15 0.1 1.1E+04
53.A.52 463 natural 28 72 12 0.0 7 35 9 73 0.0 0.09 1.7 05 | 1.1E+07
21um.52 | 471 natural 28 78 35 0.0 2 1658 21 112 0.0 0.01 18 041 3.0E+04
21u.A.52 | 472 natural 28 78 29 0.0 2 1690 192 6.7 0.0 0.02 18 0.1 3.0E+04
21uA.52 | 473 natural 28 79 36 0.0 2 1687 137 134 0.0 0.01 18 02 | 40E+04
54.A.52 481 black 28 72 0.0 10 19 68 5 123 0.0 0.10 1.7 12 | 1.1E+08
214.A.52 | 491 green 26 73 26 0.0 2 40 14 45 0.0 0.02 15 0.1 7.0E+04
64.A.52 501 [yellowgreen| 28 741 1.3 0.0 9 42 6 106 038 0.72 31 12 | 64E+05
134A.52 [ 511 natural 26 73 47 0.0 2 17 22 78 03 0.01 1.7 041 1.1E+05
134.A.52 [ 512 natural 26 71 16 0.0 4 27 i 6.2 038 0.01 14 02 | 7.5E+05
134.A.52 [ 513 natural 26 71 13 0.0 5 37 7 5.0 0.6 0.01 15 05 | 1.2E+06
134.A.52 [ 514 gray 26 71 1.0 0.0 10 43 10 6.7 03 0.02 15 09 | 1.1E+07
134A.52 [ 515 gray 26 741 3.0 0.0 10 37 9 6.7 03 0.02 15 09 | 24E+06
134.A.52 | 516 natural 26 72 34 0.0 4 27 26 95 0.0 0.02 18 0.1 2.3E+05
21um.52 | 521 green 26 7.0 00 0.6 30 67 10 9.0 0.0 0.01 18 15 | 24E+08
21u.A.52 | 522 gray 26 71 13 0.0 13 53 12 39 0.6 0.02 1.7 12 | 1.1E+07
21um.52 | 523 natural 26 7.0 0.0 0.6 16 56 " 6.7 0.0 0.02 1.6 10 | 2.1E+08
21um.52 | 531 gray 26 71 00 01 25 59 10 22 0.0 0.01 16 14 | 24E+08
214.A.52 | 541 black 26 71 00 01 12 42 12 5.0 0.0 0.01 16 09 | 3.0E+05
214A.52 | 551 green 26 71 12 0.0 4 15 6 6.7 03 0.01 1.7 03 | 2.1E+06
214.A.52 | 561 brown 26 72 2.7 0.0 4 7 17 34 0.0 0.02 15 01 9.0E+04
134.A.52 [ 571 natural 26 72 28 0.0 4 22 16 6.2 0.0 0.01 15 02 | 46E+06
134.A.62 | 572 natural 26 72 28 0.0 3 25 9 39 0.0 0.01 15 02 | 1.2E+06
84.A.52 581 gray 28 72 00 05 28 Ul i 106 0.0 0.01 15 1.7 | 1.1E+09
84.A.52 582 gray 28 71 08 0.0 14 37 5 95 08 0.01 1.7 10 | 24E+06
84.A.52 591 [yellowgreen| 28 74 45 0.0 14 97 28 78 0.0 0.01 18 15 | 46E+06
84.n.52 592 |yellow green| 28 72 00 03 36 96 17 6.2 0.0 0.01 18 18 | 24E+07
8 4.A.52 601 gray 28 72 0.0 03 43 95 18 45 0.0 0.01 19 16 | 3.9E+06
84.A.52 602 green 28 73 0.0 02 42 162 22 39 0.0 0.01 18 15 [ 1.1E+08
144m.52 [ 611 green 26 7.0 00 03 46 61 8 78 03 0.01 19 1.0 | 1.1E+09
144m.52 | 612 green 26 7.0 0.0 02 33 73 8 45 0.0 0.01 20 1.0 | 24E+07
144m.62 [ 621 green 26 72 21 0.0 4 10 6 28 0.0 0.01 29 0.1 | 46E+06
22u.m.52 | 631 black 28 7.0 00 04 35 39 20 5.0 0.0 0.02 12 11 1.1E+09
224.n.52 | 641 black 28 7.0 0.0 02 26 35 16 8.4 0.0 0.01 11 1.3 | 46E+07
22um.52 | 642 black 28 7.0 0.0 03 27 36 9 123 0.0 0.01 1.0 10 | 24E+07
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14u.n.52 | 651 green 26 72 1.3 0.0 9 33 40 39 0.0 0.01 3.1 02 | 15E+05
14u.n.52 | 661 green 26 72 23 0.0 4 1" 5 45 0.0 0.01 241 0.1 1.2E+06
224.A.52 | 671 natural 28 72 1.7 0.0 3 13 17 6.2 0.0 0.02 16 0.1 | 40E+04
224m.52 | 672 natural 28 72 14 0.0 3 16 8 34 0.0 0.01 19 02 | 40E+04
7H.A.52 691 green 30 6.9 0.0 03 8 28 9 9.0 0.0 0.13 15 08 | 1.1E+09
7H.A.52 692 green 30 72 08 0.0 19 68 17 95 0.8 0.03 19 20 | 2.1E+06
7H.A.52 701 green 30 74 1.3 0.0 " 60 17 101 0.6 021 22 1.1 | 21E+05
7H.A.52 71 green 30 74 26 0.0 3 23 3 5.0 0.0 0.14 25 10 | 12E+06
7H.A.52 712 green 30 71 1.3 0.0 4 20 8 112 0.6 0.20 31 1.1 | 9.3E+05
8.A.52 721 gray 30 70 1.7 0.0 5 24 3 6.9 0.3 0.04 18 02 | 24E+06
81.A.52 722 gray 30 741 0.0 0.1 48 70 19 10.6 0.0 0.05 18 1.7 | 23E+06
51.A.52 741 |yellow green| 28 71 4.0 0.0 3 17 2 39 0.0 0.10 33 02 | 24E+05
51.A.52 751 green 28 73 29 0.0 6 23 12 5.0 0.0 1.20 1.3 10 | 15E+06
51.A.52 752 green 28 741 27 0.0 6 26 1 6.2 0.0 0.58 6.7 10 | 1.1E+07
224.A.52 | 761 green 28 741 1.2 0.0 5 12 5 45 0.0 0.04 12 02 | 24E+06
224m.52 | 762 green 28 741 0.3 0.0 15 25 5 5.0 0.0 0.02 1.3 0.7 | 2.1E+06
224.A.52 | 771 |yellowgreen| 28 741 18 0.0 4 12 6 6.2 0.0 0.01 15 02 | 2.1E+06
9u.A. 52 781 |yellow green| 28 6.9 06 0.0 17 52 17 9.0 1.1 0.02 1.9 09 | 28E+04
9u.A. 52 782 |yellow green| 28 70 22 0.0 5 42 3 73 0.0 0.14 1.7 03 | 3.0E+04
214.A.52 | 7N natural 26 741 0.7 0.0 8 23 5 6.2 0.6 0.02 14 06 | 1.1E+04
224.A.52 | 801 natural 28 70 28 0.0 3 " 20 5.0 0.0 0.01 15 0.1 14E+05
214.A.52 | 811 natural 26 71 15 0.0 2 15 9 84 0.0 0.04 15 0.1 1.2E+06
214.A.52 | 821 natural 26 741 15 0.0 3 15 8 6.7 0.6 0.02 12 02 | 7.0E+04
214.A.52 | 831 natural 26 72 23 0.0 3 18 6 95 0.0 0.06 14 0.1 | 3.0E+04
200.A.52 | 841 natural 26 71 25 0.0 2 19 31 45 0.0 0.01 20 0.1 | 3.0E+04
20u.A.52 | 851 natural 26 71 1.3 0.0 2 13 19 34 0.6 0.01 20 0.1 | 40E+04
9u.A.52 861 green 28 741 08 0.0 10 41 6 6.2 0.0 0.11 19 1.1 | 7.0E+04
9u.A. 52 871 |yellowgreen| 28 7.1 22 0.0 8 42 8 134 08 0.06 1.7 06 | 3.0E+04
9u.A. 52 872 |yellowgreen| 28 7.1 20 0.0 6 65 4 9.5 08 0.04 1.7 06 | 7.0E+04
9u.A. 52 873 |yellowgreen| 28 7.1 2.3 0.0 6 32 4 84 0.0 0.28 18 05 | 4.0E+04
9u.A.52 881 [yellowgreen| 28 741 22 0.0 5 33 3 5.0 0.0 0.30 1.7 03 | 1.1E+05
74.n.52 891 [yellowgreen| 28 72 18 0.0 4 33 5 73 0.8 0.29 16 05 | 3.0E+04
74.n.52 892 [yellowgreen| 28 72 1.7 0.0 5 44 13 106 0.6 0.04 1.7 05 | 3.0E+04
74.n.52 901 [yellowgreen| 28 72 16 0.0 4 31 24 34 0.0 0.03 16 04 | 7.0E+04
74.A.52 902 |yellowgreen| 28 741 20 0.0 4 31 8 123 0.0 0.04 1.7 03 | 3.0E+04
74.n.52 911 |[yellowgreen| 28 72 25 0.0 5 28 " 56 0.8 0.06 19 03 | 1.1E+07
9u.A.52 921 |yellowgreen| 29 741 25 0.0 3 22 8 45 0.0 0.18 1.7 00 | 3.0E+04
154.A.52 | 931 |yellowgreen| 26 71 29 0.0 3 25 31 6.7 0.0 0.14 18 0.1 | 3.0E+10
61.A.52 941 green 30 7.0 27 0.0 5 25 15 45 0.0 0.10 16 0.1 | 3.0E+04
6 1.A.52 951 green 30 70 29 0.0 5 46 9 6.7 0.8 0.10 16 0.1 | 3.0E+04




66

6 1.A.52 961 brown 30 71 31 0.0 4 23 6 34 0.0 0.03 14 0.1 | 3.0E+04
6 1.A.52 971 green 30 6.9 12 0.0 5 30 20 39 0.0 0.06 16 0.1 | 3.0E+04
61.n.52 981 natural 30 6.9 12 0.0 3 17 2 34 0.0 0.02 19 0.1 | 3.0E+04
6 1.A.52 991 brown 30 70 241 0.0 3 7 10 45 0.0 0.05 16 0.1 | 3.0E+04
154.A.52 [ 1001 brown 26 72 41 0.0 5 26 7 106 0.6 0.01 14 0.1 | 9.0E+04
154.a.52 [ 1002 brown 26 74 4.1 0.0 3 9 34 118 0.6 0.01 14 0.1 | 3.0E+04
154.a.52 | 1011 natural 26 70 34 0.0 2 16 8 95 0.0 0.01 1.0 00 | 3.0E+04
154.A.52 | 1021 natural 26 71 29 0.0 3 17 10 28 0.0 0.01 09 00 | 3.0E+04
224.m.52 | 1031 natural 28 71 3.0 0.0 3 5 7 39 0.0 0.01 12 0.1 | 3.0E+04
22u.A.52 | 1041 natural 28 741 14 0.0 6 29 10 78 0.0 0.01 15 05 | 7.0E+04
224.A.52 | 1051 natural 28 71 20 0.0 4 10 8 56 0.0 0.01 12 02 | 15E+06
22u.A.52 | 1061 natural 28 741 1.0 0.0 5 16 9 34 0.0 0.01 13 03 | 64E+04
7d.A.52 1071 |yellowgreen| 29 7.0 0.0 04 13 35 9 22 08 0.07 15 1.0 | 3.9E+07
7H.A.52 | 1081 [yellowgreen| 29 72 15 0.0 6 37 9 9.0 0.0 0.03 20 0.7 | 2.3E+05
74.A.52 | 1082 [yellowgreen| 29 72 1.0 0.0 7 44 5 106 0.0 0.35 22 06 | 2.1E+06
7H.A.52 | 1083 [yellowgreen| 29 72 12 0.0 5 39 1" 118 14 0.08 1.7 04 | 9.0E+04
74.A.52 | 1091 black 29 72 0.0 40 28 66 6 9.0 0.8 0.06 24 1.1 | 24E+08
7H.A.52 | 1101 [yellowgreen| 29 74 1.7 0.0 5 36 16 6.7 0.0 0.01 18 04 | 3.0E+04
7H.A.52 | 1102 [yellowgreen| 29 71 22 0.0 5 36 6 6.2 0.0 0.03 18 05 | 2.8E+05
124m.52 [ 1111 green 25 73 1.9 0.0 5 50 10 146 0.6 0.04 1.3 04 | 40E+04
12u.A.52 [ 1112 green 25 74 25 0.0 " 39 12 39 0.0 0.03 16 04 | 3.0E+04
124m.52 [ 1121 green 25 72 11 0.0 6 41 9 129 038 0.02 1.7 0.7 | 14E+05
12u.A.52 | 1131 green 25 74 1.7 0.0 13 74 19 19.0 20 0.03 16 1.3 | 12E+06
12u.n.52 [ 1141 |yellowgreen| 25 7.0 0.0 0.3 34 81 20 16.2 0.8 0.04 24 1.3 | 1.1E+09
12u.A.52 | 1151 green 25 72 05 0.0 10 45 9 179 0.6 0.05 18 12 | 11E+07
12u.A.52 | 1161 green 25 74 23 0.0 10 47 20 196 1.1 0.02 1.9 09 | 7.0E+04
74.A.52 | 1171 [yellowgreen| 29 74 20 0.0 8 41 13 6.2 0.0 0.06 18 1.1 | 7.0E+04
13u.A.52 | 1181 green 26 72 1.7 0.0 7 35 17 56 0.3 0.06 1.7 05 | 1.1E+07
134.A.52 [ 1191 green 26 72 0.0 03 14 49 9 6.2 0.0 0.01 1.7 1.1 | 24E+08
131.A.52 | 1201 green 26 72 44 0.0 4 38 16 84 0.3 0.15 23 0.1 | 3.0E+04
13u.A.52 | 1211 green 26 71 25 0.0 1 33 " 9.0 0.0 0.22 28 0.1 | 40E+04
131.A.52 | 1221 green 26 741 24 0.0 3 27 3 39 0.0 0.28 29 0.1 | 3.0E+04
13u.A.52 | 1231 brown 26 6.9 1.0 0.0 12 46 9 5.0 0.3 0.06 16 06 | 1.1E+07
134.A.52 | 1241 brown 26 7.0 09 0.0 12 28 12 6.2 0.0 0.01 15 0.7 | 46E+06
154.A.52 [ 1251 |yellowgreen| 26 72 1.9 0.0 3 21 6 84 0.6 0.02 78 06 | 40E+04
154.0.52 | 1261 gray 26 70 0.0 02 25 31 4 5.0 0.0 0.05 26 1.1 1.1E+08
154.A.52 [ 1271 |yellowgreen| 26 72 31 0.0 5 13 10 34 0.0 0.02 23 02 | 3.0E+04
164.A.52 | 1281 green 26 6.9 038 0.0 16 88 20 34 0.0 0.02 19 1.3 | 46E+06
164.A.52 [ 1291 gray 26 6.9 0.0 02 25 45 4 45 0.0 0.04 2.1 1.3 | 1.1E+08
164.A.52 | 1301 green 26 6.9 28 0.0 5 26 10 6.7 0.0 0.02 1.9 03 | 3.0E+04
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161.A.52 | 1302 green 26 6.9 15 0.0 3 21 6 56 0.0 0.03 20 04 [ 3.0E+04
164.A.52 | 1303 green 26 6.9 1.1 0.0 3 18 35 45 0.0 0.03 19 04 | 7.0E404
164.A.52 | 1311 black 26 7.4 0.0 04 53 138 9 50 0.0 0.06 19 19 | 11E+09
164.A.52 | 1321 green 26 74 4.7 0.0 14 43 28 28 0.3 0.04 20 06 | 3.0E+04
9uA.52 | 1331 green 30 72 0.0 0.2 12 109 3 1.8 06 0.03 18 13 | 24E+07
9uA.52 | 1341 green 30 72 0.0 0.2 25 127 13 134 06 0.01 2.1 13 | 1.1E+08
9uA.52 | 1351 green 30 72 05 0.0 15 61 7 9.0 0.0 0.04 20 1.0 | 24E+06
9uA.52 | 1352 green 30 72 09 0.0 12 63 7 106 06 0.06 19 1.0 | 46E+06
9uA.52 | 1361 black 30 7.1 0.0 0.1 27 85 1 56 06 0.02 19 15 | 24E+07
14u.m.52 [ 1371 green 26 72 19 0.0 4 23 12 73 0.0 0.05 2.1 0.1 [ 2.1E+06
15u.n.52 [ 1381 green 26 72 2.1 0.0 5 20 5 34 0.0 0.03 2.1 0.2 | 7.0E+04
154.A.52 [ 1391 green 26 73 15 0.0 5 16 " 50 0.0 0.03 29 0.3 | 2.1E+06
154.A.52 | 1401 green 26 73 18 0.0 6 15 5 6.0 0.0 0.01 30 0.3 | 1.2E+06
154.A.52 | 1411 green 26 72 24 0.0 6 12 10 84 0.0 0.03 22 0.1 | 7.0E+04
154.A.52 | 1412 green 26 7.3 18 0.0 4 15 5 6.7 0.0 0.04 22 0.2 | 14E+05
154.A.52 | 1421 green 26 7.3 2.0 0.0 5 18 31 73 0.0 0.02 2.7 0.2 | 2.0E+05
154.A.52 | 1431 green 26 72 1.1 0.0 6 23 18 34 0.0 0.01 2.7 04 [ 1.1E407
144.A.52 | 1441 |yellowgreen| 26 72 1.1 0.0 6 13 9 73 0.6 009 | 42 04 | 12E+06
161.A.52 | 1451 |yellowgreen| 26 73 1.3 0.0 12 37 10 84 0.0 0.02 18 13 | 21E+06
161.A.52 | 1452 |yellowgreen| 26 73 20 0.0 10 39 21 45 0.0 0.03 16 13 | 14E+05
141,52 | 1461 |yellowgreen| 26 73 25 0.0 5 15 12 45 0.0 0.02 26 0.1 [ 15E+05
141,52 | 1471 |yellowgreen| 26 73 2.7 0.0 4 9 8 28 0.0 0.01 26 0.1 [ 28E+05
144,52 | 1491 |yellowgreen| 26 74 18 0.0 10 18 4 50 0.0 0.14 22 0.3 [ 1.1E407
144,52 | 1501 |yellowgreen| 26 72 16 0.0 6 14 13 28 0.0 0.01 4.1 0.3 | 2.1E+06
64.A.52 | 1513 |yellowgreen| 28 76 20 0.0 10 50 9 106 0.0 0.27 16 12 | 20E+05
641.A.52 | 1631 black 28 7.1 0.0 0.2 12 57 8 123 14 0.03 18 14 | 46E+07
6U.A.52 | 1541 [yellowgreen| 28 8.8 6.2 0.0 15 136 42 12 0.0 0.01 2.1 06 | 1.4E+05
61.A.52 | 1551 |yellowgreen| 28 8.2 08 0.0 13 "M 22 15.1 1.1 0.10 24 15 | 46E+06
61.A.52 | 1561 black 28 72 0.0 0.2 13 63 16 84 0.0 0.12 19 14 | 1.1E+08
161.A.52 [ 1571 |yellowgreen| 26 73 1.0 0.0 12 42 18 9.0 0.0 0.01 16 12 | 1.2E+06
161.A.52 | 1572 |yellowgreen| 26 73 1.3 0.0 19 45 1 84 08 0.01 17 12 | 11E+07
161.A.52 [ 1591 gray 26 74 0.0 05 26 44 9 45 0.0 0.01 19 13 | 1.2E+08
164.A.52 [ 1611 |yellowgreen| 26 72 25 0.0 16 39 12 34 0.0 0.06 20 1.0 | 11E+07
164.A.52 | 1621 |yellowgreen| 26 72 33 0.0 9 38 25 7.2 0.3 0.02 18 0.7 | 3.0E+04
164.A.52 [ 1631 |yellowgreen| 26 74 18 0.0 12 62 13 39 0.0 0.02 16 08 | 14E+05
154.A.52 | 1641 |yellowgreen| 26 72 2.1 0.0 7 15 9 95 0.0 0.01 2.6 04 | 9.0E+04
143.0.52 | 1651 gray 26 72 0.0 0.2 67 4 12 39 0.0 0.01 22 15 | 24E+08
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Source: Department of Drainage and Sewerage Bangkok Metropolitan Administration, dated May 1,

B.E.2551 (2008).

Cluster ID Name of Canals Site of Canals
1 012 ARBIANBILAN Uns. 9781
1 013 ARBIALHDILAN wnsuiinu
1 021 ARBNUADAIAINTAAN PAY ANY. 1
1 031 ARBIVNAAATATNTLNS AUUFNE
1 041 ARBITALNG Aznupuin
1 042 ARBIIALNG PAIFAA AU
1 052 ARBIIBLNG ATWAUATNATA (AUWATYNI)
1 053 ARBIIALING ATNWANNABNINIIA (LWL EN)
1 061 ARBINTIUIA AzNIUANTA
1 062 ARBINTIUIA ATWAUAITY DT
1 063 ARBINMIUNA LAFEYEA
1 072 ARBIELANNIIINLH amﬂzgmfwm;q Nt
1 081 ARBIATNIAY 1lmg. amiau
1 082 AABIANLA Jaluad
1 083 ARBIANIAY auaNdEeiEANIN
1 091 ARAILALILAL nuualANALLAY
1 092 AR LAULAL Ung.wauuay (a.nasifF 9.10szauiing
1 094 ARAILALLAL AenuuNngdl
1 095 AABSIALAL Satiioywile
1 098 ARAILALILAL mwmﬂi:@i‘fwﬁ@mm%um%
1 101 ARG 1R9. ARBNFU
1 112 AfediNLszang Ausnazmnuns
1 113 AABdiNLszTng AAALGED
1 114 AaedilsuLlseang Aoumanuiemy (2.97u99A9m)
1 115 AfedisNLszang WALNA ATzt TRLE Heuuis
1 116 AaadilsuLlseaang OUWIATIHAD (4 sunee inug
1 121 ARBILNNTR Az uiyataenu (0. dsvmnsns ane 1)
1 271 ARBINsE A lmg. weeTaue
1 272 ARaINTslaw aznnszlang (ouugyNin)
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Cluster ID Name of Canals Site of Canals
1 461 AaeaLlsziapLFane wiidnauyey
1 463 AaBsszLaALFane DUUNRIUING
1 516 ARaLNLWlud nuURyYAdaAIATIN
1 571 ARRILNIN au. ualn
1 572 ARBILNIN auutsranEnians 1
1 691 AABNATIALY OUWIN9A-5edn
1 781 ARDIABIFIULL nasTaaaulFunlye rﬁlmmwﬁyﬁmmﬁﬁ
1 782 ARBIABIF U 1. 3IUAN 209
1 861 ARBILAN AUUQINALIA 3 B.9NWAIMIN 149
1 871 ARDINABUUR OUUATNALIA 3 B.INWAMM 157/3
1 872 ARBINABUYR OUUATNTLIA 3 B 9WAMIN 162
1 873 ARDINABUNR OUUAINALS Aanan T9e 10 2.99MA U 162
1 881 ARBILINATU DUUAIALNA 3 msedinngnsniGidu
1 891 ARBIAIATIUNM ouuEnFTNW TrBEaugmianiaeng
1 892 ARENAIALTILTY TPa1n1ae1
1 901 Aaava1nela ouus )W TnBeugunaiuisla
1 902 Aaasaela Fathnile
1 931 ARGNAIPREN OUUAIUNNA N PNFUNRETN
1 1031 paosduilas ATNIUNILIWN 6 ATiE sy
1 1041 ARDIT THagnmunszsm 6 aummnesniluegen
1 1082 ARBIARITIEN OULRANNZAsh 9.9
1 1101 ARBIAZ UL ouMRANNSZIRush 5.9 Tew 79
1 1102 AaoIAzIdTy auuaANIzIia Tnnesau
1 1111 ARBIUARLEEN ouWRANNIZINER 9.9 daBintyivsanasasiu
1 1121 ARDINTINNNA OUWRANNIZINYIR 9.9 T8y 51
1 1151 ARBIAA ﬂ?:@izmm‘fwmmmm 0.ATuAsuNg
1 1161 ARBITINUIN OUUATIATUNG
1 1171 ARBNYINNIN DUWBRUT
1 1181 ARBIANN ouuaansviiy Indaes 4
1 1221 ARENNUBIAN Wyl
1 1241 ARBINIRL auuaIAngzii ndaey 17 (nanngaNng)
1 1251 GRS AADUWEIAMNINS
1 1321 ARBIABN 7. 3me auuenlssFeussideninen
1 1401 ARBITAAUNT a.ngzaN 3 wihdntinauaLpauaN
1 1411 AaaaLnslaatias a.ngzsn 3 Tanlls




Cluster ID Name of Canak Site of Canals

1 1412 raasuningiies NCELTERTHH

1 1421 AaesLelAg nnszan 3 nusunudesineflas

1 1431 Aaeednlng anszam 3 dalns

1 1441 AREITATRIULYIT n.wgzaw 3 dintes 53

1 1451 ARBIANANA a.ngemnimy TaBauanana

1 1452 ARBIAIATA a.ngawwiEn 9.dszasanla

1 1471 AARYIALENA N 3

1 1491 Aaasdnnanlsl .z 3 Janentd]

1 1501 AaaalaiTy sz 3 Fnathuinduinaann

1 1541 AABIADFL n.1Tynun-weedaiia

1 1572 ARBITINULIN DIMAMW (R2ALNA 3) Latmar 127/1
1 1611 ARBIIILTN9879 a.ﬂgqmwn?sm 4.N9AT (qmum@ﬂqﬁuéﬁwmq)
1 1621 paaaAd n@uNamasiag wiihinaintiann

1 1631 AABINABLIG 091 MU 1. 0a7Y

2 132 ARBIAIET anuyaTgRenszide

2 133 AABNANET Raouunsyam 4 Indaznnne-waden
2 142 ARBITBIUUNT DUUUINBENATTUATUNS FALINDUUAUNT
2 143 ARBNTBIUUYT fauLeNAIae

2 144 ARBITRIUUYT AAnuuiau

2 145 ARBITRILUTT AANUUATWA

2 171 ARBNTIFEIN UIUNREUIN

2 173 ARBNTIFEUI nUUgNEANTIHAdE

2 174 ARSI DUUFANTILN

2 175 ARBNRELING ouudmussan Infaouyanma

2 281 ARENLINUN ulinsugaleningn (Duugysam)

2 301 Aaaslidaln AAIAAABILAE

2 303 Aaadkidaln #nalseauengu

2 351 Twzguirﬂwa‘:i'm 4

2 481 ARBILNATN Taandusinineann (nnss o)

2 581 AaBIngu el DULAIALALAN

2 582 AaaIngN 1. analain 47

2 591 ARSI uytinuannand (4.28)

2 592 ARBITIN . 417148 2

2 601 ARBININE 0. §UNNLA 1

2 611 ARBILFE 1n9. Aandme
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Cluster ID Name of Canals Site of Canals
2 612 ARBNLAIE ANANTNY
2 621 AABNINARAL . 13N 57
2 651 AABINAAT NS pLAAaRdAL
2 701 ABIWEYAN DUUAIANE (TREAIANIND 5/1)
2 711 ARBIHLEY DUUAIANT (TREAIANGT 35)
2 712 AReITLAn DUUFIANLEN
2 721 ARBNATUNAN 1 DUUWIZIIN 1 (UENLAIEUNa)
2 722 ARBIAIUNAN 1 nuEIy g
2 751 AADIUITEN ULz INa WA eanITER A
2 1091 ARBITANTEYIda1lAN ouusauYT 18 67 dAnsyyiN@eian
2 1291 Aaagand AUUFINALA 5
2 1311 ARBIAINL myffiunizulivlaan 9e8 2 o.nualtdu 54/1 uen 4-7
2 1351 ARBNTINUNAE D.474M 101/1 TuTunyfiuATuRs
2 1352 Aaesthunane 5.74f 50 adluandu
2 1361 ARBILAARA 0.9AN41 51 1.0FI8TINANEA 57
2 1371 ARENTIN DiATEYNN 72
2 1561 ARBIANGIULL a.dsing 73
2 1651 ARBNNTZU DUUFIANALEN WIZW 3 i URs.AaeszUN
3 073 ANBIHAINPINEN andsnlingammn
3 085 ARDIANNLAY NAIUNARAUUAY
3 093 AN UAULAL TREUNNAAN
3 118 ARdlulszang ULLAI TR
3 119 AaasilsuLlszanng ounezeaaz Inf au.neuie
3 122 ARBILNGHE ouunvalaiu
3 123 ARBILNTE uuFANALEn (93. 8 mezanihia)
3 131 ARDIRIET 1ms. 4159
3 141 ARBNTRIUUYT DULUTIBNAINTUATUNS
3 146 ARBITRIUUNT uﬁﬂw\aﬂumuqu@mmwﬁﬁﬁmuuﬁ
3 181 ARBIAIANG nuuLlszTRNA
3 182 ARBNANANIY 1.5 7 yadeUdusd (auuatansg)
3 183 ABBIAIANGII TR
3 184 ARBIAIANGIY DUUINEAT-UINUNT
3 282 AADILINNLN ALNIULNUN (auuﬂ?uﬁ?uﬁ)
3 371 Aae9dnTs AN UA1 (DUUATUATUNG)
3 501 ARBNLNNZT] 1mg. uanyd




72

Cluster ID Name of Canals Site of Canals
3 512 ARBILINILY ANWNAN
3 513 ARBILINIAY Fraviunanuunaau
3 514 ARBILINNILY UL
3 515 ARBILINILY Indlssemunliunlye qmmwﬁywmqﬁa
3 661 ARBINIIE 4. (ATeYN 71
3 692 ARBIAINEY AUUFTANTEN
3 741 ARBILNNIE e OULATNIAY (L3EM qmiﬂmu‘“ﬁmﬁ'
3 752 ARDIUNTEN DUUNTTIW 9 (mmﬁa;uﬁwmsnm)
3 1051 ARNLINITAL ouutlszmneiany 1 sxwdnaTes 34 - 36
3 1061 RGN R ) ouutlszmugiany 1 Indges 21
3 1071 LGRIN utihdineuanasumang
3 1081 ARDIARITEN ouusaunrlnaTes 61
3 1083 ARBIABINADS wihlngezdewys (anitesvszyales)
3 1112 AaaaLlamies NNAAETRLTNY (DRANNIZINYIRA 2.9
3 1131 ARBINUBILEY OUMAANNIZ AR 9.9 108 26
3 1141 ARBNATTN amiguinaaesaning ouutuesung
3 1191 AREILIAaY auuaangzi Infgey 22
3 1261 ARBIATIAAL AnouuaaeInys Infuyfiuddidnd
3 1281 ARt TnBrutihueasnia nuugaiiung 5
3 1301 ARBIEBNY ARDUU4INLA 5
3 1302 ARBIEDRY wyfhusnefnaa
3 1303 ARBIEDRY TnaBauAsiaiiinen
3 1331 ARBILNNED a.anblanmi Adeisnean
3 1341 ARBLAN asallana uanideansqa
3 1381 ARBIATUNAN URT.AMNAN DLIATYNN 76
3 1391 ARBILINABUNAN a.Wszam 3 ndmawanandnsine
3 1513 ARBIA] n.3lng 67
3 1531 AABILNGA n.1Tynun-wisedaiia
3 1551 ARBITNE 0.3y 57
3 1571 Aaestindin DIWAMI anuuentingin
3 1591 ARBIAT NG DIWAMIM WyTIuisULeFIa s
4 014 ARBIVADA BUANTIIUNSTTUNRNN AUINNA
4 015 ARBIAHBIAN Ums. wazthunin
4 043 ARBITALNG tlns. uWa
4 051 ARENTALNN b ZERGNG RN
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Cluster ID Name of Canals Site of Canals
4 074 ARBINANIINEH pHnsRmAdUNT
4 075 ARBINAININLH AANANITT
4 076 ARDINANIINEH 1lm3. mal
4 096 ARDILALLAL HWifE (99.8659MeNAULE)
4 097 ARBILALLAL 1URng.uANLAL (TR9nTNTalszNIw)
4 099 ARBILAUUAL DULALILNTT
4 090 AABIUAULAL AAIANUAIAAN
4 099.1 ARBILAULAL n.fandungy sn.‘llwﬁﬂuqma"ﬂmi (MUB988N)
4 117 Aaaglsnilseanng nuuﬂ?@qﬁm (PLLYANLNAT)
4 231 ARBIBANUW yiiinsalnun
4 232 AABIERNWLYT vtdalssanseassd
4 263 ARBNLNINANTAE ndnaan (0.0anme-nsties)
4 264 ARBILNINANTIAE TaEIFINNANUN (0. 119n3e- nsties)
4 265 AABNLNNNANTAE ﬁqﬁﬁquwmu (0.UN9NTI-R90UAN)
4 381 Aaadtszi ludeunaiainie
4 382 ARaezi weniden
4 391 AREILINNAN MDY DULIWEILNE
4 392 ARBILNNN VY 2.9 WUTENIOULT
4 393 ARBILNNAN YT TPTIUAN
4 394 ARBILNNNAN LD LN9YUULA
4 395 ARBILNgNanTuny ATNIUATY WAL
4 401 ARBILNNIIE Jandae (n.un9n9e-nstiae22)
4 402 ARBILNINIE Tndnlaq (mwmmﬁuﬁﬂ?ﬁr)
4 462 AaaaLlsziapLFane Arinannaiansy
4 511 ARBILN LY Umg. Ui
4 801 ARBIIATIT Pkt
4 911 ARITNY9N OUUTINAY TR0
4 921 ARBINTIEUNBIAU nuUETANA quimanesin
4 941 ARBIATIIY n.4Aa0eAL azniuiuaaes
4 951 Aaesdn iy DUUAEIT AznuAaeIdnTiudald
4 961 ARBIALILEN DUUARENAL ARBNALLERA AxNIUAARIALLER
4 971 AaeIndaln TN T P PG AR TERE G
4 981 QRGN ouudaslues vafiinu 1. 3.k
4 991 ARBIATHUNA 8 uURnsluFT neuteauueEn W MUeaen
4 1001 ARBIANENT ouugRunaed aniltleagiunaed nu.
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Cluster ID Name of Canalks Site of Canals
4 1002 ANBNANI N UURABINN WyTIuaaeINgIEnaiin
4 1011 AREBNGAZLNN ouugRunaed U fuFiAanssulasn
4 1021 AaasaNLlain auuaaeIng qandusnlfiasniudiunaes
4 1201 ARBIAIANTZIN DUUAIANIZIN TRAIANTEIR
4 1211 ARBINUBIAZ ST nuua1nnIzils Indaes 40
4 1231 ARBINLEILER #ounszuas Inddinanuanaanszil
4 1271 Aaasana sl AADUUAARING
4 1461 Aaeednlu DMz 3 .needeysendiinaulug
4 1641 ARBNATNZ TN 0.2089N
5 151 AaaaLe &0 DUULAIYUAT
5 152 AaasLel&ln DUUAINAY
5 161 ARBIANIAALAINIZEN ASNIUVINAULAY
5 162 ARBIANAALANIZEN i lsanenunaasiialdnszen
5 191 ARBILNENTY DUWIASLYUAT
5 192 ARBILNINTY DULWIZIRIANE L
5 201 ARBIATIAS AN DUUIASLYUAT
5 202 AABNANIAZUAY D.WIZRIANA Y niaalag LﬁUﬂuH@N@ﬂmqﬁw
5 211 ARBILNY LTI viwii'rj”mm\w;mﬁﬂuu@n (. AauNad 19)
5 212 ABBILNY LTI QUUNSTIWR 2
5 221 ARBINEHATTY 7.9.909W17 (D.ANTTINEN 33)
5 222 AREINEHATY DUUNATEY (DUUWTIINSN 81)
5 241 ARBILNATHA A3t 97 mAaTulaginszsumn)
5 251 ARBNNALY DUUBIUENTUNS
5 252 ARBINATY DUUATTYATINNA
5 261 AaBILNNeNtias DUUBIUENTUNS
5 262 ARBILINNANTIDY vhfi'rj”mgq@mwm
5 291 AABIAIUT DULLABLYUAT
5 292 ARBIALUT nuunen e
5 311 ARBILAITAU LU TYIUE
5 312 ARBIUAITAU nuua;md“aﬁr
5 321 ARBNTHNTYIUY DU TYTEUE
5 322 ARBITNEFYTOUY auuzgmd“aﬁr
5 331 AARILNNLzNan OUUIIHTYIUE
5 332 AaRILNLzNan auuzgmd“aﬁr
5 341 AaBIUNLlzufo oUW TYIUE
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Cluster ID Name of Canals Site of Canals
5 342 AREILNalzufn muuqmﬂffmﬁr
5 411 ARBIMNATAR wilrindeawons
5 421 ARBINATRILN Uns.yTmun  auRAIaNaTINANT
5 422 ARBINITRILN LENDUULNESINGN 69
5 423 ARBINATAILN A1, ANAIUAY
5 431 ARBIAUINTE &9
5 432 ARDIAUINTE PLIGY!
5 433 AABIAUNNTE au. vindinu
5 434 ARDIAUNNTE Spunanszh
5 441 Aaagianszie faviansile
5 451 ARBIYUIITINA 1A i Uns.Aaaegus
5 471 ARDILT AL 9. 1TIAUW
5 472 ARBNTINVIRNIN ns. dagnia
5 473 ARBIINNANIAN 1lms. Bedryas
5 491 ARBILNGN DUUAITYATINNA
5 521 ARRILATETY SanszATlaaaassA
5 522 AABILNE uuATYATINWA
5 523 AABILNIETY TRAILTNIVITUTL 2
5 531 ARBILNANN Jaula%in (WALNNAR)
5 541 ARBILINNG AN ny5aE
5 551 ARBILNNAR DUURTTYATINNA
5 561 ARBNNTTAT DUUATTYATNNA
5 602 ARDININQE wdauanaaesdy 1.57
5 631 Aaasfulng 0. 1[I UAT 17
5 641 ARDITANDILNAY TANDINAY
5 642 ARDITANDILNAN DUNIAITYUAT
5 671 ARDIANL auumanne
5 672 ARBIAL YindaunaLedaTivng (R.9mNA)
5 761 ARBILNAZUN ouuwanlng (@azniumaLia 11)
5 762 ARBNLNAZUN ouwuwenlne Tes 33 (dauneazunly)
5 771 ARBITAAUIA i ineus
5 791 ARBNLINANAN JAFAINDAT (AABIA)
5 811 AABAYLINN AN
5 821 ARBILNE NN BRERTTYY 41
5 831 AABILNNTTING TRLATTYY 45
5 841 ARBIANL DUUWNEUUNAANE 2
5 851 ARBIL DUUAIUNN 46
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Appendix C

Surface Water Quality Standard in Thailand

Source: Department of Pollution Control Bangkok, dated April 12, B.E.2552 (2009), [online].

Available from: http://www.pcd.go.th/info_serv/reg_std_water05.html

Surface Water Quality Standards

Standard Valoe for Class®
Parameter” Statistice = Methods for Examination

Class]l Classl| Classd Classd | ClassS

1. Colonr,Odour and Taste n n n n

1. Temparatura [ - n n’ n’ n’ - | Thermomstsr

ipH - - n 5-9 58 39 - |Electromeatric pH Matar

4_Dissolved Oxvesn (DO) mgl P n 6.0 440 24 - |Azide Modification

5. BOD (5 days, 20°C) megl PEO n 5] 20 4.0 - |Azids Modification at 20°C, 5 days

6. Total Coliform Bacteria I'.{PI:J.;LI]'I:I P50 2 |s000l20000 - ~ I%@lﬁiiubel"mﬁﬁnn

7. Fecal Coliform Bateria I-.{PI;:J.;IIDIIJ DE0 2 |1,000]4.000 _ ~ I%?Jl“h?i’l:uTBubeFermantaﬁnn

8. N0 -N mgl - n 3.0 - |Cadmium Raduction

9.NH; -N mgl - n 0.5 - |Distillation Nasslerization

10.Phenols megl - n 0.005 - |Distillation 4-Amino antipveEns

11.Coppar {Cu) mgl - n 0.1 - |Atomic Absorption -Dirsct Aspiration

12 Mickls (MNi) mgl - n 0.1 - | Atomic Absorption -Diract Aspiration

13 Manganass () mgl = o 10 - | Atomic Absorption -Direct Aspiration

14 Zinc (Zn) mgl - n 140 - |Atomic Absorption -Dirsct Aspiration

13.Cadmium (Cd) mgl - n gggz: - |Atomic Absorption -Direct Aspiration

16.Chromium Haxavalant mgl = n 0035 - | Atomic Absorption -Diract Aspiration

17.Lead (Fh) me/] - n 005 - | Atomic Absorption -Diract Aspiration

18.Total Marcury (Total He) mel B a 0.002 ~ ﬁtnmigﬁbsnrpﬁnn—ﬂnld&fgm
Techniqua

19.Arsenic (As) me/l - n 0.01 - | Atomic Absorption -Diract Aspiration

20.Cyanids {Cyanide) mgl - n 0.005 - |Pvridine-Barhituric Acid

11 .Radioactivity 01

- Alpha Bacgurall - n - |Gas-Chromatopraphy

_Beia 1.0

gﬁsﬁw megl - n 0.03 - |Gas-Chromatoeraphy

13.DDT ugl = n 10 - | Gas-Chromatoeraphy

24 Alpha-BHC ugl - n 0.02 - | Gas-Chromatoeraphy

15.Dieldrin uel - n 0.1 - | Gas-Chromatography

16.Aldrin ugl - n 0.1 - | Gas-Chromatography

Zﬂ?.Haplh.chl] :-n’.i:. A pel - n 0.2 - | Gas-Chromatography

18 Endrin uel - n None - | Gas-Chromatoeraphy

Remark : 'fwuadsnaspuamzlunnsaihdsziani 2-4 dwdoursaidszani 1 Tiduldausssmand wasuvashlazand 5 Tummuaen
Z ¢ DO 1flwnainesgudan

P Percentile value

n naturally

n' naturally but changing not more than 3°C

* when water hardness not more than 100 mg/l as CaCO3
** when water hardness more than 100 mg/l as CaCOs3

Based on Standard Methods for the Examination of Water and Wastewater recommended by APHA : American Public
Health Association, AWWA : American Water Works Association and WPCF : Water Pollution Control Federation
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Source : Notification of the National Environmental Board, No. 8, B.E. 2537 (1994), issued under the Enhancement and
Conservation of National Environmental Quality Act B.E.2535 (1992) , published in the Royal Government Gazette, Vol.
111, Part 16, dated February 24, B.E.2537 (1994).

Objectives/Condition and Beneficial Usage

Class 1 Extra clean fresh surface water resources used for :
(1) conservation not necessary pass through water treatment process require only ordinary process for
pathogenic destruction
(2) ecosystem conservation where basic organisms can breed naturally

Class 2

Very clean fresh surface water resources used for :

(1) consumption which requires ordinary water treatment process before use
(2) aquatic organism of conservation

(3) fisheries

(4) recreation

Class 3 )
Medium clean fresh surface water resources used for :

(1) consumption, but passing through an ordinary treatment process before using
(2) agriculture

Class 4 Fairly clean fresh surface water resources used for :
(1) consumption, but requires special water treatment process before using
(2) industry

Class 5 The sources which are not classification in class 1-4 and used for navigation.
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