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Abstract—Approaches in the formulation of machine learning 

decision models for rational reservoir water draining as well as 

in the development of a decision support system (DSS) 
prototype for Angat Dam in Bulacan, Philippines is hereby 

presented. The models are engineered using a combinatorial 

set of heuristic methods made up of Support Vector Machine 

(SVM), Backpropagation-based Time Series Analysis and 

Fuzzy Logic algorithms. Several hydrological as well as 

weather attributes in the watershed and peripheral areas for 

the past ten (10) years are utilized to train, validate and test the 

system. The heart of the DSS is made up of a triad of 
interrelated sections geared to determine dam conditions 24 

hours into the future. The first section serves as a rainstorm 

intensity classifier responsible in the determination of 

downpour classification expected to occur in the reservoir and 

surrounding watershed area. Its classification decision model, 
with an overall accuracy of 80.57%, is generated using SVM. 
By dependency, the second section, on the other hand, requires 

a moderate or heavy rainstorm class trigger before it operates 

to life. It predicts reservoir inflows which is likewise the sole 

basis in optimal dam discharge volume estimation. At a 

benchmark of 0.808 correlation based on blind test data, the 

forecasting model behind this section is generated using time 

series analysis techniques through backpropagation algorithm. 
Given real-time values of reservoir water level and normal 
high water level as well as discharge volume forecasts as inputs 

to the DSS, the third section estimates, in fuzzy sense, the safe 

water discharge flow rate in cases where dam water draining 

becomes an option. Consequently, outputs of the different 
subsystems are pooled together to serve as basis in drawing 

different spilling scenarios presented in the DSS by the 

decision support engine. Validated and tested using simulated 

conditions, the DSS prototype provides dam operators non- 
linear estimations in arriving at practical spilling options in 

optimizing reservoir water storage by regeneration  and 

minimizing impact of flooding in surrounding communities. 
 

Keywords; Support Vector Machine, Backpropagation, Fuzzy 
Logic, Time Series Analysis, Angat Dam, Dam Spilling Decision 
Support System. 

 
I. INTRODUCTION 

Made to operate in October 1967, Angat Dam situated in 
Norzagaray, Bulacan, Philippines serves as the model dam in 
this study basically for its recent experiences in severe 
peripheral flooding. The dam construct is rockfill equipped 
with a spillway having three gates at a uniform spilling level 
of 217 meters above sea level (m.a.s.l.). Its designed Normal 

High Water Level (NHWL) is set at 212 m.a.s.l. with a 
surface area of approximately 23 km2 and a corresponding 
storage capacity of about 850 million cubic meters [1,2]. The 
dam critical low water level is designated at 180 m.a.s.l.. 

Through telemetry, data from a water level gauging 
station as well as four (4) other rain gauge stations 
strategically installed around the reservoir are regularly 
captured and recorded for decision-making purposes. 
Likewise, a set of water level sensors is installed for flood 
monitoring purposes downstream along Angat River 
specifically at the foot of Matictic Bridge in the municipality 
of Norzagaray. These sensors are intended to trigger alarms 
for residents along the river banks when flood levels reach 
thresholds due to massive water spilling upstream. The first 
sensor is installed 30.59 m.a.s.l. that corresponds a draining 
flow rate of 1,200 m3/sec. at the spilling gates, the second at 
32.15  m.a.s.l.  for  1,800  m3/sec.  and  the  third  at  33.30 
m.a.s.l. for a critical flow rate of 3,000 m3/sec. 

Practically, dam water level rises during rainstorms. This 
is due to the fact that the wide surface area of the reservoir 
such as that of Angat, is greatly influenced even by a single 
centimeter water level change at the height of downpour 
courtesy of inflows. Inflow is a quantitative estimate of the 
volume of water derived from stream runoffs and 
precipitation getting into the reservoir, commonly expressed 
in cubic meters per second (cms) [3]. 

By engineering limitations, wall structures of a reservoir 
are only able to hold water according to pre-known 
thresholds. Certain volume of water therefore has to be 
released from the reservoir whenever dam managers deem it 
necessary. In this case, decision to release excess dam water 
becomes a critical responsibility of managers. It encapsulates 
a tough balancing act between the risk of losing a valuable 
corporate resource, on one hand, and the risk of bringing 
residents in surrounding communities to their rooftops due to 
severe flooding, not to mention injuries and casualties that 
most of the time take place, on the other. Review of related 
literatures manifest that the nature of this study is first of its 
kind for Angat Dam. 

II. PROBLEM STATEMENT 

Flooding due to heavy rainstorms is a natural 
phenomenon. It cannot be stopped and, in many instances, 
difficult to control by man-made processes. Based on 
records, dam operators are compelled to release dam water at 
the  height  of  drenching  storms  and  flooding  if  only  to 
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conserve water at the onset. The eventual scenarios for such 
decisions definitely result to rising of flood water levels 
downstream which may become devastating as approximated 
in Figure 1. 

 

 
 

Figure 1. Approximation of cumulative flood water level 
downstream when dam releases substantial volume of water 

during a heavy rainstorm. 

 
Since traditional preemptive spilling does not guarantee 

that drained water are replenished back by coming 
rainstorms, fear therefore on the part of dam managers from 
losing substantial volume of water makes this tradition the 
last if not a non-viable option. 

Currently, Angat Dam management utilizes a linear 
forecasting method specifically intended to estimate inflow 
conditions six (6) hours into the future as basis in deciding 
dam water release. As a big challenge, the author explored 
this problem space focusing on a regenerative approach that 
could offer dam operators ample time, much longer than six 
(6) hours, in executing release  protocols with lighter 
discharge flow rates. 

III. METHODOLOGY 

 

A. Angat Dam Regenerative Dam Spilling Decision 
Support System 

Cumulative flooding attributed to dam water spilling is 
within the bounds of human action. It is somehow 
preventable. One of the means to do so is to discharge dam 
water, in a limited and controlled flow rate, at least 24 hours 
prior to the start of forecast heavy rainstorms if and when 
certain parameters are met, as illustrated in Figure 2. 

The spilling procedure has to be anchored on a 
regenerative  mindset which means that the decision shall 

guarantee that drained water can be replenished back by the 
immediate coming rainstorm. The decision parameters 
therefore have to be carefully chosen so as not to 
compromise the interests of both dam owners and 
communities in the periphery of the dam. This concept 
serves as the foundation of the site-specific water spilling 
decision support system explored and developed in this 
study. Its framework evolves behind the principle that dam 
water spilling is a rational act of understanding how much 
rain water can be funneled back into the reservoir during 
rainstorms, such that reservoir water storage is optimized and 

flood level in the drainage areas attributed to dam spilling 
minimized. 

Reservoir water storage is basically defined as inflow 
less outflow. It is specifically described by the  reservoir 
water balance equation, ΔS=(I+P)-(Os+Og+E), where ΔS 
(delta storage) is the net storage, I is inflow flood,  P is 
precipitation, Os is surface outflow, Og is ground seepage and 
E for atmospheric evaporation. This relationship is entirely 
theoretical as some of its parameters, e.g., Og and E, are 
difficult to measure [3, 4]. I+P is the general estimate for 
overall inflow of water that gets into the reservoir. 

 

 
 

Figure 2. Conservative scenario of draining dam water 24 hours 
ahead of a forecast heavy rainstorm to avoid cumulative flooding 

downstream. 

 

Shown in Figure 3 is the general perspective of the 
problem space to which these subsystems are formulated 
underscoring its regenerative  feature. The hypothetical 
area under the bold curve right half of the figure, that is from 
0th to +24th hour on the x-axis and 0th being the start-off 
point for the predicted time heavy rainstorm, illustrates the 
DSS-estimated amount of rain water to be charged back into 
the reservoir in the next 24 hours. This curve is symmetrical 
to the representative curve for the controlled discharge to the 
left of same figure. 

 

 
 

Figure 3. Dam discharge volume as equated to regenerative 
charge volume. 

 
Literally, time involved in regenerative charge  process 

can be any number of hours reckoned from 0th onwards as 
rainstorms may occur continuously or intermittently within a 
particular slice of time. Nevertheless, rainstorm for a 
regenerative charge  does not follow any volumetric pattern 

as this is difficult to forecast in a precise term. Thus, the neat 
curve from 0th to +24th hour in same figure only 
hypothetically symbolizes the replenishment requirement of 
the reservoir vis a vis the volume of the controlled discharge 
and does not at all depict a charging pattern. 
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Similarly, the area under the curve to the left of 0th time, 
that is from 0th to -24th on the x-axis, represents the volume 
of water to be spilled in a controlled fashion to commence at 
least 24 hours ahead of the start of a forecast heavy 
rainstorm. Being equivalent to the regenerative charge 
volume, the controlled discharge volume, Vdischarge, decision 
function devised in this study given in (1), is a conservative 
estimation based on midrange of average inflows from 0th 
hour to the +24th, multiplied by 86,400 seconds or 24 hours, 
if and when Reservoir Water Level (RWL) at  -24th  is 
greater than the reservoir's NHWL. 

class,  IFS  executes  a  forecasting  model  to  predict  dam 
inflow condition for the next 48 hours. 

Same process synchronously calls the WDFRES for safe 
water discharge flow rate estimation after which, based on a 
predetermined set of decision rules, corresponding spilling 
scenarios are generated as support for the Angat Dam 
spilling decision team. Included in the DSS spilling scenarios 
is the specific time of the day which draining has to be 
stopped. Draining time, however, can be cut short and 
spilling immediately aborted, if and when RWL already 
equates the NWHL. Users from the team provide feedback 
into  the  system  regarding  the  decisions  made  and  the 
reason(s) why the particular action is rendered. DSE holds 

( Inflow
+24th  +Inflow

0th  ) 
V

discharge 
= 

 

−24 
th

 

 

(1) 
the feedback database readily available for future reference. 

2 
∗86400,   if RWL 

> NHWL 

0, else . 

As protocol dictates, spilling volume discharge flow rate 
monitored by water gauges at Matictic Bridge is limited to 
3,000 m3/sec. only. Drainage capacity limitations do not 
allow discharge flow rates beyond 3,000 m3/sec. otherwise 
flood overflow along Angat River downstream becomes 
highly imminent. Within this context, the main criterion in 
the determination of an ideal discharge flow rate, therefore, 
is the draining rate strategy that can offer minimal flow rate 
for the computed Vdischarge distributed in the  24-hour  time 
span. Likewise, parametric values for 0th and +24th hours 
are forecasts made during the reckoning time which is at 
-24th. 

Shown in Figure 4, is the system architecture of the 
regenerative dam spilling decision support for Angat Dam. It 
illustrates the  four (4) major subsystems that govern the 
DSS, namely; Rainstorm Intensity Classification Subsystem 
(RICS), Inflow Forecasting Subsystem (IFS), Water 
Discharge Flow Rate Estimation Subsystem (WDFRES) as 
well as a Decision Support Engine (DSE) expected to deliver 
reliable spilling scenarios as a decision support tool. 

 

 
 

Figure 4. System architecture of the Angat Dam Regenerative 
Spilling Decision Support. 

 
In the diagram, hydro-meteorological data sourced from 

both PAGASA and Angat Dam are used as inputs to the 
system in arriving at different dam spilling scenarios. 
Activation of the different subsystems starts when the output 
of the rainstorm intensity classifier at RICS, yields a 
moderate or heavy rainstorm class which correspondingly 
awakens the IFS to life. Any other rainstorm classes allow 
the system to stay dormant. Given a triggering rainstorm 

B. Rainstorm Intensity Classifier 

Basically, the main task of RICS at -24th period is to 
classify the condition of  rainstorm on the 0th hour. The 
decision model of the rainstorm intensity classifier 
developed using Support Vector Machine (SVM) is trained 
and tested based on predictor attributes, namely, atmospheric 
pressure, atmospheric temperature, cloudiness, wind speed, 
wind direction and month as of the -24th hour period. 

Being a supervised-learning algorithm, SVM is 
complemented with an exemplar variable taken from rainfall 
records of Angat Dam. Class labels for this attribute are 
captioned as Negligible, Light, Moderate and Heavy, which 
deviate a little from the original Rainfall Classification and 
Measurement Chart developed by PAGASA. Cases in the 
original dataset are associated to these classes as Negligible 
for rainfall<=2.5 mm, Light if rainfall is >2.5 mm and <=7.5 
mm, Moderate if rainfall is >7.5 mm and <=30 mm, and 
Heavy for rainfall >30 mm. As a classifier intended to 
predict rainstorm intensity 24 hours into the future, cases in 
the training set as well as in the test set are organized so that 
rainstorm classes are coupled into the predictor attributes 
with an offset equivalent to 24 hours (1 day). 

An open-source tool dubbed as libSVM courtesy of the 
Department of Computer Science of National Taiwan 
University, is called from Octave programming language to 
train the model  at RICS [5]. This application library for 
SVM can be integrated into a wide array of computer 
programming languages including Matlab, Octave, Python, 
etc. As an additional feature, libSVM can efficiently handle 
unbalanced data which is literally data having highly skewed 
classes. Weights for both majority and minority classes are 
penalized and rewarded by assigning penalty/reward values 
as parameters. Right values though are achievable by 
experiments. 

The elemental foundation of SVM is that it implements 
complex decision rules that map training points into a higher 
dimensional feature space by using a non-linear function. 
This mapping procedure translates data into a feature space 
where a hyperplane linearly separate classes [6]. Ideally, a 
hyperplane that separates the training points with maximal 
margin is the best hyperplane. 

Most of real-world datasets, Angat data included, do not 
have the characteristic for being linearly separable despite of 
having mapped into a higher dimensional feature space. As a 
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remedy, an objective function to solve both linear and non- 
linear problems known as soft margin optimization can 
maximize the margin as well as minimize the number of 
training errors in the feature space. Being an optimization 
problem, this objective function can be solved by posing it as 
a Lagrangian optimization problem in its dual form 
expressed in (2). 

l 

Noteworthy, a large value for C means model will 
classify all the training points correctly but may not 
generalize well, which on the other hand, a smaller C may 
mis-classify some data points and come up with a model that 
is less sensitive to noise. Value for C therefore has to be 
balanced in order to avoid underfitting or overfitting. Series 
of experiments are performed if only to achieve the best 
hyperplanes  in  multi-class  problems  such  as  RICS  by 

minP ( w,b) 
1 
( w)2

 

2⏟ 
+ C∑ ξi ⏟i= 1 

assessing results in cross-validation procedures. 

maximizemargin 
minimizetrainingerror 
l 1 (W

T 
W )+C ∑ H y ϕ( x (2) 

 
 

2 
i= 1 

T 

1 [ i i )] 

subject to y i ((W xi )+b)≥1−ξi 

ξi ≥0,i= 1, .. . ,l 

where xi is a training vector for case i, l the number of 
features, yi is class label, w is weight vector, a set of slack 
variables, x>0, a penalty parameter for the error term, C>0 
and b for a scalar threshold. Basically, H1  simply counts the 
number of errors, approximate with Hinge Loss, H1(z)= 
max(0, 1 – z), such that when z is a positive value then 
H1(z)=0, else an error count of 1. With this approach, vector 
w can be taken back using (3) 

l 

w=∑ αi y iϕ ( xi ) (3) 
i= 1 

where a is Lagrange multiplier. Threshold, b, in (2) can be 
determined after satisfying the corresponding Karush-Kuhn- 
Tucker (KKT) conditions. Subsequently, those data points 
in the feature space with non-zero a values  are called 
support vectors. The complex non-linear function ϕ(xi) in 
(2) and (3) which can be derived by dot products through a 
kernel function, K, [7] is also possible in the relationship 
shown in (4) 

 

K (x ,y =ϕ ( X )T . ϕ ( X ) (4) 

where (xi, y) represents a pair of feature vectors in the input 
space, X. Kernel functions in SVM comes in several 
available flavors. In this study, a kernel known as Radial 
Basis Function (RBF) with ready interpretation as similarity 
measure expressed in (5) is used in handling said function. 

2) 

 
 
 
 
 
 
 
 
 
 
 

Once found, the model is retrained in its final form using 
optimal values of parameters C and g with hyperplanes 
having maximal margins. 

C. Time Series Inflow Forecasting 

IFS takes charge of inflow forecasting. As defined in the 
dam water storage equation being the sum of flood (stream 
run-offs) inflow and precipitation (direct rain into the 
reservoir), I+P, inflow dictates how the outputs of the DSS 
behave, specifically the spilling scenarios are presented. The 
machine learning model for inflow used in this subsystem is 
developed using Backpropagation-driven Time Series 
Analysis (TSA). 

Univariate time series in character,  inflow forecasting 
procedure uses historical inflow values itself to forecast its 
condition in the future. Thus, daily average inflows based on 
an experiment-based look-back period, m, are taken as inputs 
to the time series. In this operation, m also represents the 

K (xi ,yi )=exp (− ‖xi− yi‖ , > 0 (5) 
number of features in the resulting dataset. Two (2) inflow 

where g is a user-defined kernel parameter. In summary, the 
decision function to segregate classes in a non-linear feature 
space based on a SVM algorithm is executed as shown in 
(6). 

 
l 

f ( x ) =sign ∑ αi yi K ( xi ,yi )+b (6) 
i=1 

With the right sizes of the training set and test set, the 
classifier model for RICS is formulated using libSVM based 
on the algorithm shown in Figure 5 with parameters such as 
C, g , and weight penalties/rewards properly specified. 

forecast of interests are handled by this subsystem, namely, 
inflow at 0th hour and another, at +24th, which estimation for 
Vdischarge in (1) is based. Cases used in training and testing the 
models are organized so that inflow targets are coupled into 
the predictor attributes having offsets equivalent to one day 
(24 hours) for the 0th hour forecasting and two days (48 
hours) for the +24th hour period. 

The network in Figure 6, fully-connected but shown with 
minimal lines to avoid cluttering, is constructed with number 
of neurons in the hidden layer anywhere between ½ to 3 
times the number of features [8]. Its time series inputs, X, are 
inflows in the past m period. 

 

INPUT: Features for rainfall intensity 
classification 

OUTPUT: RICS model 

FUNCTION ricsSVM(features) 
Preprocess dataset 
Transform data to satisfy format of libSVM 

Scale the data by min-max methodology 
Employ RBF kernel 
Find the best parameter C and g by 
experiments using cross-validation 

Train the entire training set by 
using the best values for C and g 

Test the model 

 
Figure 5. Pseudocode for Rainstorm Intensity Classifier 

model formulation based on SVM. 
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Figure 6. Artificial neural network for inflow forecasting. 
 
 

Basically, the lines between the input and hidden layers 
as well as the hidden and output layers that connect one 
neuron to another, represent training weights. These weights, 
designated as wih and who, where i is a feature index, h a 
hidden node index and o the output node, are initialized with 
small uniformly distributed random numbers at the start of 
the backpropagation training. Further, the hidden layer is 
biased with a fixed value, θ, of -1 and that in the lone unit of 
the output layer being a regression node, θ=0. Just like any 
other regular neurons, connecting lines for θs are also 
weighted. Figure 7 below shows the Backpropagation 
algorithm used in training the inflow forecasting in this 
study. 

Based on the network diagram as well as the above- 
algorithm for Backpropagation, outputs of individual 
neurons in both layers, yk, are computed by the general 
expression for feed-forward using (7) as well as the sigmoid 
logistic function in (8), the fundamental goal of which is to 
obtain the forecast value at the output layer, ycalculated. 

n 

yk =sigmoid  ∑ X . w−θ (7) 
i=1 

where yk  is a sigmoid-calculated node output in layer k, i is 
inflow instance, X is layer-to-layer input vector, w is layer- 

to hidden using (11) along with the generalized delta rule in 
(10) computed first. 

 

Δw=α∗xk∗ k (10) 

w
updated 

=w 
previous 

+Δw (11) 

where α is learning rate, typically 0<α<1 [9], and xk  is the 
input vector for the specific layer. 

This operation is iteratively performed until a stopping 
criterion is satisfied. Stopping criteria used in the 
experiments are training cycles (a.k.a. epochs), correlation 
and cost functions, whichever is satisfied first. Having any of 
the preset criteria achieved, then weights are saved for the 
final inflow forecasting model. Backpropagation 
architecture, however, needs fine tuning despite convergence 
of training error if and when validation error simultaneously 
indicates divergence [10], lest learning process is glued in a 
local minima, if not, in a state of memorizing patterns rather 
than generalizing. 

D. Water Discharge Flow Rate Estimation 

Handled by fuzzy logic, WDFRES on the other hand, is 
responsible in the estimation of safe dam water discharge 
flow rate exclusively designed to safeguard the interests of 
communities in the area from flooding. In the context of 
Fuzzy Logic created by Lotfi Zadeh, processes involved in 
the estimation include preprocessing, fuzzification, 
inferencing, defuzzification and post-processing [11]. This 
approach specifically lays out non-linear mapping  of 
numeric input data to a linguistic output. It delves on the idea 
that a tool to estimate a safe level of water discharge flow 

to-layer weight matrix and  θ ̧is a layer threshold vector 

along with corresponding weights. 

sigmoid ( y )= 
1
 

1+e 

With  ycalculated   readily available,  error  gradients,  k, in the 
output and hidden layers are then calculated using (9). 

 

k =yk∗(1− y k)∗error (9) 

where error in the output layer is, error =Yobserved  – ycalculated, 
i 

and in the hidden layer  error= ∑  out∗wih  
. 

h= 1 
 

Consequently, weights are adjusted and updated by gradient 
propagation in backward fashion, that is, from output layer 

 

INPUT: Inflow training set, validation set 

OUTPUT: IFS model 

FUNCTION ifsBP(training set, test set) 
initialize hidden weights and threshold 
values with small random values 

for all training cases do until convergence 
via a criterion or preset epoch limit 

perform activation 
calculate outputs in the hidden layer 
calculate outputs in the output layer 

calculate error gradient in output layer 
backpropagate error back to hidden layer 
apply generalized delta rule using 
momentum term 

perform weight corrections between hidden 
layer and  output layer 

calculate error gradient in the hidden 
layer 

perform weight corrections between input 
layer and hidden layer 

update weights and threshold values for 
both hidden layer and output layer 

save weights and threshold values as 
components of the model 

conduct cross-validation using k-fold 
method based on the model 

assess performances for the best model 

 

Figure 7. Pseudocode for Inflow Forecasting model 
formulation based on Backpropagation. 

−y (8) 
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rate can be derived from a dam operator's perspective into a 
form of a functional algorithm whose ability can be at least 
at par with the operator's. 

In this subsystem, two (2) numeric variables are utilized 
as inputs in the fuzzification, namely, Vdischarge  and RWL. As 
a result of (1), Vdischarge can actually have values up to as much 
as several millions of cubic meters of dam water. As a safety 
net, upper limit for this variable is set at a manageable level 
of little less than 8% of the estimated volume of the reservoir 
at NHWL. The design range in this study therefore is pegged 
at 0 to 60 million m3 of dam water. Value for gauge-based 
variable RWL, on the other hand, could have a range from 
the threshold level of 212.0 m.a.s.l. up to 217.0 m.a.s.l., for 
NHWL and spilling level, respectively. Values for each input 
variable are logically evaluated to be within allowed range of 
predetermined universes of discourse, which noise and 
erratic data are carefully filtered and eventually discarded. 

Vdischarge input linguistic variable is constructed to 
comprise five (5) fuzzy sets namely negligibly voluminous, 
slightly voluminous, moderately voluminous, highly 
voluminous and extremely  voluminous. These sets are 
designated along with their input ranges having a fixed 
interval of 15 million m3 (Mm3) with sequence of 0, 15 Mm3, 
30 Mm3, 45 Mm3 and 60 Mm3. Similarly, RWL linguistic 
variable is designated to have its own terms as, negligibly 
deep, slightly deep, fairly deep, moderately deep, very deep 
and extremely deep with an interval of 1 meter, starting from 
NHWL level of 212.0 m.a.s.l. to the dam spilling level of 
217.1 m.a.s.l. The output linguistic terms for discharge flow 
rate, on the other hand, are designed according to their 
respective numeric flow rates with a constant interval of 600 
m3/sec., initialized with the protocol-suggested flood flow 
rate of <1,200 m3/sec. for negligibly fast, <1,800 m3/sec. for 
moderately fast, <2,400 m3/sec. for very fast, and >2,400 
m3/sec. for extremely fast. Shown in Figure 8 are the 
membership functions, μ(f), for both the input and output 
linguistic variables. 

The degree of membership, μ, in same figure measures 
the level of belongingness for each set in the fuzzification 
given an input value. μ for a particular variable and specific 
pair of fuzzy sets can be outrightly calculated using 
triangular similarities as illustrated in the algorithm shown in 
Figure 9. So that by feeding parameters such as vertex 
references a (for upper diagonal) and b (for lower diagonal), 
as well as crisp input value, i, the value then for μ(i) is set 
anywhere between 0.0 and 1.0, inclusive. 

In the process of arriving at decisions based on fuzzy 
rules, a linguistic fuzzy table, also known as  fuzzy 
associative memory (FAM) table is laid out as basis in the 
formulation of the rule base. Rule base is nothing than a 
collection of interrelated rules derived from FAM and serves 
as basis for inferencing. In order to generate a FAM, a 
domain expert in the field of hydro-meteorology and dam 
engineering is consulted for a practically realistic and 
reliable linguistic table of fuzzy sets. As a result, a 5x6 table 
containing optimum assumption for safe discharge flow rate 
linguistics given corresponding discharge volume as well as 
reservoir water level linguistics was constructed. With same 
table, a rule base is eventually established with 30 rules 

formed. Figure 10 portrays a three-dimensional plot for same 
rule base generated using Octave Fuzzy Logic Toolkit [12] 
whose rules generator algorithm is shown in Figure 11. 

 
a) 

 
 
 

 
 
 

 
b) 

 
 
 

 
 
 

 
c)    

Figure 8. Graphical representation of the membership 
functions for the fuzzy linguistic variables; 

a) discharge volume; b) reservoir water level; 
and c) safe water discharge flow rate. 

 
 

 
 

Specifically, the rule base generator has three parameters, 
namely, array of membership function for discharge volume 
(dVolume), array of membership function for reservoir water 
level and array of membership function for safe discharge 
flow rate estimate. After the inputs are properly fuzzified, the 
degree to which each part of the Antecedent satisfies each 
rule, is also determined. If the Antecedent of a given rule has 
more than one part, a fuzzy operator is applied to obtain one 
number that represents the result of the Antecedent for that 

 

INPUT: vertex-references-of-the-diagonals, 
crisp-input-value 

 
OUTPUT: degree-of-membership 

 

FUNCTION degreeOfMembership(a, b, i, diagonal) 
Loop across membership function 

if i is peak then 
return 1.0 

else 
if diagonal is upper then 

return (i-a)/(b-a); 
else 

return (b-i)/(b-a); 

 
Figure 9. Pseudocode for degree of membership. 
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rule. This number is then applied to the output function as a 
result of the inference operation [13]. The input to the fuzzy 
operator is two or more membership values from fuzzified 
input variables. The operator comes in either AND (product) 
or OR (sum) form. 

 

 
Figure 10. Three-dimensional plot for the Discharge 

Flow Rate rule base. 

Having successfully generated the Consequent values 
during the inferencing operation, calculation of the root-sum- 
square (RSS) of those triggered consequents are likewise 
performed. Outcomes in this calculation are aggregated into 
an output fuzzy set array [16] by using the algorithm in 
Figure 12. 

 

 
 

The aggregate of fuzzy set implications encompasses a 
range of output values, and so must be defuzzified in order to 
resolve a single output value from the set. Despite the 
essence of fuzziness in the rule evaluation during the 
intermediate steps, the final output for each variable in this 
method returns back to a scalar value. In this work,  the 
popular method for calculating the heart of the 
defuzzification process known as Center of Gravity (COG) 
[9,11,17] is hereby employed. Also known as centroid 
calculation, this method returns the x-axis location of the 
centroid of the shaded area representing a fuzzy set, F, on the 
interval, {jk}. Its result then becomes the defuzzified value, 
which actually is the crisp value of interest, as governed by 
(12), 

k 

∑ μF ( min ( A1, A2 ))min ( A1, A2 ) 
COG= x=j  

k 

∑ μF ( min ( A1, A2 )) 
x=j 

 
 

(12) 

Being an option, the author chooses the AND operator in 
its inferencing method. This operator takes on the least 
valued element of the Antecedent (min(antecedent)) as basis 
for arriving at the Consequent and subsequently ignoring the 
rest of the values. Each condition in the rule base is logically 
evaluated. However, only a few if not a single rule fires for 
each new set of input values, which the Consequent is 
derived at. As a result, the numeric values of the Consequent 
taken from the numeric designations of each element in the 
FAM table itself are aggregated into a new set of values. One 
of the popular procedures for this technique is the Mamdani 
inferencing or implication method [14], which is used in this 
paper. Mamdani's rule of conclusion is a fuzzy set, which 
states that IF input1 is A1 AND input2 is A2 THEN output1 is 
C3, where Ax and Cx are fuzzy sets defining the input space 
and the output space partitioning, respectively [15]. 

where mF(min(A1, A2)) is the strength of fuzzy set, F, which is 
the membership value in the membership function, and 
min(A1, A2) is the point on the x-axis where the membership 
value falls. A clipped membership function of the Discharge 
Flow Rate output linguistic variable with emphasis on its 
centroid is portrayed in Figure 13. 

 

INPUT:  value-of-consequent,outputFuzzySet[], 
ruleBaseArray[], fuzzySet[], rssValue[] 

OUTPUT: aggregated-sums-of-root-sum-square 

FUNCTION aggregation() 
Loop on outputFuzzySet[] 

outer++; 
Loop on ruleBaseArray[] 

inner++; 
if (fuzzySet[outer]==fuzzySet[inner] && 

Value of consequent>0) 
then rssValue[outer]+=sqr(Value of 

consequent); 
else rssValue[outer]+=0; 

 
Figure 12. Pseudocode for aggregation of RSSs. 

 

INPUT: arrays-for-membership-function-of- 
discharge-volume, reservoir-water-level, 
discharge-flow-rate-FAM 

 

OUTPUT: rule-base 
 

FUNCTION ruleBaseGeneration(mfDVol[], mfRWL[], 
mfDFRate[]) 

Loop on mfRWL 
Loop on mfDVol 

ruleBase[]=”IF”+mfDVol+”AND”+mfRWL+ 
”THEN”+discharge-flow-rate-FAM 

 
Figure 11. Pseudocode for rule base generation. 
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Figure 13. Illustrative diagram to defuzzify the Discharge Flow 
Rate output linguistic variable highlighting COG. 

 
 

E. Performance Measures 

Accuracy measurement in model formulation is in itself a 
quality yardstick for the models being developed and 
consequently, for the DSS. This approach in model 
formulation is actually an attempt to establish a pedestal to 
heuristically view at how far off a predicted variable is from 
the given observed value. It is assumed that historical data do 
not only comprise of pure patterns alone but some random 
errors as well. So that by these measures, predictive 
reliability level of the model is made transparent. Two sets of 
performance metrics are set specifically for the classification 
at RICS and forecasting at IFS. 

A table known as confusion matrix which allows 
visualization of the ability of the classifier to predict classes 
given observed values, is used in validating the Rainfall 
Intensity Classifier. To further convey the meaning of the 
table, values associated with confusion matrix such as True 
Positive Rate also known as Sensitivity or Recall, True 
Negative Rate or Specificity, Overall Accuracy, Precision or 
Reliability and F-score also known as harmonic mean of 
precision and recall, are presented. 

On the other hand, performance measures such as 
Pearson's r also known in Statistics as correlation 
coefficient, as well as loss functions in the likes of Sum of 
Squared Errors (SSE), Mean  Absolute Error (MAE), and 
Root Mean Squared Error (RMSE) are used in the validation 
and testing of the Backpropagation-driven Time Series 
Analysis for Inflow forecasting. 

F. Decision Support Engine 

The general framework of the DSE in this paper is 
designed as a dam spilling scenario generation tool for the 
DSS. It subsumes the different outputs taken from the three 
essential subsystems of the DSS, and use them in 
preliminary decision making. DSE is responsible in 
providing users pertaining to the conditions of the dam and 
the environs on the 0th hour and +24th hour taking into 
account rainstorm intensity, inflow and spilling flow rate as 
primal factors. The scenarios generated by this subsystem via 
a built-in rule base, basically illustrates the flood flow status 
at Matictic Bridge given predicted inflow conditions on the 
0th hour.  Draining scenario  types  for Moderate rainstorm 
class are described in same table as Scenarios I, II, III and 

IV, with preset multipliers at 50%, 75%, 100% and125% of 
Vdischarge, respectively. 

As an example, if forecasts during a moderate rainstorm 
for Inflow-24th=27 m3/sec. and Inflow0th=12 m3/sec., then 
Vdischarge based on (3.01) if and when RWL-24th>NHWL  is 
1.685 Mm3, thus draining scenario types I, II, III and IV 
would yield 0.843 Mm3, 1.264 Mm3, 1.685 Mm3 and 2.106 
Mm3, respectively. Corresponding discharge flow rates at 
Matictic Bridge are subject to the calculations provided by 
the WDFRES based on these discharge volumes. 

On the other hand, the upper limit of the preset 
multipliers for heavy rainstorm class is strictly confined to 
the suggested Vdischarge  of 100%. This is intentionally done as 
a preemption to the fact that the suggested values of the 
different subsystems in the  DSS are adequate enough to 
provide safeguards to the interests of both the communities 
downstream as well as the dam owners. In this work, 
therefore, factors of safety are pegged at 25%, 50%, 75% and 
100% of Vdischarge. Given sample forecasts on a heavy 
rainstorm at say, Inflow+24th=365 m3/sec. and Inflow0th=9 
m3/sec., then volume discharge also based on (3.01) if and 
when RWL-24th>NHWL is 16.157 Mm3. Thus, draining 
scenario for this class are described as types V, VI, VII and 
VIII which corresponds to 4.039 Mm3, 8.079 Mm3, 12.118 
Mm3 and 16.157 Mm3, respectively. Similarly,  discharge 
flow rates at Matictic Bridge are subject to the options 
provided by the WDFRES given the discharge volumes and 
RWL condition at the time. 

IV. EXPERIMENTS  AND RESULTS 

Experiments conducted on RICS model using libSVM 
indicate favorable outcomes. Various values for C and g 
indicate influence  over the  accuracy level of both cross- 
validation and blind testing. These parameters maneuver 
quantitative characterization of the trade-off between 
maximizing the margin and minimizing the number of 
training errors as they notably generate models that suffer 
from overfitting or underfitting when taken arbitrarily. 
Despite being positively skewed, blind test set comprising 
30% of the original dataset size used in testing the model 
gives an overall accuracy of 80.57% and F-score=72.02 at 
C=395690 and g=2.1. 

In a parallel test operation, models to forecast inflow 
based on  time series Backpropagation algorithm likewise 
manifest good results. Based on time series test set, optimum 
forecasting model for 0th hour produces SSE=7.384, 
MAE=0.047, RMSE=0.071 with correlation coefficient, 
rtest=0.808. These metrics are the results of the model trained 
with seven neurons in the lone hidden layer, m=7, k=1, 
a=0.06, mom=0.9, for an optimal rval=0.773. In same 
context, the forecasting model for +24th hour which deviated 
a little in terms of performance that of the 0th hour, results to 
SSE=9.708, MAE=0.054, RMSE=0.082 and correlation 
coefficient, rtest=0.741. Similarly, the model is trained with 
seven neurons in the lone hidden layer, m=7, however, at 
k=2, a=0.03 and mom=0.6, when rval=0.658. 

The discharge flow rate estimation routine at WDFRES, 
on the other hand, governed by fuzzy logic algorithm 
manifests excellent results. Given correct inputs in terms of 
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Vdischarge as well as RWL, that is, values within the bounds of 
their universes of discourse, crisp values for safe water 
discharge flow rate is guaranteed to yield 100% accuracy as 
an indication of a reliable FAM and fuzzy set structure. 

Consequently, dam water draining scenario greatly 
depends on inputs taken from the first three subsystems. 
Being dependent on these sections in terms of parametric 
inputs, DSE takes rainstorm intensity classification as well as 
value for Vdischarge as its pedestal in packaging quality draining 
procedures specifically in drawing scenarios that would 
deliver safe flow rate estimates for Matictic Bridge. 

V. CONCLUSION AND RECOMMENDATIONS 

Quick decisions to either withhold or release excess dam 
water prior to forecast heavy rainstorms are absolutely 
necessary. Delayed spilling decisions are economically 
costly as well as socially risky. The DSS in this study, as an 
enhancement to the existing linear inflow estimation method 
of Angat Dam in a tight 6-hour lead time for draining, is a 
relief on the part of dam operators as it practically provides a 
protracted leeway in terms of spilling time of 24 hours, thus, 
offering a more lenient range of discharge flow rates. At a 
correlation of 0.808 between observed and predicted inflows, 
discharge volume estimates, thereby, guarantee that the 
regenerative charge feature of this DSS works. This feature, 
as further sanctioned by safety nets that include dam water 
discharge to take place only when rainstorm conditions on 
the 0th hour period is either moderate or heavy, and RWL is 
greater than NHWL, therefore, serves the interests of both 
dam owners and communities downstream. 

With the recent availability of a wide spectrum of data 
attributes made accessible to the public in the full 
operationalization of Philippine Project NOAH [18], 
machine learning-generated decision models presented  in 
this study can be employed in scaling up the DSS for an 
augmented look-ahead period of 48 if not 72 hours into the 
future. Ample times in arriving at spilling decisions as well 
as longer periods in executing spilling protocols means 
minimal wastage of dam water as well as chances of 
inflicting damages to life and property. 
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