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a b s t r a c t

Reservoi r operation optimization (ROO) is a complicated dynamical ly constrained nonlinear problem that 
is important in the context of reservoir system operation. In this study, parallel deterministic dynamic 
programming (PDDP) and a hierarchic al adaptive genetic algorithm (HAGA) are proposed to solve the 
problem, which involves many conflicting objectives and constraints. In the PDDP method, multi-threads 
are found to exhibit better speed-up than single threads and to perform well for up to four threads. In the 
HAGA, an adaptive dynamic parameter control mechanism is app lied to determine parameter settings,
and an elite individual is preserved in the archive from the first hierarchy to the second hierarchy. Com- 
pared with other methods, the HAGA provides a better operational result with greater effectiveness and 
robustness becau se of the population diversity created by the archiv e operator . Comparison of the results 
of the HAGA and PDDP shows two contradictory objectives in the ROO problem-economy and reliability.
The simulation results reveal that: compared with proposed PDDP, the proposed HAGA integrated with 
parallel model app ears to be better in terms of power generation benefit and computational efficiency.

� 2013 Elsevier Ltd. All rights reserved.

1. Introduction 

The water resource crisis is increasingly becoming challenging 
and complicated , posing a dilemma for stakeholder s desiring effec- 
tive water allocation. Reservoir operation optimization (ROO) facil- 
itates not only water resource allocation that yields maximum 
benefits with respect to multiple objectives in areas such as agri- 
culture, energy, and industry but also rational water exploitation 
and hydropower generation. Moreover, for obtaining solutions to
ROO problems, advanced computational technology and improved 
algorithms are used for enhancin g the computation efficiency. ROO 
can be used for formulating , analyzing , and solving operation opti- 
mization problems in water resource planning (Loucks, Stedinger,
& Haith, 1981; Yeh, 1985 ).

Most methods used for ROO analysis involve conventi onal opti- 
mization algorithms and various metaheurist ic algorithms. Over 
the past several decades, a wide range of methods have been pro- 
posed to solve ROO problems . Those reported to be effective are 
linear programmin g (LP) (Jabr, Coonick, & Cory, 2000 ), nonlinear 
programmin g (NLP) (Chen, 2007; Takriti & Krasenbrink, 1999 ),
quadratic programming (QP) (Papageorgiou & Fraga, 2007 ), and 
Lagrangian relaxation (LR) (Hindi & Ghani, 1991; Keib, Ma, & Hart,

1994). Dynamic programming (DP) is a powerful optimization 
techniqu e that is applied to ROO and is considered to be a conven- 
tional optimizati on algorithm in reservoir operation . Among the 
traditional optimization techniques for reservoir operation, DP
(Travers & Kaye, 1998 ) boasts high popularity. In other methods,
there may be difficulties in finding the optimal solution. In the case 
of LP, the nonlinear and unsmooth characteri stics of ROO problems 
are often ignored during linearization, generating large errors in
the optimal operation. In NLP and QP, the objective function should 
be continuous and differentiab le. Moreover, some approximat ions 
are necessar y in the formulation when NLP and QP are used, and 
they may lead to inaccurate solutions when an continuous and dif- 
ferentiabl e objective function is used. In LR, Lagrange multiplier s
with updating strategy are used, and therefore, the method suffers 
from oscillatio ns in the optimal result. In contrast, DP imposes no
restrictio ns on the unsmooth and nonconvex nature of the ROO 
problem, which makes it superior. The ROO problem is a highly 
constrain ed nonlinear discrete dynamic optimizati on problem 
solved by complete enumeration with a DP solver.

The theory of DP, first used by Bellman in the early 1950s (Bell-
man, 1957 ), resulted in the principle of optimality. This principle is
useful for solving problems with a separated monotonic criterion 
function. DP is a method for efficiently solving a broad range of
searching and optimization problems. It involves the use of the 
principle of optimality in the optimal region, and a recursive algo- 
rithm for dividing a decision process into several interrelated 
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stages in terms of time, space, etc. Generally, the major objective of
the ROO problem at a hydropower station aims to maximize the 
total power generation by utilizing the limited water resource for 
future stages. The application of DP to ROO is popular since the 
problem has been formulat ed as a differential DP problem. The the- 
ory of DP for large-scal e problems has been studied by Yakowitz
(1982), who reviewed the use of the method for solving a water re- 
source planning problem. DP models can be classified into two cat- 
egories: stochastic dynamic programmin g models with 
uncertainty factors, and deterministic DP (DDP) models. For reser- 
voir operating rule generation, Karamouz and Houck (1987) com-
pared stochastic DP (SDP) and DDP with regression (DPR). They 
found that the DPR model performs better for large reservoirs with 
capacities exceedin g 50% of the mean annual flow. DDP has also 
been applied to an ROO problem in which uncertain factor evalua- 
tion is not considered , and it may actually provide the optimal re- 
sult. Although the DDP can solve the reservoir optimization 
problem, the high dimensionality of the problem poses difficulties
and might not converge within a reasonable time, especially for 
large-scale hydropower systems. The practical limitation of DP is
obvious as the number of possible decisions increases with the 
number of reservoirs. Further, the computational accuracy should 
be improved , which would result in a low computational effi-
ciency. Therefore, the implementation of DDP in parallel, which 
would reduce the run-time, would significantly increase the effi-
ciency of such parallel model.

Some hydraulic models, such as TRENT, CalTWiMS, TELEMAC,
and RMA, use the message passing interface (MPI) (Gropp, Lusk,
& Skjellum, 1994 ) and domain decompositi on for simulations in
parallel. Recently, the JFLOW diffusive wave model used graphics 
processing units (GPUs). However, these parallel tools hide a con- 
siderable amount of complexity. The computational strength of
modern micropro cessors has increased with the developmen t of
various commercial multi-threaded processors. Nowaday s, the 
most popular parallel systems are based on shared memory. We
can use the multi-threadin g feature of the hardware, which distin- 
guishes these systems from traditional shared multi-processor sys- 
tems, distributed memory systems, or hybrid distribut ed-shared 
memory systems. Consequentl y, increasing the thread-leve l paral- 
lelism becomes paramount for achieving the maximum potential 
performanc e from shared-memor y multi-proce ssor systems built 
with shared-m emory threading processors. The parallel imple- 
mentation of DDP involving complex data structure s and memory 
allocation is used for ROO with a shared memory system that em- 
ploys open multiprocessing (OpenMP). OpenMP (Chapman, Jost, &
van der Pas, 2007 ) is a set of compiler directives with library rou- 
tines that is used for creating an application program interface 
(API) for supporting multi-platfo rm shared-mem ory parallel pro- 
gramming in FORTRAN, C, and C++ on all architectures, including 
UNIX and Windows NT platforms. Key advantages of OpenMP in- 
clude easy implementati on and the minimal recoding required 
for implementati on in parallel. An OpenMP code can be developed 
on one platform and deployed on any other platform installing an
OpenMP compiler. These parallel machines are built upon a set of
processors that have access to a common memory by exchanging 
data between concurrent tasks without communi cating with any 
processor and that communi cate data by writing or reading shared 
data. We adopt a parallel DDP (PDDP) FORTRAN code that is imple- 
mented in parallel for ROO.

Owing to the lack of computational efficiency for ROO in the 
case of DP, modern heuristic stochasti c search algorithms such as
the genetic algorithm (GA) (Baskar, Subbaraj, & Rao, 2003; Chiang,
2007), evolutionary programmin g (EP) (Basu, 2004 ), simulated 
annealing (SA) (Basu, 2005 ), particle swarm optimization (PSO)
(Cai, McKinne y, & Lasdon, 2001 ), and the differential evolution 
algorithm (DE) have been extensively used to solve the ROO prob- 

lem without ant restriction on the unsmooth and nonconvex char- 
acteristics of the problem. In recent decades, the GA has become 
widely used for the application of global optimization to ROO. Be- 
cause of the increase in the complexi ty of ROO with the dimension- 
ality, a large-scale ROO problem with an enormous number of
variables and constrain ts must be decompo sed into sub-problems 
to enhance the robustness of searching. Therefore, ROO problems 
can be alternativel y solved by the GA. The genetic algorithm (Bas-
kar et al., 2003 ) was formally introduced in the 1970s by John Hol- 
land (Holland, 1992 ). It has been proved to be effective in solving 
optimization and search problems in many fields of study (Chen,
1998; Goldberg , 1989; Karr, 1991; Kung & Chen, 1997; Lin,
1997). The GA is an adaptive heuristic search algorithm that mim- 
ics the principles laid down in Darwin’s theory of evolution and 
successively applies genetic operators such as selection, crossover 
(recombination), and mutation to iteratively improve the fitness of
a population and reach the global optimum in the search space. It
is one of the most promising algorithms , and the population-by -
population method is the most important characterist ic of the GA
when compared to the point-to-poi nt method of DP (Goldberg &
Kuo, 1987 ). In recent decades, the GA has become popular for the 
applicati on of global optimizati on to reservoir planning and man- 
agement for scientific research and in the field of engineering 
(Cai et al., 2001; Chaves & Chang, 2008; Chen & Chang, 2007,
2009; Huang, Yuang, & Lee, 2002 ). However, the GA has not really 
been suitable for complex nonlinear problems like ROO problems.

The GA starts with a randomly generated initial population and 
improves the fitness of solutions through iterations by implement- 
ing operator s such as scheme selection (reproduction), crossove r,
and mutation. A crossover operation leads to a mixture of chromo- 
somes in the offspring without creating new allelic material. This 
can lead to slow convergence toward the same sub-optimal solu- 
tion. Srinivas and Deb (1995) put forward the adaptive genetic 
algorithm (AGA) with adaptive crossover and mutation. The prob- 
abilities of crossover and mutation vary depending on the fitness
values of the solutions, thus improvin g the convergence rate and 
robustnes s (Chen, Chen, & Chiang, 2009 ). Solutions with high fit-
ness are preserved, while those with sub-average fitness are com- 
pletely disrupted. However, the AGA is still challenging without 
the consideration of the initial population diversity. Preserving 
population diversity is crucial for a successful and efficient search 
of complex multimodal response surfaces. Lack of population 
diversity often results in convergence to a sub-optimal solution,
whereas excessive diversity results in the inability to further refine
solutions for closer approximation . As the number of decision vari- 
ables increases in ROO problems, the search process becomes inef- 
fective within the vast amount of GA chromosomes and results in
slow evolution between consecutive generations. Consequentl y,
the probability of converging to the optimal solution decreases 
sharply. In this paper, an improved AGA was proposed for solving 
ROO problems. We used the hierarchical structure of the archive 
scheme to change population diversity, and we proposed a hierar- 
chical adaptive genetic algorithm (HAGA).

Failure to improve the efficiency of and remove the deficiency
in the algorithm used for solving the ROO problem may lead to
either excessive computation or unsatisfactor y solutions. In this 
study, we also discussed the prime characteristics of ROO problems 
and a DDP algorithm with a parallel model. We also apply im- 
proved conventional and metaheurist ic algorithms to ROO. A
new parallel DDP (PDDP) approach incorporating both computa- 
tional efficiency and optimal decisions was presented for the Three 
Gorges Project (TGP). An improved AGA (HAGA) incorporating 
optimal decisions was applied to the TGP, and the parallel model 
was also applied to HAGA. Moreover, outlines of PDDP and HAGA 
optimization techniques applied to ROO problems were presented 
(Fig. 1).
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