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a b s t r a c t

We propose a novel intelligent reservoir operation system based on an evolving artificial neural network
(ANN). Evolving means the parameters of the ANN model are identified by the GA evolutionary optimi-
zation technique. Accordingly, the ANN model should represent the operational strategies of reservoir
operation. The main advantages of the Evolving ANN Intelligent System (ENNIS) are as follows: (i) only
a small number of parameters to be optimized even for long optimization horizons, (ii) easy to handle
multiple decision variables, and (iii) the straightforward combination of the operation model with other
prediction models. The developed intelligent system was applied to the operation of the Shihmen Reser-
voir in North Taiwan, to investigate its applicability and practicability. The proposed method is first built
to a simple formulation for the operation of the Shihmen Reservoir, with single objective and single deci-
sion. Its results were compared to those obtained by dynamic programming. The constructed network
proved to be a good operational strategy. The method was then built and applied to the reservoir with
multiple (five) decision variables. The results demonstrated that the developed evolving neural networks
improved the operation performance of the reservoir when compared to its current operational strategy.
The system was capable of successfully simultaneously handling various decision variables and provided
reasonable and suitable decisions.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Artificial intelligence (AI) is a state-of-the-art technology that
resembles the human thinking process in decision making and
strategy learning. It has been well recognized for its outstanding
ability to handle complex systems [17,19] and has been adopted
throughout the technology industry, providing the heavy lifting
for logistics, data mining, medical diagnosis and many other areas
[25]. In the last decade, AI techniques, such as artificial neural net-
works (ANN), genetic algorithms (GA) and fuzzy theory have also
been increasingly applied to tackle some of the issues related to
hydrological and water resources systems [7,9,20]. Recently, some
attempts have been made to address storage reservoir optimiza-
tion and operation through AI techniques. Raman and Chandramo-
uli [24] and Chandramouli and Raman [4] proposed the use of ANN
to generate operational strategies trained based on the optimal re-
sults from a deterministic Dynamic Programming (DP) model, for
the case of a single and multiple reservoir system, respectively.
Cancellier et al. [3] developed a neural network model to derive
the operational strategies for an irrigation supply reservoir. In an
attempt to take into account the stochastic characteristics of in-
ll rights reserved.
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flow, Ponnambalam et al. [23] trained an adaptive neuro-fuzzy
inference system (ANFIS) based on the optimal results obtained
by another stochastic optimization model. Chang et al. [6] used a
GA-based model to search for the optimal sequence of reservoir
water releases, and then used these results as the training pattern
of an ANFIS model. The AI techniques are also the main methods
that have been used for the development of intelligent systems
(IS) and decision support systems (DSS) in water resources man-
agement [16,27].

The references given above are similar in the sense that they
first identify the ‘‘optimal target vector” (e.g., reservoir water
releases) based on GA, DP or other optimization methods. Only
then do they train an ANN-based model, using previously identi-
fied optimal values, to develop an intelligent operation system.
These ANN-based models were used in an attempt to mimic the al-
ready ‘‘optimal” values for making new decisions in the future.
However, the process of finding the initial optimal results and then
training the ANN might face some drawbacks. In the case of opti-
mization by DP, an increase in the number of decision and state
variables could make the problem infeasible due to the curse of
dimensionality [18]. In the case of optimization by GA, each deci-
sion variable at each stage has to be assumed as a parameter to
be optimized. Hence, for long optimization horizons, the number
of parameters to be optimized is proportional to the number of
stages. Finally, for this two-step process, the error metric used in
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the training of the ANN-based model is not directly associated with
the operational objectives, which could therefore affect the opera-
tion efficiency and performance.

In this paper, we have developed an intelligent system based on
an evolving ANN model and then applied it for the optimizing
operation of a multi-purpose reservoir. Evolving in this case means
that the parameters (weights and bias) of the ANN model are iden-
tified (optimized) by the GA evolutionary optimization technique.
Accordingly, the ANN model should represent the operational
strategies of reservoir operation. As the GA model is responsible
for the optimization of the ANN parameters instead of decision val-
ues, only a fixed number of parameters need to be identified inde-
pendently of the size of the optimization horizon. This can be seen
as a kind of parameterization of the operational strategies. More-
over, to handle multiple decision variables, the proposed model
tends to be more feasible than traditional methods, such as GA
and DP, as these variables can be accounted as new ANN output
units. The addition of new output units does not necessarily com-
promise the feasibility and optimality of the new method, as GA is
able to optimize high order and complex networks [28]. Finally, the
proposed intelligent system presents great potential to be com-
bined with other prediction models as the GA-based training can
be implemented in a forward-moving direction and handle com-
plex systems in a flexible way.

To test the performance of the developed intelligent reservoir
operation system, we applied it to the actual operation of the mul-
ti-purpose Shihmen Reservoir, located in North Taiwan, consider-
ing 10-day time steps. The Reservoir was operated for multiple
uses, such as domestic water supply, agricultural uses, environ-
mental minimum flow requirements and hydropower generation.
The multiple objectives of the reservoir were evaluated by using
fuzzy membership functions as an effective way to normalize
and to aggregate different types of objectives. To validate the opti-
mality of the proposed ENNIS, first we compared its results with
those obtained by a DDP model, considering single objective (en-
ergy production). Then, the problem was set in a more complex
manner, in which five decision variables were simultaneously han-
dled. We also tested the influence of various types of input infor-
mation of the ANN operation model.
2. Methodology

Traditionally, in training an ANN-based model, input–output
patterns are normally necessary. For the case of system control
by ANN, these target vectors may be obtained from previously
operational results. For example, in the case of reservoir operation,
past operating water releases may be used as the target training
vector. However, training the ANN model with such values does
not guarantee that the ANN will yield an optimal operational strat-
egy. That is why previous researches have applied other optimiza-
tion techniques for finding such optimal input–output patterns
before training the ANN models [6]. In this study, we present a no-
vel approach, in which the ANN model are directly trained by GA
using an objective function, instead of the error metrics between
calculated output and target values. Moreover, the proposed meth-
odology can be easily extended to the optimization and control of
other water resources systems. In the following sub-sections we
present the main features of two of the techniques used here (GA
and ANN) and the proposed Evolving ANN Intelligent System (EN-
NIS) for reservoir operation.

2.1. Genetic algorithm

Evolutionary computation applies biologically inspired con-
cepts such as populations, mutation and survival of the fittest to
generate increasingly better solutions to the problem. Even though
these models may not guarantee the ‘‘optimal” solution, they are
usually capable of achieving near global optimal solutions to prob-
lems where traditional models would fail to converge due to
dimensionality and local optimal related problems. One of the
most popular evolutionary optimization techniques is surely the
genetic algorithm (GA). In recent years, GA has been widely used
to solve a great number of hydrological and water resources re-
lated problems [5,26]. Some of the advantages of GA models are
(a) a powerful capability to deal with a non-linear system global
optimization, and (b) a robust ability to solve highly non-linear,
non-convex problems. GA may also become a very efficient tech-
nique for tackling the dimensionality problem when combined
with other optimization techniques, such as in Huang et al. [12],
where GA was combined with DP for the optimization of a multi-
reservoir system.

However, GA presents some disadvantages: (a) the difficulty of
explicitly accounting for constraints and maintaining feasible solu-
tions in the population, (b) an increase in the number of variables
proportional to the size of the optimization horizon, as the vari-
ables of each time step become a state or decision variable, aggra-
vating the convergence problem. Some of these problems may be
overcome if operational strategies are parameterized in some
way, such as the one developed in this study.

Normally, GA uses four main types of operators to create, at
each new GA generation, a new GA population based on the previ-
ous one. These operators are elitism, selection, crossover and
mutation. Elitism operators can guarantee that the best individuals
of a population will proceed automatically to the next generation.
Selection operators are responsible for the selection of individuals
(the so-called ‘‘parents”) in which the following two operators are
applied. Crossover operators combine two ‘‘parents” to form chil-
dren for the next generation. And finally, mutation operators which
apply random changes to individual ‘‘parents” to generate ‘‘chil-
dren” for the next generation. By trial and error, we identified
the ‘‘best” setting and parameters for our GA model as follows:
number of elitism individuals was set equal to five, total popula-
tion size around 200 individuals, ‘‘Rank” scaling fitness function
and ‘‘Blend” and ‘‘Scattered” crossover functions. Other parameters
used for the GA model are ‘‘Simple” and ‘‘Non-uniform” mutation
functions, variable crossover fraction ranging from 0.75 to 0.95
depending on the number of the generation and ‘‘triangular prob-
ability” selection function. The two methods for each kind of oper-
ator were applied in a random way for each generation, which has
proven to greatly increase the efficiency of the GA model, when dif-
ferent testing functions are used.

2.2. Artificial neural networks operation model

Artificial neural networks (ANNs) are known as flexible model-
ing tools with capabilities of learning the mathematical mapping
between input and output variables of non-linear systems and to
generalize for control, classification and prediction. They are capa-
ble of providing a neuro-computing approach for solving complex
problems that might otherwise not have a tractable solution. In the
last decade, ANNs have been widely applied with success to vari-
ous water resources problems, such as rainfall–runoff modeling
[8], rainfall forecasting [21], ground water problems [14] and res-
ervoir operation problems [10,13]. A review of the application of
ANNs to hydrology can also be found in the ASCE Task Committee
report [1,2]. The following are advantages of artificial neural net-
works (ANN)-based models for reservoir operation: (i) no mathe-
matical formulation is required to build the model; therefore, the
modeling approach is in most cases fast and flexible; (ii) ANN is
a data driven approach, which can efficiently handle non-linear
relationships, and (iii) the experts’ and users’ experience may be
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easily incorporated into the model development through the addi-
tion of input and output neurons.

Some of the important features when developing a ANN-based
model for reservoir operation are (i) the type of ANN (e.g., feedfor-
ward, neuro-fuzzy); (ii) the necessary input information (e.g., in-
flow, storage, demand, rain); (iii) the output information (e.g.,
multiple output networks, storage variation, water releases) and
(iv) inflow situation (e.g., previous, average, expected, forecasted
values). How these issues influence the performance of the model
may vary from case to case depending on the characteristics of the
system under consideration, the operation objectives and the avail-
able data and information.

To apply our intelligent system to the Shihmen Reservoir, we
investigated all the above mentioned features. The ANN model
was based on feedforward networks with three layers (input, hid-
den and output layers) connected through hyperbolic tangent and
linear transfer functions, respectively. The final architecture of the
built ANN operation model is shown later in Figs. 6 and 7, for the
two cases of single and multiple decision variables, respectively.

2.3. Evolving ANN Intelligent System (ENNIS) for reservoir operation

Based on an evolving ANN, we develop an intelligent system for
reservoir operation, which has two phases, the training (which also
could be seen as an optimization phase) and the testing (operation
phase) periods. Fig. 1 shows the overall flowchart. The operational
objectives are first defined. Then, a set of parameters for the ANN,
such as the number of hidden units and type of input and output,
are assumed and the basic (not-yet-trained) architecture of the
ANN is built. Next, the training process of the ANN weights through
the genetic algorithm starts. For the first GA generation, an initial
(random) population is constructed having each individual of the
GA population representing a set of ANN parameters (e.g., weights
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Fig. 1. Flowchart for the development of evolving ANN
and bias). For the following GA generations, GA operators are
responsible for evolving the subsequent populations.

Having decided a set of parameters for the ANN operation mod-
el (here constructed as shown in Figs. 6 and 7), it is possible to ob-
tain the values of the decision variables, as its input information is
known at the beginning of each stage t. For continuity purposes the
reservoir mass balance function is defined as shown in

Rt ¼ St�1 � St þ It ð1Þ

where S are the storage levels, R indicates release and I represents
inflow for each time t. Although we neglected losses such as evap-
oration, these losses can be easily incorporated into the mass bal-
ance function without compromising the proposed methodology.

If the ANN operation model recommends a certain decision that
may result in an infeasible state condition, such as negative stor-
age, some constraints may be applied, forcing the reservoir system
to stay at a certain desired level. Then, based on these minimum
and maximum values, the decisions are recalculated by using the
inverse of the system state function, for example, the reservoir
mass balance equation. On the other hand, if the resulting condi-
tion is physically feasible but still undesired, some penalty coeffi-
cient may be introduced.

To train ANN models in constructing an intelligent system,
‘‘optimal target vectors” have been optimized beforehand by ob-
served values or other optimization techniques [7]. However, in
our case, the training is proposed to be based on the direct maximi-
zation (minimization) of the objective function proposed by reser-
voir operators. The objective function can be formulated as in Eq.
(2), for a certain training operational horizon Tr . The optimized
parameters (ANN weights and bias) are expected to give the max-
imum value for the objective function when the reservoir is oper-
ated by using the ANN operation model. The final value of the
objective function of Eq. (2), considering the whole optimization
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(training) horizon, is associated with the fitness of each set of
parameters (ANN weights) in the GA model:

F ¼max
XTr

t¼1

ðEtatÞ � d
" #

ð2Þ

where Et is the aggregation of all evaluated objective values for each
stage (time step) t, at is the weight for each time step; here we con-
sidered all the weights to be the same and equal to 1/Tr. Neverthe-
less, different weights may be incorporated to increase the
importance of a particular period in time or as a discount factor,
where Tr is the total number of time intervals within the training
operation horizon. Here, the summation of at is equal to 1, which
guarantees the final value of the objective function (2) to be be-
tween [0,1]. Finally, d is a penalty coefficient that may be incorpo-
rated to improve the GA training process. Here the proposed
penalty coefficient is defined as in

d ¼ T � P
T

ð3Þ

where P is the penalties, in other words, the number of times the
system is considered to have failed during the operational horizon
T, based on certain constraints, such as minimum and maximum
values of water releases and storage volumes. Here the failure of
the reservoir operation was considered to occur whenever final
storage volume was less than 0.045 km3 or total water release from
reservoir was less than 5 m3/s.

The aggregated evaluation value, Et, may be defined according
to the kind of aggregation operator to be used. There are a variety
of operators in the literature used for the aggregation of multiple
objectives [15]. The choice of which operator to use will most de-
pend on the user and the problem being formulated. The most
common aggregation operators are the weighted-average, the
product and the minimization. Eq. (4) shows the mathematical for-
mulation of the weighted-average operator, which is the one used
later for our case study applications:

Et ¼
XN

n¼1

En � bn; where
XN

n¼1

bn ¼ 1 ð4Þ

where bn is the weight corresponding to each objective n, which
may vary depending on the importance of each operational objec-
tive. N is the total number of objectives. E can be represented by
fuzzy membership evaluation functions (such as the ones shown la-
ter in Fig. 4), which vary from 0 to 1, from completely not satisfied
to fully satisfied.

As for the stopping criterion of the GA training model, the two
most popular methods are the maximum expected value of the
performance function and the total number of generations. Besides
these two criteria, we have implemented a stopping rule for no sig-
nificant changes on the objective function after a certain number of
generations, and the training dataset is split into two sets for which
a cross-validation was considered. For this cross-validation, the GA
training will be stopped whenever a persistent decrease in the va-
lue of the objective function (OF) of the second dataset is observed,
regardless of the increase of the objective function of the first set.
The latter criterion intends to avoid problems of overtraining the
ANN operation model. Accordingly, until a stopping criterion is
reached, the GA model is responsible for evolving the parameters
(in our case the weights and bias of the ANN operation model)
based on GA operators. Moreover, the fitness value used in the
GA model is here based on the objective function itself of the res-
ervoir operation, which should be defined by reservoir operator
authorities.

Once the ‘‘optimal” weights have been identified (optimized) by
the GA model, the ANN operation model is used to operate the
reservoir over the testing horizon Tv. The operation performance
is evaluated based directly on the achievement of the operational
objectives measured by the value of the OF. If the set of assump-
tions taken for the ANN model (e.g., hidden units and input vari-
ables) is considered satisfactory, the model is ready for actual
application; if not, the process starts again with new set of
assumptions for the ANN model and also different evaluation
functions.

3. Application

3.1. Study area

The Shihmen Reservoir is located in the upstream portion of the
Tahan River basin, North Taiwan (Fig. 2). The Reservoir is operated
for multiple purposes, including water supply for irrigation, indus-
trial and domestic uses, flood control, generation of hydropower
energy and recreation. The watershed area is 763.4 km2. Normal
variation of storage volumes may occur between 0.0215 km3 (dead
volume) and 0.2620 km3 (maximum expected storage). Maximum
expected and warning water levels are at 245 and 249.5 m, the lat-
ter corresponding to a storage volume of approximately 0.300 km3.

3.2. Shihmen Reservoir operation objectives

To be able to train the ANN operation model even without an
‘‘optimal target vector”, as we propose here, it is necessary to
define operational objectives. The operational objectives defined
here are related to the water uses and water rights considered in
the actual operation of the Reservoir at the present. The objectives
have been formulated as fuzzy membership evaluation functions,
normalized between 0 and 1, representing the degree of satisfac-
tion at which each objective is fulfilled. In our case study, the
values calculated for each degree of satisfaction are then aggre-
gated by using Eq. (4), the weighted-average operator. Fig. 3 shows



Table 1
Monthly demands considered for the operation of Shihmen Reservoir

Type of demand Demand values of Shihmen Reservoir for each month

Description Symbol Unit January February March April May June July August September October November December

Domestic use upstream DWws m3/s 4.3 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 4.3
Other uses upstream DWoth m3/s 0.07 3.5 5.4 4.8 3.9 4.5 6.0 5.7 5.1 6.0 4.4 0.07
Hydropower generation DQhp m3/s 0.0 1.1 9.1 6.8 7.3 20.6 20.7 30.2 21.7 22.7 5.2 1.6
Domestic use downstream DQws m3/s 4.2 4.8 4.8 4.8 3.7 3.7 3.7 3.7 3.7 3.7 4.1 3.6
Other uses downstream DQoth m3/s 0.15 5.4 7.9 6.6 5.3 6.4 8.2 8.2 6.8 7.9 6.1 0.15
Environ. minimum flow DQenv m3/s 7.0 7.0 7.0 7.0 7.0 13.0 13.0 13.0 13.0 13.0 7.0 7.0

Note: ‘‘Other uses” include mainly demands for agricultural activities.
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a schematic representation of the reservoir system with its water
releases and withdraws for the respective water uses (operational
objectives). Accordingly, Table 1 shows the monthly demand val-
ues being used for the present operation of Shihmen Reservoir.

Note that the environmental minimum flow is not an official
water use required in the present reservoir operational strategy.
However, it has been identified by some environmentalists as cru-
cial for the sustainability of aquatic life and good environmental
conditions downstream of the Reservoir [22]. Therefore, environ-
mental minimum flow was also considered as one of our objec-
tives. Furthermore, as a 10-day time step (each month is divided
into three steps, i.e., the first 10 days, the second 10 days, and
the rest of days in a month, respectively) was adopted for our oper-
ation, flood-related constraints and risks were not considered as
objectives. However, this should be taken into consideration when
smaller operational time scales are used (e.g., hours to days). To de-
fine the importance (priority) of each objective, we considered the
present operation of the Reservoir (as shown in the next sub-sec-
tion). Hence, as the objectives present different importance, vari-
ous shapes for the fuzzy membership evaluation functions were
proposed, as shown in Fig. 4:

En ¼
Qn

DQn
ð5Þ

En ¼
Qn

DQn

� �an

ð6Þ

En ¼ 1� 1� Q n

DQn

� �bn

ð7Þ

where E is the evaluation function for each water use n. Q (or W for
the variables of the upstream part of the reservoir) is the actual vol-
ume of water supplied and DQ (DW for upstream) is the required
demand; an and bn are coefficients used to increase and decrease
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Fig. 4. Fuzzy membership functions considered for evaluation of reservoir
objectives.
the priority of each use n, respectively. These coefficients may be
adjusted by trial and error considering the results obtained after
training and testing of the ANN operation model. For our case study,
both a and b were assigned as being equal to 2, resulting in the fuz-
zy membership functions shown in Fig. 4. Nevertheless, the pro-
posed methodology may also handle other shapes of membership
functions. Eq. (5) was considered for upstream and downstream
water supply related objectives, whereas Eq. (6) was applied for
the fuzzification of the other four.

The evaluation function for each water use was based on the
percentage of the actual supplied water over the total required de-
mand. The demands DQ (and DW) vary for each time step accord-
ing to the values listed in Table 1. The actual supplied volumes
were calculated based on the output units of the ANN operation
model and based on the actual available water for each specific
stage, as explained in the next sub-section.

3.3. Shihmen Reservoir existing operational strategies (the M-5 rule
curves)

In Taiwan, most reservoirs are operated according to rule
curves. According to the rule curves, the Reservoir is mainly oper-
ated based on the time of decision, the present water level and
water demands. These demands are related to domestic/industrial
uses (index ‘‘ws”), agriculture/other uses (index ‘‘oth”) and hydro-
power generation (‘‘hp”), as shown in Table 1. Note as well that Q
and W represent the water uses for downstream and upstream
parts of the reservoir, respectively (Fig. 3). The Shihmen Reservoir
rule curves (also known as M-5 curves) are a simple way to operate
the reservoir. For Shihmen Reservoir there are three basic rule
curves, UC, LC and CC (upper, lower and critical curves, respec-
tively, as shown in Fig. 5). To make the results after operation by
our intelligent system comparable, we also operated the reservoir
following the existing operational M-5 rule curves. The only mod-
ification implemented here, which differs from the original
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Table 2
Operational strategy of Shihmen Reservoir using the M-5 rule curves

No. Condition Operational decision

(1) If storage > upper curve
(UC)

Hydropower water release (Qhp) increases to
keep storage levels = UC. All the other
demands are fully supplied to the monthly
values shown in Table 1

(2) If lower curve
(LC) < storage 6 upper
curve (UC)

All demands are fully supplied to the monthly
values shown in Table 1

(3) If critical curve
(CC) < storage 6 lower
curve (LC)

Qws = DQws and Wws = DWws; Qoth = DQoth and
Woth = DWoth; Qhp = 0.8 � DQhp

(4) If storage 6 critical curve
(CC)

Qws = DQws and Wws = DWws; Qoth = 0.7 � DQoth

and Woth = 0.7 � DWoth; Qenv = 0.5 � DQenv;
Qhp = Qoth + Qenv + Qws
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operational strategy, is the consideration of demands for environ-
mental minimum flow (Qenv). Based on the M-5 curves, there are
four distinct operating policies (number in brackets in Fig. 5),
which are schematically described in Table 2.

Based on the operational strategy using the M-5 curves, we may
observe that ‘‘Domestic” uses (represented by the index ws) have
preference over ‘‘Other” uses (oth) which have preference over
hydropower (hp) and environmental minimum flow (env) de-
mands. These points were also considered when developing our
intelligent systems for the Shihmen Reservoir, supporting the deci-
sion on prioritizing the operational objectives.

Nevertheless, due to the high variability of natural streamflow
and the wide gap between the M-5 curves, determining the ‘‘best”
water release precisely according to the above rules alone is unli-
kely. A knowledgeable expert with a lifetime of experience in the
operation of this reservoir would undoubtedly be helpful and cru-
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cial for the successful operation of the reservoir, especially under
extreme events (e.g., long drought periods). However, expert expe-
rience and knowledge might not be easy to duplicate or either
promptly available in all times. This also indicates the importance
for the development of intelligent systems for reservoir operation,
which usually tends to be less subjective.

3.4. Developing ENNIS for operation of Shihmen Reservoir – Case 1:
Single decision

We first investigated the optimality of the proposed system in a
simple manner for better illustration and compared its results to
the ones obtained by a deterministic dynamic programming
model. The problem was formulated to have a single objective,
which is the maximization of energy generation. The final architec-
ture of the developed ENNIS for Case 1 is shown in Fig. 6, where
input variables are storage (St�1), average inflow (Imean), total nec-
essary water release for maximum energy production and,
observed inflow at time t. Note that a case in which no observed
inflow is given was also carried out, resulting in only three input
variables. A decision on water release is given by the output neu-
ron and through equations shown in Case 2.

The DP model was developed by also considering only one deci-
sion variable (water release) and one state variable (storage vol-
ume). The constraints of minimum and maximum total release
and storage volumes, used for both models, were 10 m3/s < relea-
se < 2000 m3/s and 0.045 km3 < storage < 0.262 km3. The ENNIS
model developed for the present case, illustrated in Fig. 6, shows
the output decision as y1, which corresponds to a percentage of
the maximum discharge capacity of the hydropower (140 m3/s).
For Case 1, no penalty coefficient was considered for either model.
Moreover, to investigate the influence of discretization on the DP
model, the domain of the decision variable was discretized consid-
OUTPUT LAYERYER

y1: see equation (9)

y2: % of supplied upstream 
domestic demand

y3: % of supplied upstream 
“other” demand

y4: % of supplied downstream 
domestic demand

y5: % of supplied downstream 
“other” demand

N operation model – Case 2.

OUTPUT LAYERLAYER

y1: % of total release

N operation model – Case 1.
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ering 5 and 50 discrete intervals. The goal here was the optimiza-
tion of hydropower generation of Shihmen Reservoir, making it a
single objective problem. The general DP recursive formulation
[11] is presented in the equation below:

FtðStÞ ¼max
Stþ1

fEtð�Þ þ Ftþ1ðStþ1Þg ð8Þ

where F is the objective function and E is the evaluation function,
here defined as in Eq. (7). Note that the objective function used
for both, ENNIS and DP, had the same optimization horizon under
the same hydrological conditions and constraints.

3.5. Developing ENNIS for operation of Shihmen Reservoir – Case 2:
Multiple decisions

For multiple decisions, the proposed ENNIS is also built as a sin-
gle network with multiple outputs (five). Moreover, as in Case 1,
the ANN model was based on feedforward networks with three
layers. After a trial-and-error process and based on the available
information about the system, we identified the basic structure
of the ANN operation model, as shown in Fig. 7 for Case 2. The input
layer is constituted by six or seven variables, each represented by
one input neuron. The first two variables are initial storage and his-
torical 10-day averaged inflow for each of the 36 intervals i of one-
year period. The third variable to be considered is the water release
necessary for maximum energy production, which is a function of
the present water level and the maximum producible energy
(2000 MW h). The other four input variables are the total demand
for each water use for each month, as shown in Table 1. Moreover,
for this case, we investigated not only the influence on the effi-
ciency of the ENNIS operational strategy, if observed inflow infor-
mation were available, but also the influence by the use of
predicted inflow. For the sake of conciseness, no further discussion
is given about the prediction model (based on a traditional feedfor-
ward multilayer perceptron ANN), but only its results are shown in
Fig. 8 (the correlation coefficient between observed vs. predicted
inflow is about 0.78). This also serves for investigating the behavior
of the ENNIS model when handling noise and imprecise
information.

The output layer presents five neuron units (decision variables),
of which the first one (y1) corresponds to part of the total water
volume to be supplied (released water for both upstream and
downstream of reservoir uses), as shown in Eq. (9). The second
(y2) and the third (y3) ones give the percentage of water to be sup-
plied to domestic (ws) and other (oth) uses, respectively, for the
upstream demands and uses. The outputs y4 and y5 are similar to
the two previous ones but for the downstream demands. Then,
knowing the total supplied water minus the volumes considered
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Fig. 8. Comparison of predicted vs. observed inflow into Shihmen Reservoir.
for domestic and other uses, we calculate the available water for
hydropower generation and the water left in the river accounting
for the environmental minimum flow. The calculation of each
water release was carried out using the following equations:

Q total;t ¼ 10þ 140 � y1;t ð9Þ
Wws;t ¼ DWws;m � y3;t ð10Þ
Woth;t ¼ DWoth;m � y5;t ð11Þ
Qws;t ¼ DQ ws;m � y2;t ð12Þ
Qoth;t ¼ DQoth;m � y4;t ð13Þ
Qhp;t ¼ Q total;t �Wws;t �Woth;t ð14Þ
Qenv;t ¼ Qhp;t þ Q spill;t � Q ws;t � Qoth;t ð15Þ

where y1–y5 [0,1] are the ANN operation model output (decisions)
and m is an index representing the month of the operation stage.
Other variables have been previously defined. In cases where there
was not enough water to have the recommended Qtotal, all demands
were proportionally decreased by the ratio between the recom-
mended total release and the available water in the reservoir. More-
over, for Qhp values calculated larger than the maximum intake
capacity of the hydropower plant (here defined as 140 m3/s), and
reservoir capacity over the maximum determined value of
0.262 km3, all water surplus shall be released through the spillways
(Qspill). Also, if future inflow were to overflow the reservoir due to
insufficient recommended total release (Qtotal), the surplus of water
was also considered to be released through the reservoir spillways.
These assumptions were valid as the inflow used here is equal to
the 10-day average. For shorter time-step periods when flood con-
trol is of greater importance, another output neuron could be intro-
duced to represent, for example, the necessary spillway release. The
release of water surplus was also considered for the operation of
Shihmen Reservoir, when using the M-5 rule curves strategy. For
the case study, failure of the reservoir operation was considered
to occur whenever final storage volume was less than 0.0450 km3

or water left in the river (environmental flow) was lower than
2 m3/s. Minimum and maximum allowed variation of the storage
volumes was limited to 0.0215 and 0.2620 km3, respectively.
4. Results

The dataset was divided into two sets, a training horizon of 24
years (January 1964–December 1987) with 864 time intervals and
a testing horizon of 17 years (January 1988–December 2004) with
612 time intervals also of 10 days. In the training phase, to avoid
any problems related to the variability of the GA operator, due to
its random characteristics, for each ANN model structure we car-
ried out various model runs with only the best results being shown
here.

Moreover, to investigate problems related to over-fitting, which
are commonly encountered when ANN-based models are devel-
oped, different numbers of hidden units were investigated. We
evaluated the influence of the number of hidden units (neurons)
in the final model performance, for training and testing horizons,
based on the final value of the objective function (Eq. (2)). The re-
sults showed that for Case 2, the ANN operation model with four
hidden neurons presented the best performance (highest value of
objective function for the testing horizon), as shown in Fig. 10.
We found this test important for improving the ANN operation
model performance and robustness. For Case 1, the ENNIS’s which
presented the best performance were built with four hidden units,
representing 21 and 25 parameters for the ENNIS using the aver-
aged and observed inflow, respectively. The final number of neu-
rons adopted for the ANN operation model of Case 2 is shown in
Table 3.



Table 3
Results after the operation by the M-5 curves and ENNIS models with different inflow
information

Type of model

M-5 ENNIS ENNIS ENNIS

Inflow information – Averaged Observed Predicted
No. of units (I–H–O) – 7–4–5 8–4–5 8–2–5
No. of parameters – 57 61 33

Training
Average E(Wws) 0.999 0.999 1.000 0.999
Average E(Woth) 0.999 0.998 1.000 1.000
Average E(Qws) 0.998 0.998 1.000 1.000
Average E(Qoth) 0.998 0.998 0.984 1.000
Average E(hp) 0.295 0.295 0.295 0.295
Average E(Qenv) 0.906 0.906 0.932 0.913
Aggregated object 0.866 0.866 0.869 0.868
Number of failures 13 0 0 0
Objective function 0.855 0.866 0.869 0.868
Minimum 0.168 0.671 0.712 0.733
Standard deviation 0.083 0.059 0.056 0.056

Testing
Average E(Wws) 0.978 0.994 0.999 0.995
Average E(Woth) 0.966 0.995 0.999 0.999
Average E(Qws) 0.978 0.992 0.999 0.999
Average E(Qoth) 0.966 0.992 0.970 0.999
Average E(hp) 0.298 0.296 0.297 0.296
Average E(Qenv) 0.937 0.885 0.915 0.892
Aggregated object 0.854 0.859 0.863 0.864
Number of failures 24 4 10 14
Objective function 0.820 0.854 0.849 0.844
Minimum 0.185 0.574 0.684 0.634
Standard deviation 0.112 0.070 0.065 0.064

Note: (I–H–O) represents the number of units of the input, the hidden and the
output layer, respectively. ‘‘Objective function” accounts for the final value of the
objective function (higher values are better). ‘‘Minimum” means the minimum
value found within an operation horizon for the aggregated value at each stage.
‘‘Standard deviation” means the standard deviation of all aggregated values within
an operation horizon. ‘‘Number of failures” shows how many times (stages) the
operation failed during a certain operation horizon.
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4.1. Results for Case 1: Single decision

To demonstrate the optimality and efficiency of the proposed
ENNIS, it was applied to a simple optimization/operation problem,
with one decision variable, and its results were compared to those
obtained by a DDP model. First, we optimized the reservoir with
the deterministic DP (DDP), for which future inflows were consid-
ered to be exactly known and also considered two levels of discrete
intervals, i.e., 5 and 50, for the decision variable. This low level of
intervals (five) is frequently adopted in solving problems with DP
that present more than one decision and one state variable. Fig. 9
shows a comparison of the results obtained for average energy pro-
Fig. 9. Energy produced by different operational methods – Case 1.
duced by these two techniques, as well as the ones obtained by the
M-5 rule curves. Accordingly, we can see that the results obtained
by the proposed ENNIS model are able to generate an amount of
average energy quite similar to the one obtained by the DDP mod-
els, especially for the situation with five discrete intervals. This
clearly shows that the ENNIS can provide a good operational strat-
egy for maximization of the operational objective (water release
for energy production). In Fig. 9, only as an illustration, we also
give the results obtained with the M-5 rule curves which are much
lower than the ones obtained with the other two techniques.

For the results obtained for the testing horizon, also shown in
Fig. 9, the reservoir was operated by the same developed ENNIS
model with the same parameters obtained during the training
phase, also considering averaged and observed inflow information
as ANN input neuron. This shows the great robustness of the pro-
posed intelligent system, as the results obtained were fairly similar
to those by the DDP model. This is valid because the future inflows
are not considered as input information of the ENNIS. On the con-
trary, the DDP considers known the future inflow sequence and it
must be noted that we could not derive the operation strategies di-
rectly with deterministic DP models.

4.2. Results for Case 2: Multiple decisions

For Case 2, a more complex problem was formulated, which in-
volved the operation of a system with five decision variables. For
this case, the application of DDP models would be very complex
or even infeasible, due to the curse of dimensionality. Therefore,
results obtained by the ENNIS are compared just to the ones ob-
tained by the current strategy, the M-5 rule curves. This case also
intends to show the ability of the proposed intelligent system in
handling various decision variables.

Figs. 11 and 12, together with Table 3, show the results obtained
with the two operational strategies, M-5 and ENNIS, for the train-
ing and testing phase, respectively. These figures show the results
obtained and three different formulations of ENNIS, which differ by
the type of inflow information considered as input neuron. For the
first case an ANN operation model is developed with seven input
units. Then, for the next two formulations, an extra input unit is
added to the network, corresponding, respectively, to predicted
and observed inflow information, as shown in Fig. 7 as a dashed-
line circle.

For the training phase (Fig. 11) when considering the inflow
information, either observed or predicted, we can see a slight
improvement in the final value of the objective function (OF).
Interestingly, for the testing phase (Fig. 12), the OF value for the
ENNIS by only using 10-day historical averaged inflow, presented
superior performance over the other formulations. This may be ex-



Fig. 11. Comparison of results by the M-5 and ENNIS operational strategies – tra-
ining horizon.

Fig. 12. Comparison of results by the M-5 and ENNIS operational strategies – tes-
ting horizon.
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plained in several ways. First, as the reservoir presents low regula-
tory capability, due to its small total capacity, even knowing
one-step ahead does not guarantee avoiding the failures of the
operation during long dry periods. Another reason may be due to
the enormous variation of inflow discharges, especially between
low and dry periods, as a consequence of extreme precipitation
events on the region caused by typhoons. In addition, probably
the most important reason is related to the occurrence during
the testing horizon of the most severe droughts within the histor-
ical data. Therefore, the ANN operation model was trained with no
previous experience of such patterns.

For both operational horizons, the three ENNIS formulations re-
sulted in superior performance than the M-5 curves, particularly
when considering the number of failures, as can be seen in Table
3. The number of failures of the system represents the number of
times the system failed to achieve certain conditions within a cer-
tain operational horizon, as already previously described. Table 3
also presents some of the statistical metrics of the aggregated val-
ues, such as the minimum and standard deviation, for training and
testing horizons. These metrics, ‘‘minimum” and ‘‘standard devia-
tion”, may be seen as measures of robustness and volatility of
the system operation, respectively. Also for these results, the three
ENNIS showed to be superior to the M-5 operation.

Also in Table 3, we can observe the averaged value of the eval-
uation function for each objective. This may give us a feeling of
how the ENNIS is prioritizing the various objectives. This analysis
gives us another insight into how to best adjust the evaluation
functions for achieving an efficient ANN operation model. We can
also see in Fig. 13 a statistic of the results of the aggregation of
the evaluated objectives obtained after the first ENNIS formulation.
The shapes of the cumulative probability function for both ENNIS
and M-5 are quite similar for most of the percentage domain. Nev-
ertheless, the ENNIS presented much better performance than the
M-5 rule curves, avoiding failures (low values of the OF) related to
the reservoir operation. These probabilistic curves were built con-
sidering the 864 and 612 aggregated values obtained for the train-
ing and testing horizons, respectively. This is another good proof of
the robustness of the presented methodology and the built intelli-
gent systems.

Figs. 14 and 15 show the final operating storage results ob-
tained when considering the ENNIS (‘‘Storage ENNIS”) based on
the ANN operation model with average inflow information, which
required only 57 parameters (weights and bias) to be identified.
Note that if we had used a pure GA to do the same job, we would
need to optimize 4320 (=5 decisions � 864 time steps) and 3060
(=5 � 612) parameters, for the training and testing horizons,
respectively, and even then we would not necessarily be able to de-
rive any operational strategy for future use. For illustration, the re-
sults obtained by our intelligent operation system were compared
to those from the present operational strategy (‘‘Storage M-5”) of
Shihmen Reservoir. Note that in most cases when the M-5 opera-
tion resulted in failure, the ENNIS tended to depreciate the reser-
voir at a much slower pace, avoiding the risk involved in large
depreciation of storage volumes.

Finally, we may see that the results after the developed intelli-
gent operation system were very similar for both cases, training
and testing horizons, which further demonstrates the consistence
and robustness of the developed model as ‘‘optimal” operational
strategies. This is not necessarily the case for the operation by
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the M-5 strategy, as the results for the training and testing hori-
zons periods were quite different from each other.

5. Conclusions

We developed a methodology for the construction of intelligent
systems for reservoir operation, the Evolving Neural Network Intel-
ligent System (ENNIS). The system is based on two popularly used
artificial intelligence techniques: (i) ANN for constructing a multi-
ple decision operation model and (ii) GA for training (optimizing)
the ANN-based model. We have also fuzzified the multiple objec-
tives of the reservoir as membership functions to be able to aggre-
gate them together as a single objective.

First, the ENNIS was constructed and applied for a simple case,
for which only one decision variable (released water) from Shih-
men Reservoir, Taiwan, was derived. Its results were comparable
to the results obtained by a deterministic dynamic programming
(DPP), for which future inflows were considered to be exactly
known. The results were fairly similar by both methods in both
training and test phases. This clearly shows that the ENNIS can pro-
vide a good and robust operational strategy and can be a great po-
tential for operational use. Then, another ENNIS was built and
applied with success for a multi-variable decision making process,
for the same case study reservoir with five variables. The GA model
identified the weights of the ANN operation model, which after
being applied to a testing dataset showed to be very robust, yield-
ing better performances, in terms of the five objective defined in
this study, than the ones by the present operational strategy, the
M-5 rule curves.

Moreover, we have also investigated the influence on the per-
formance of the operation model, by testing a different number
of hidden units and different types of input and output variables.
From this process, we identified the ‘‘best” set parameters for the
final ANN operation model for the developed intelligent system.
For the decision-taking process by the developed ENNIS, three
types of information were used as input for the ANN model,
beginning-of-period storage volume for the current stage, 10-
day average inflow information (historical, future observed and
predicted values), and various water demands. Except for the ac-
tual future inflow, all these variables are readily available to
operators at the time of operational decisions. So, the developed
intelligent system has great potential to be extended for practical
applications of reservoir operation. In addition, it is important to
remember that GA models are capable of optimizing a great
number of parameters, up to thousands. So that, even for large
networks (taking a great number of decisions), we may be still
able to apply the ENNIS methodology. On the other hand, one
of the drawbacks of the proposed method may be related to
the timing for training the ANN operation model, which is a char-
acteristic of the GA optimization technique. Nevertheless, the
proposed intelligent system may be trained off-line, and then ap-
plied for the real-time operation, without compromising its
applicability.

Finally, due to the possibility to easily add extra input and out-
put neurons to the ANN-based model, the proposed methodology
shows great potential to incorporate other forecast models. This
has been done here through the consideration of an extra input
neuron representing a predicted future inflow into the reservoir.
Moreover, the ENNIS showed to be able to take simultaneously a
great number of decisions without compromising its optimality,
as the obtained results showed to be consistent for both training
and testing horizons.
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