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Configuring ANN for Inundation Areas
Identification based on Relevant Thematic
Layers

Supattra Puttinaovarat!, Paramate Horkaew?, and Kanit Khaimook?®, Non-members

ABSTRACT

Flooding is one of the major natural disasters that
can cause not only disruptions to daily lives but also
damages to our properties. The study of flood models
to determine inundation areas has therefore become
increasingly more important for decision makers and
the authorities. Being readily accessible, the Artifi-
cial Neural Network (ANN) scheme was frequently
adopted for hydrology and flood modeling. Most
ANN techniques primarily take into account rain-
fall data and then predict runoff consequences. De-
spite convincing successes, they usually neglect other
causative factors. This study thus focuses on con-
figuring and improving generic ANN for inundation
areas identification using various flood deterministic
attributes. Accordingly, an ANN was developed us-
ing nine flood causative factors, derived from rele-
vant thematic layers. They consist of flood plain in
the past, height above sea level, water density, wa-
ter blockage, sub basin areas, soil drainage capability,
land uses and monthly rainfall, whose prognostic val-
ues were previously reported and assessed against the
full scale census and comprehensive GIS survey with
satisfying cogency. The guidelines and precautions
suggested in this paper may be applied to various
ubiquitous ANN based frameworks for flood forecast-
ing and related risks assessment.
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1. INTRODUCTION

Floods are one of the most frequent natural dis-
asters that cause severe damage to both human lives
and properties. It is estimated that out of global dis-
asters, 41.4% are due to flooding [1]. Thailand, for in-
stance, has been subject to recurring floods, whose in-
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cidents reported in the official documents, dated since
as far as early 90’s. More recently, according to the
Department of Disaster Prevention and Mitigation
(DPM), Thailand has experienced the major floods
in 2011, which severely affected residences around
Chaopraya river basin. The total estimated cost in
terms of property lost due to the event amounted to
1.44 trillion Baht, hence considered as one of the most
costly catastrophes in the nation’s history. This strik-
ing event as a result was placed 4** in the most severe
disasters world-wide ranking table [2]. Pathumthani
had also been greatly suffered by this event. The
economic affliction are so far estimated to be over 0.1
trillion Baht. Its extent covered 7 districts, 60 sub-
districts and 522 (or 98.7%) villag-es.

Forecasting the event prior to its actual occur-
rence is an attempt to prepare for the inevitable. To
this end, Hydrology, whose doctrine could be dated
back to as early as the pre-historic era, based on for
example, natural observations and more often than
not, with religious beliefs affiliation. Nonetheless, its
more modernized research has evolved into scientifi-
cally constructing a model of hydrological processes,
with the goal to offer timely and accurate estimates
of future discharge at specific watershed locations. A
wide variety of forecasting techniques avail-able typ-
ically adopted rainfall-runoff modeling (Fig 1) and
many models have been proposed with differing mod-
ifications. Thus far, there remain deficits: these mod-
els were unable to generalize well and thus barely
overcome higher-than-average accuracy limit, thanks
to intransigent over other spatial causative factors.
More recent years, there have been many studies on
flood susceptibility and flood prediction using Geo-
graphical Information System (GIS). They commonly
rely on analyzing relevant predicting factors, associ-
ated with weights and rates specified by human ex-
perts, normally are employed from variety of fields.
Furthermore, collecting these information is not only
time consuming but also impractical and inappropri-
ate in many cases. Land slope, for instance, is a
prime factor, as it retains high significance in flood
predictability for Angthong province [3]. This same
factor however, is not eligible for those areas on river
basin such as Pathumthani province, whose slopes fall
within as narrow as 0-5% range [2].

To elucidate various flood prediction models, a
more recent investigation [4] studied prominent tech-
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Fig.1: Graphical illustration of typical ANN for dis-
charge prediction.

niques, i.e., Artificial Neural Network (ANN), Ge-
netic Algorithm (GA), Fuzzy Logic and Self Organiz-
ing Map (SOM) and as-sessed their applicability on
predicting flood. Bench-marked against the indica-
tors given by 100 human ex-perts, the ANN was found
the most consistent and promising, despite however
some concerns impeding it from being readily appli-
cable.

Inspired by [4] and in the quest to remedy the
limitations associated with the scheme, this paper
focuses on further tuning the ANN model. Specif-
ically, based on one of the most extensive and re-
cent GIS data available, the Multi Layer Perceptron
(MLP) and the Radial Basis Function (RBF) struc-
tures were experimented. The underlying rationale
regarding each constituent factor will be discussed.
In addition, guidelines and insight precautions on ap-
plying the ANN on predictions of flood and probably
similar disasters were also addressed.

This paper focuses on configuring ANN for inunda-
tion areas identification based on various flood
causative factors (Fig 2), which were selected based
on knowledge acquired from during our preliminary
on-site survey [4]. There were indeed many recent
studies that adopted MLP and RBF in flood pre-
diction [5-9]. What these techniques had in com-
mon is that they built a model which predicts run-
off (or discharge) from rainfall, without taking into
account other flood causative factors. Moreover,
their common deficit is that prediction could only
be made at watersheds and where gauging stations
exist (typically sparse). This limited coverage as a
result constrains the inundation areas being identi-
fiable merely at locations where water level can be
measured. Nonetheless in their own right, both MLP
and RBF are versatile and have a strong merit as
prediction network if properly implemented. Com-
pared with other ANN based methods, many stud-
ies [10-13] have confirmed MLP and RBF superior
accuracy over, for instance, LVQ and others. The
Adaptive Resonance Theory (ART) neural network,
despite its simplicity, are not fully developed and cur-
rently criticized for its statistical inconsistency and

high de-pendency on the order in which the data are
processed. Furthermore, we have previously reported
[4] that when benchmarked against prominent learn-
ing based systems, the ANN outperformed GA, SOM
and Fuzzy Logic in terms of flood prediction accuracy
and model generalization. Consider the Self Orga-
nizing Map (SOM) for example; it could predict the
flood no better than an educated guess, and hence
not particularly useful. After closer inspection into
our raw data, it was revealed that in those cases
the over-fitting had overruled model generalization.
More specifically, SOM ranked Terrain Height as al-
most the least significant factor due to the fact that
Pathumthani terrain is generally flat; therefore flood
probability was considered by SOM to be more de-
pendent on other factors. This is however, not the
case in some areas that survived the flood, mostly due
to its relatively raised level. Discussion on shortcom-
ings of the remaining techniques can also be found in
[4]. Last but not least, research in MLP and RBF
are relatively matured and as such they are currently
widely accessible to hydrological organizations, whose
prolonged learning curve in adopting cutting edge Al
paradigm could cause an adverse effect for unhindered
risk management.
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ANN for flood prediction proposed in this

Following aforementioned rationales, the aim of
this study is to investigate the readily available tech-
niques and provide the guideline design a properly
implementation of the flood prediction model. To
this end, MLP and RBF were chosen as our pri-
mary schemes. Their merits were elucidated based
on GIS data recorded during the actual flooding in
2006, 2010 and 2011. Their configurations were then
adjusted accordingly to best reflect and predict the
actual events as they occurred. The resultant model
may serve as a tool in flood hazards and risks assess-
ment. Moreover, its deriving process could be consid-
ered as the guidelines and precautions for adopting an
upcoming learning based flood prediction paradigm
in the future.

2. THEORY AND RELATED MATERIALS

This section discusses related learning techniques,
adopted previously in the literatures namely GA,
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Fuzzy Logic, SOM and ANN [14-19]. Overviews of
the former three systems and their usages in flood
predictions are briefly mentioned, while more empha-
sis will be put on detailed analyses of ANN variants
and their applications. Subsequently, Geographical
Information System (GIS) framework will be brought
into this context and com-ments on related materials
are provided.

2.1 GA, Fuzzy Logic and SOM

Genetic algorithm is search and optimization tech-
niques based on the principles of national selection
and genetics. In solving a hydrological problem, GA
has been used in determining fountainhead [15]. In
that study, it serves as an automatic fuzzy rule se-
lector, with no expert input required. The resultant
rules were then executed to estimate rainfall, based
on temperature, humidity, wind speed and solar ra-
diation. The derived model was able to predict the
rainfall a day in advanced with 20-80% error, depend-
ing on how early the event was participated [16].

Fuzzy logic is a decision making assisting tool that
can tackle a problem at hand quickly and efficiently
and cope well with imprecision and nonlinearity. The
generation of a fuzzy forecast models were based
on both expert knowledge and historical data [15].
The model was found in hydrological forecasting such
as real-time flood prediction by taking into account
hourly rainfall and discharge. It was able to make
prediction 12 hours prior to the event, with 63-98%
accuracy, depending on how early it was predicted
[17].

Finally, SOM is an ANN that can learn without
explicit training [18]. It was incorporated into the
ANN to determine water, using hourly rainfall gauged
from nine stations. It can make prediction 2 hours
before hand, with a promising 94% accuracy [19].

2.2 Artificial Neural Networks (ANN)

ANN is a mathematical model of human percep-
tion that can be trained to perform a particular task
based on available empirical data. Particularly, when
the relationships between data are unknown, the
ANN can efficiently establish their underlying connec-
tions. There exist many ANN variants, which can be
categorized into 6 architectures, i.e., Multi Layer Per-
ceptron (MLP), Radial Basis Function (RBF'), Learn-
ing Vector Quantization (LVQ), Adaptive Resonance
Theory (ART), Auto-Associative NNs and Self Orga-
nizing Map (SOM) [18-22]. This study focuses par-
ticularly on MLP and RBF types

MLP is a configuration of an ANN that has mul-
tiple layers and is suitable for complicate scenario.
The configuration employs Back Propagation learn-
ing scheme that consists of 2 reciprocal procedures,
i.e., Forward Pass and Backward Pass. The former
passes the data presented at the input layer through

one hidden layer after an-other, while the later ad-
justs the connecting weights ac-cording to an error
correction rule, whereby the error signal which is the
difference between the target and actual responses is
fed back into the network in the opposite direction to
the forward links, whose weights are then iteratively
tuned until the actual response reach the specified
target.

RBF ANN is also considered of multilayer and for-
ward feeding configuration. It has the ability to sim-
plify complex problems, by means of non-linear map-
ping. As the complexity increases, adding more per-
ceptron layers to ANN could lead to longer computa-
tional time and hence slower convergence. Moreover,
discrimination lines are unable to separate among
clusters that are naturally. In these scenarios how-
ever, it may be more tangible to incorporate into
ANN a circular shape discriminator, e.g., Gaussian,
whose extent covers most of the plausible region in
each cluster. This configuration consists of 3 layers,
i.e., n-neural input, one hidden, and n-neural output
layers. The connectivity between input and hidden
layers are hypothetical, while the one between hidden
and out-put layers is specified with a set of adaptive
weights that are adjusted during the neural training
process.

The current trend in GIS is adopting the ANN in
fore-casting rain volume, runoff and water level for
flood warning systems [5-7, 23-24]. The techniques
employed either MLP or RBF in their implementa-
tions. Their result-ant predictability was 70-95% ac-
curate and was able to forecast hydrological events
3-7 hours in advance. The factors incorporated were
local slope, height, accumulated flow, hourly water
level at gauging stations, rainfall measure, land uti-
lization and soil and other geological characteristics,
etc. [25].

In our implementation, the MLP was defined as
per equations (1) and (2)

() = D wip)wi(p) +bi(p)wi(p) (1)
R — @

where p is the data set, n is the total number of input
nodes, z;(p) is a sampled data present at the i*” node,
w;;(p) is the weight assigned to the link between the
it" and the j'" nodes, b;(p) and w;(p) are the bias
and weight linking between bias and the j** node and
y;(p) is the response at node the j** node. As for the
RBF configuration, equation (3) was employed.

p
N
F(zj;¢) = sz exp (—d2||33j — ci||2) (3)
i=1
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where p is the number of kernels, N is the number
of hid-den layer nodes, d is the maximum distance
between each data point to the mean, x; is a sampled
data present at the j** node. ¢; is the kernel value
and wi is the weights linking between input nodes.

2.3 Geographical Information System (GIS)

GIS is a computerized process that has been rec-
ognized as a powerful means of integrating and an-
alyzing data from various sources in the context of
comprehensive floodplain management. Adequate in-
formation and prediction capability is vital to evalu-
ate alternative scenarios for flood mitigation policies
and to improve decision making processes associated
with flood management, causes and factors contribut-
ing to floodplain mapping [3], such as rainfall, land
slope, height above sea level, sub-basin size and den-
sity, water passage blockage and soil drainage [25 -
28]. Furthermore, GIS has been incorporating with
other schemes, for instance, satellite imaging, in flood
management.

3. METHODOLOGY

In the preliminary study [4], where prominent
learning based prediction systems, i.e., ANN, GA,
Fuzzy Logic and SOM were benchmarked, generic
ANN was found to be the most superior in terms
of flood predictability. In that study, key factors
which were incorporated into the model were rainfall,
flood plain in the past, height above sea level, water
density, water blockage, sub-basin area, soil drainage
ability, and land utilization. Based on the total of
100 spatial data, which were uniformly sampled from
the flood event recorded in 2011, several statistical
analyses were employed to validate and compared
those learning models [4]. It was reported that, for
instance, ANN and Fuzzy Logic performed equally
well, with the best accuracy of 92%. However, when
considering their generalization ability, using Leave-
one-out cross validation (LOOC) on 6 but 1 district,
and taking into account both false positive and nega-
tive, ANN could predict the event with the least error
of 30.2%, as shown in Table 1.

Table 1: Comparison of ANN, GA, Fuzzy Logic and
SOM.

Method ANN GA Fuzzy | SOM
Logic
Accuracy | 92% 88% 92% 88%
Error 30.2% | 57.9% | 77.2% | 52.7%

Following this and other findings [4], concerns that
were needed to be raised when building (training)
such prediction models included that data sampling
should be able to cover possible variations without
leaping into over fitting, where more points were un-
necessarily included, thus making the model specific

yet unable to generalize. In addition, each factor
should be quantized, normalized and rated properly
so as to avoid variations in some factors being sub-
merged under other more dominants’ noise.

The aim of this paper therefore is to further im-
prove ANN based flood prediction system, thereby
configuring it into MLP and RBF types, bearing in
mind those issues. The predictability of the ANN
in both configurations will be assessed and compared
against the flood data as it occurred in Pathumthani,
2011. The work presented here differs from others in
that, unlike [5-7, 23-24], where flood peak was pre-
dicted hourly in advanced under the hypothesis that
the water levels at gauge stations were provided, it
employed 9 factors (an additional factor than [4] was
added) into the MLP and RBF ANNs for flood pre-
diction, from which an optimal approach is deduced.

3.1 Data Preparation

By relevant thematic layers, this study means rain-
fall, flood plain in the past, terrain elevating, water
block-age, soil drainage capability, and monthly rain-
falls, etc., which were recorded in the geographical
form.

In order to develop the flood model, understanding
and determination of flood causative factors are cru-
cial. These factors are selected based on the knowl-
edge acquired from collected during our recent on-site
survey. A public hearing was organized and 100 local
administrative governors, sub-districts headmen, vil-
lage chiefs, academic and local representatives in the
area at risk were participated [2]. This information
formed the bases of the overlay functions, constitut-
ing to nine relevant factors, which were sampled and
analyzed on a reference frame, i.e., Digital Elevation
Model (DEM) digitized from elevating contours [2, 4].

3.2 Deterministic Attributes

Rainfall (referred herein as P1) as depicted in Fig
3, has a direct relationship with the amount of water
in the water passage, which in turns has an influence
upon flood happening in respective area.

Some areas were repeatedly flooded as they are
practically more prone to reoccurring of the event
than others. Flood plain in the past (P2) as mapped
in Fig 4, therefore is another key attribute that may
be taken into account to determine whether a location
is likely to be affected.

Terrain elevation (P3) is evidently one if not the
most prominent attribute that has strong determi-
nant on flood. Public generally assume that the
higher the area, the less likely it would be affected.
It is normally measured as the height above sea level.
In this study, the information was uniformly digitized
from elevation contours, as in Fig 5.

Water density (referred as P4) of the sub-basin
facilitates drainage of areas nearby, making them less
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likely to be affected. The water density is computed
as the ratio between the total length of water passage

and the coverage basin area, as described in Equation
4.

Dy =L/A (4)

where Dy is the water density (1/km) and L is the
total length of the water passage in that basin, whose
area is A.

Water blockage (P5), e.g., land transits and dyke,
on the other hand, impedes and slows down the over-
flow to be discharged from the area, putting it at
higher risk. The blockage is similarly computed as
the water density, but the length of the blockage re-
places that of the passage. The map of blockage in

the area is illustrated in Fig 6.

I

Road

Fig.6: Water Blockage in Pathumthani.

The extents of sub-basin areas (P6) play a ma-
jor part in the outgoing flow through water passages.
Prolonged flood is almost inevitable, if the sub-basin
is larger than the river and cannel flow capacity.
Fig 7 illustrates sub-basins, where the larger areas
roughly coincide with those greatly affected during
the 2011 deluge [2].

Sub-basin —— River

Fig.7: Sub basin areas.

Soil texture is another factor proven to be con-
nected with flood. Soil with fine texture such as that
with a high proportion of clay particles may disrupt
the water drain-age from the area, causing swamps.
Soil with a lower clay proportion, on the contrary, ac-
celerates the draining. This attribute was expressed
in our experiment in terms of soil drainage capability
(P7), and was categorically divided per administra-
tive district into 2 levels (i.e., bad and control) as
illustrated in Fig 8.

Land use (P8) is another factor that determines
the possibility of a given area taking flooded. Florae
covering the area (e.g., forest and perennial) could re-
duce that risk, as they could absorb water and hence
delaying the flush. The map labelled with land uses
is depicted in Fig 9.
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Monthly rainfall (P9) is the last but not least fac-
tor that could improve flood predictability, enabling
the pin point of the event at a given time frame. It
was neglected before in the previous study, but now
is considered here.

Since Pathumthani is repeatedly flooded, the fac-
tors mentioned above will be sampled from the GIS
recorded in 2011, 2006 and 2010, when the city was in
respective order, the most severely affected by flood.
The reason for those 3 years were taken into account
instead of a specific one alone is to remove irregu-
larities that might have been caused by other data
irrelevant matters, for in-stance, politics, and admin-
istrative ambiguity and disagreements, etc. The sam-
pling was made uniformly 1000 instances,/ year.

3.3 Data Preprocessing

The relevant thematic layers were derived from
various sources and differed in units. It was therefore
difficult to interpret and probably led to missed clas-
sification. To ensure homogeneity, each attribute was
prepared by first rated its raw value into discrete lev-
els (bands) as tabulated in Table 2, and later applied
min-max normalization, so as to avoid the effect of
quantization and thus suppressing inter-modulation
noise floor.

Table 2: Factors taken into account with rating.

Factor
Rainfall(P1)

Data Range
>1401 mm
1301-1400 mm
1201-1300 mm

Rating

< 1200 mm
Floodplain in the Flooded
(P2) Non-flooded
Height above sea level | 0-1.080 m
(P3) 1.081-1.924 m
1.925-2.404 m
>2.405 m
Water density (P4) 0-2458.9 km ™1

2459.0-8885.5 km !
8885.6-36103.7 km !
>36103.8 km~?!
>2.27 km !
0.01-2.26 km~1!

0 km~1!

>11671 km?
2575-11670 km?

< 2574 km?

Bad

Controllable
Residential & Bldgs.
Agriculture
Industrial

Other

>236 mm

221-235 mm
191-220 mm

<190 mm

Water blockage (P5)

Sub-basin area (P6)

Soil Drainage
Capability (P7)
Land Uses (P8)

Monthly Rainfall
(P9)

N Qb U W ks O O s O s O N W O W O O W ks Ot

3.4 Training and Flood Predicting Processes

Once the data had been rated and normalized,
they were then reformatted into ARFF, so that they
could be fed into either MLP or RBF configured
ANN. The learning process was performed using
WEKA [29].

During the training and predicting, the K-fold
Cross Validation [30, 31] was employed as a metric
to measure the merit of each configuration. With the
scheme, the data were divided equally into K sets.
For each round, one data set was selected for training
the model, while the remaining K - 1 datasets were
used for testing, from which the results were com-
pared with the actual event, and hence the predict-
ing error was calculated. In order to minimize data
dependent biases, the process was repeated K times,
each with training data iterating through a different
dataset in turns. In this study, the value K was set
to 10. The errors were averaged.

As for the ANN, the learning rate was set to 0.2;
the momentum coefficient was set to 0.1; and the
number of iterations was set to 1500. The reason for
these values were so empirically specified was that,
from our experiment these combinations yielded the
best predicting results and thus were reported here.
Since one of the main purposes of this study was to
come up with the optimal model between MLP and
RBF, they were therefore configured using the same
topology, i.e., 9 input layer nodes for P1 - P9 above-
mentioned factors, 3 hidden layers and 2 output layer
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classes, where 0 and 1 meant not being and being
flooded, respectively.

4. RESULTS

The results predicted were compared against
what actually happened in 2011, 2010 and 2006 in
Pathumthani, whose data were gathered during our
prior investigation [2].

In order to determine a proper topology of the
neural, the number of three hidden layer nodes was
firstly set to 10:10:10, 5:5:5, and 5:4:3. It was found
as shown in the Table 3 that (the units were in per-
cents), the hidden layers of 5 nodes yield the best
overall accuracy and therefore will be opted.

Table 3: Comparisons among Different Hidden
Nodes.
Hidden Layer Nodes | 2011 | 2010 | 2006
10:10:10 749 | 74.9 | 80.8
5:5:5 73.8 | 78.4 | 80.6
5:4:3 73.2 | 73.2 | 80.8

The number of iterations for learning process was
similarly determined by comparing results in those
years with the predictions given by 500, 1500, 2000
and 5000 rounds trained neural. The results as re-
ported in Table 4 indicate the 1500 learning iterations
neural well balanced between accuracy and time com-
plexity.

Table 4: Comparisons between Different Iterations.

Number of Iterations | 2011 | 2010 | 2006
500 72 76.2 | 80.6

1500 73.8 | 78.4 | 80.6

2000 73 779 | 80.8

5000 72.8 | 78.2 | 80.6

Once the ANN topology was determined, we tested
our hypothesis of extension from [4] that, if monthly
rainfall (P9) could be included in the factors, aug-
menting the model with it would increase the predict-
ing accuracy. As references, MLP and RBF model
were trained with P1 - P8 data from 2011, 2010 and
2006. Except in 2006 where both models did equally
well, the MLP could pre-dicted the flood better than
the RBF, with the accuracies of 68.8, 77.8 and 81.1
percents, respectively compared to those by using
RBF of 63.4, 73.9 and 81.1 percents (Fig 10). When
including P9 into the learning of both models, the
predictability increased as anticipated for 2011 and
2010, yet slightly dropped in 2006.

It had been learnt from [4] that, increase in accu-
racy alone may not however be the only justification
of including this particular factor into the model, as
there existed risk of over fitting. To clarify the de-
cision, the accuracy predicted in each year was aver-

aged over the models with 8 and 9 factors. The MLP
did better than RBF with the accuracies of 71.3, 78.1
and 80.85 percents compared to 64.8, 74.45 and 81.05
percents (Fig 11).
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Fig.10: Comparing MLP and RBF using 8 and 9
Factors.
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Fig.11: Comparing MLP and RBF.

Based on this average, we were then able to con-
clude that, by including the monthly rainfall (P9),
the accuracy was better in 2011, while improvements
in 2010 and 2006 were almost undetectable. Look-
ing into the raw the data, the contrast of P9 across
the city was higher in 2011 than in 2010 and 2006,
which implies that P9 could be faithfully employed,
without contaminating it with the background noise
even if the rainfall did not greatly differ. Nonetheless,
should the differences exist (as is the case in 2011) P9
could play a part in improving the accuracy.

It was also pointed out earlier [4] that the train-
ing da-ta should cover all plausible variations, but
not overly so. This concern was proven by train-
ing the model with data from 2011 and testing it
against those in 2010. The accuracy was 67.67 per-
cents. Swapping the training and the testing data set
dropped the accuracy to 42.33 percents (worse than
an educated guess or even flipping a coin). This can
be explained by looking into the raw data that the
2011 data had greater coverage than those in 2010.
The rainfall, for instance, in 2011 was 160 - 250mm,
compared to 160 - 210mm in 2010.

Figs 12 - 14 illustrate the predictability of the
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model with data acquired in 2011, 2010 and 2006,
respectively. The blue and white areas are those af-
fected and not affected by flood in respective year.
The green dots are the true positive, where flood were
correctly predicted or true megative, where they are
not affected by flooded as expected. The red dots are
regions that were flooded unexpectedly or false neg-
atiwe. Finally, the yellow dots are those areas where
wrongly predicted as flooded or false positive. It is
clear that, most of the areas are correctly predicted,
with a few scattering errors.

R
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Fig.12: Geographical Illustration of 2011 Pre-
dictability.
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Fig.13: Geographical Illustration of 2010 Pre-
dictability.

The measured errors were categorically divided
into 2 groups, which are false negative and false posi-
tive. According to the data acquired from 2011, 2010
and 2006. The former group is of higher proportion
than the later, i.e., 14.25, 15 and 18.5 percents of false
positive compared to 8.3, 6.6 and 0.9 percents of false
negative. In order to elucidate these findings, each of
the factors and their weights were analyzed. Similar
to the previous study [4], each factor was rated with
low, medium or high flood risk according Table 2.
It could then be deduced that, the false negative in-
stance was predicted because it contained less low and
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Geographical Illustration of 2006 Pre-

medium risk factors than the high risk ones. Those
lower risk factors are, based on 2011 data, of signif-
icant neural weights. In this year, for instance, the
low - medium risk factors are annually and monthly
rainfall, flood plain in the past, height and sub-basin
are-as. Similarly, the false positive instance occurred
because it has more data of high risk factors than
those lower ones.

It was evident from the above findings that con-
tributing factors played a very important role in flood
predictability. In order to determine whether a given
area would be flooded, a set of weights were assigned
to these factors (attributes), forming a prediction
function. In our experiment, the weights were speci-
fied by either expert or computed by the ANN. These
weights are listed in Table 5. It should be noted that,
P9 was only introduced in this study based on current
hypothesis and not previously obtained in the survey
[2], hence its absence in the expert column.

Table 5: Weights assigned to each factor.

Factor ANN Models
FExpert | 2011 2010 2006
P1 8 | -20.99 3.43 -0.05
P2 7 8.56 | -13.01 | -14.39
P3 6 -1.06 1.29 -6.96
P4 5| -17.79 -8.09 2.82
P5 4 4.77 8.64 | -11.25
P6 3 0.64 0.74 0.72
p7 2 | -20.35 | -12.14 -2.61
P8 1 -3.34 7.56 3.65
P9 - 2.90 8.43 | 11.45

The analysis on the deterministic attributes (fac-
tors) that had been derived from the ANN differed
from year to year depending on the training data.
However on average, the most prominent (based on
their magnitudes) ones are flood plain in the past
(P2), soil drainage capability (P7) and water density
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(P4). Although not ranked among the top 3 factors,
water blockage (P5), annually and monthly rainfall
(P1 and P9) also played a very important role in pre-
dicting the event. The manifestation also highlights
the underlying major indicators of the flood, in this
order:

1) Whether or not it has been flooded before

2) How efficiently it can dissipate the water

3) How much is the water added by rainfalls

Although the computerized models offered the pre-
dictions mostly similar to that of human recognition,
the weights they assigned to the lower signified fac-
tors did not exactly coincide. These discrepancies, on
one hand, strengthen the fact that artificial learning
models could emulate human decision making in this
context with varying degrees of success. On the other
hand, they also high-light the fact that the weights
specified by human experts are subjective and can
only be applied in area bounded by their familiarity.
They are also less reliable as they get lower, thanks
to variability due to disagreement among individuals.

To further assess the generalization ability of the
model, leave one out cross validation (LOOC) was
used. The idea of this scheme is that all but one dis-
tricts were included in the training data, leaving the
removed district as the validation. The process was
then repeated for the remaining districts and then
the overall predicting errors were averaged across the
total of 7 Pathumthani districts. However, it was hy-
pothesized in [4] that, since the ANN are data depen-
dent, training it with one set of data and then test-
ing it against another with may be of rather different
characteristics can be error prone and misleading.

Consequently, unlike [4], instead of simply feeding
the input data into a single model, they were first into
K clusters, using K-mean clustering [32], with K set
to 2. Each cluster would be used as training dataset
of separate ANN. Prior to predicting the unseen data;
they would be classified first into one of these clusters,
based on their averaged factors similarity and then
assigned to the respective ANN. With this modifica-
tion, it was ensured that a proper model was chosen
to predict the data with similar characteristics. The
results are illustrated in Fig 15. If unseen predic-
tion was made by the model trained using data with
similar characteristics, the accuracy are 69.53, 75.85
and 69.89 percents, in 2011, 2010 and 2006 respec-
tively. Unless proper classification and hence model
was assigned, the results was no better than flipping
a coin.

The LOOC results corresponded well with the
above hypothesis: learning based on similar charac-
teristic fac-tors as the validating data results in better
accuracy. In other word, the flood predicting model
cannot be applied universally, unless both the train-
ing and testing attributes share the similar character-
istics.
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Fig.15: LOOC using clustered and single ANNs.

5. CONCLUSIONS

This study was carried out in the hope that it
would serve as a prototype for applying the artificial
learning system in public hazard (flood and landslide)
monitoring and warning strategy, so as to prepare the
public for the unexpected, well in advance, thus min-
imizing lost that could have incurred otherwise.

It was an extension of and improvement over its
preliminary [4], in terms of fine tuning the model
and model preparation. More specifically, 5:5:5 MLP
was employed with its merits tested and a proper
model was selected as the predictor based on their
constituent data similarity.

One of the key findings worth mentioned here is
that, according to the computerized ANN model, an
area may be predicted if it would be flooded, depend-
ing highly on 3 indicators, i.e., flooding history, wa-
ter dissipation and rainfall. This interpretation offers
not only the basis on further improving the flood pre-
diction model, but also the methodological guideline
for mining significant factors in different disaster sce-
nario.

In order to achieve more accurate prediction, other
realistic attributes such as debris/ weed along the wa-
ter passage, land slope, local width of local water pas-
sages as well as the water influx should be quantified
and taken into account when building a flood predic-
tion model.
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