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development has been broadly recognized by decision mak-
ers, especially in regions where limited and excessive water 
resources usually exist. The concept of optimization is basi-
cally positioned between the two extremities of deficiency 
and excess (Sinha and Purwar 2024). This optimization 
approach has been widely employed to resolve the com-
peting objectives across multiple multipurpose reservoirs, 

Introduction

The growing concern regarding the imbalance between 
water availability and water demand has addressed the sig-
nificant role of reservoir optimization for water resource 
planning and management (Feng et al. 2020; Niu et al. 2021). 
The importance of reservoir optimization for sustainable 
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Abstract
Reservoir optimization has gained increasing attention as a cornerstone of sustainable development and water resource 
resilience, particularly in regions prone to climate extremes. To address these challenges, this study introduces a novel 
Constraint Programming (CP) for multiple reservoir optimization to enhance water scarcity resilience in the Chao Phraya 
River Basin (CPYRB). CP models with and without incorporating travel time taken from dams to water demand nodes, 
CPM1 and CPM2, were accordingly formulated to find optimum daily release schemes of major dams in the basin. 
The development of the CP models in CPYRB utilized Python's GEKKO library with the IPOPT solver, which offers 
a user–friendly modeling environment for large–scale, nonlinear, and constrained optimization problems. The simulated 
results from 2000 to 2020 demonstrated that CPM1 and CPM2 models could generate different daily release schemes 
to recommend a release guideline trajectory, while average annual releases accomplished by CP models could closely 
replicate current operation. Moreover, both models could increase the end–of–wet–season storage in the reservoir system 
by 2,712 and 1,265 MCM/yr, respectively, to potentially supply overplanting during the dry season, revealing improved 
water scarcity resilience in the basin. By incorporating travel times between releases from different dams and the vari-
ous demand nodes, CPM2 offered more realistic and effective operations to timely and spatially distribute water in the 
irrigation farm area than CPM1. This ensured that water was supplied at various water distribution zones at the right time 
of use while satisfying system–wide objectives and time–dependent constraints. Importantly, the CPM2 model, which 
exhibited the smallest discrepancy in average total releases from the Bhumibol and Sirikit Dams, demonstrated a strong 
long–term quantitative agreement with the current operation. Moreover, the CPM1 model demonstrated a significant 
advantage over other optimization models including deep reinforcement learning, non–linear programming, and adaptive 
neuro fuzzy inference system in view of increasing the long–term end–of–wet season storage levels of two main stor-
age dams, achieving + 15.73% and + 16.36% for Bhumibol and Sirikit Dams, respectively. This proposed CP framework 
provides a robust operational tool for dam operators to enhance water scarcity resilience in complex, highly constrained 
multi–reservoir systems.
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especially given concerns about climate variability and 
growing water demand.

Various traditional optimization techniques including 
Linear Programming (LP) (Senlin et al. 2017; Zetai et al. 
2022), Non–Linear Programming (NLP) (Unver and Mays 
1990; Kyaw et al. 2024), and Dynamic Programming (DP) 
(Yakowitz 2014; Cervellera et al. 2015; Giuliani et al. 2021; 
Ayele et al. 2022), etc. have been developed and widely 
applied over the past few decades to address the reservoir 
release scheduling problems (He et al. 2024). However, 
each of these optimization techniques has significant limita-
tions. As the assumption of LP is based on the linear rela-
tionships for both the objective function and constraints 
restricted in the model, consequently, it struggles to repre-
sent the non–linearity that exists in real–world problems. 
While NLP offers considerable advantages in its capability, 
its low convergence speed and high computational demands 
has emerged as significant challenges for practical applica-
tions (William 1985; Bai et al. 2015). DP faces the chal-
lenges of curse of dimensionality, indicating the resource 
requirement and computational complexity particularly for 
large scale problems (Li et al. 2020; Liu 2021). In addition, 
Stochastic Dynamic Programming (SDP), a specific form of 
DP designed to deal with problems involving the presence 
of uncertainty and stochastic nature, has several limitations. 
The curse of dimensionality restricts the dimension of the 
reservoir system with two or three reservoirs for SDP appli-
cations due to a large number of state variables (Giuliani et 
al. 2021). The curse of modelling contributes the additional 
state variables (Tsitsiklis and Van Roy 1996). Moreover, 
the curse of multi–objectives limits the number of objective 
functions of the SDP model (Giuliani et al. 2014, 2021).

To leverage global search capability and model simplifi-
cations for the small to large–scale reservoir optimizations 
under the emerging climate challenges, numerous optimi-
zation algorithms inspired by natural evolution have been 
intensively developed, such as Genetic Algorithm (GA), 
Heuristic Algorithm (HA), and Particle Swarm Optimiza-
tion (PSO). The optimized reservoir release was achieved 
using the GA algorithm to balance the competing interests 
among hydropower production, flood control, irrigation, and 
environmental needs (Wahyuni et al. 2024). The capability 
of GA for reservoir optimization was also demonstrated in 
view of the reduction of water deficit when high uncertainty 
of long–term reservoir inflow was addressed (Mezenner et 
al. 2024). Optimal operation of multiple reservoir systems 
was obtained using Simulated Annealing (SA), a probabi-
listic metaheuristic algorithm. The problem representation 
and parameter selection were exhibited and SA’s ability to 
replicate the global optimum solution was examined and 
compared to LP (Teegavarapu and Simonovic 2002). Meta-
heuristic Algorithm (MHA) was used to trade–off between 

water supply and flood control mitigation for optimal res-
ervoir operation (Lai et al. 2023). In addition, the compara-
tive studies among PSO, GA, and swarm–based algorithms 
were conducted to investigate the validity and robustness 
of model performances for multi–objective and multi–res-
ervoir optimizations (Chen et al. 2020) and reservoir hydro-
power optimization (Akbarifard et al. 2020).

In addition, fuzzy optimization combining traditional 
optimization techniques with fuzzy logic approach to 
describe vagueness and ambiguity of key relevant variables 
in term of fuzzy set, has been considerably employed for 
reservoir operation (Shrestha et al. 1996; Faris et al. 2021; 
Pawar et al. 2023; Yutthana et al. 2024). Fuzzy linear pro-
gramming was applied for the multi–reservoir optimization 
to improve decision–making under climate variability con-
ditions (Choudhari and Raj 2023). It is shown that imple-
menting the multiple–constrained problems in a complex 
reservoir system using these conventional optimization 
techniques is often inappropriate and computation time–
consuming (He et al. 2024).

Constraint Programming (CP) is a problem–solving 
technique rooted in Artificial Intelligence (AI), computer 
science, and operation research (Hentenryck and Hoeve 
2023; Hentenryck 2024). It generally studies the compu-
tational system based on variable constraints in solving 
complex problems (Leite et al. 2014). CP has been proven 
as a powerful tool for modelling and solving a broad range 
of Constraint Satisfaction Problems (CSPs) and Constraint 
Optimization Problems (COPs), including resource sched-
uling and planning, configuration, vehicle routing, bioinfor-
matics, and combinatorial optimization (Rossi et al. 2006). 
In operation research, CP is an emergent field prioritizing 
the feasibility of finding solution rather than optimiza-
tion to find optimum solution. It focuses on the constraints 
and variable domains over the explicit objective function 
(Dabas and Cooner 2014). It offers significant advantages in 
these areas by supporting fast program development, large 
neighborhood search with complicated variables, economic 
program maintenance, and effective runtime performance. 
The representation of CP problems is directly simplified by 
constraints, resulting in simple and adaptable programs to 
the changing requirements (Wallace 1995). Performance 
of CP modelling is substantially influenced by key factors, 
including constraint complexity, search sample size, and 
constraint propagation.

Modelling CP fundamentally begins with identifying rel-
evant variables, variable domains, and constraints to define 
the problems. Variables and their associated domains are 
identified to characterize the unknowns in a specific prob-
lem. The power of CP relies on the constraints, which can be 
expressed as both logical relations or arithmetic equations to 
restrict the possible values of variables within their domains. 
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The core concept of the CP model is to find the feasible 
solutions of the given problems that satisfy all constraints. 
Constraint propagation, intelligent backtracking, and search 
space exploration are fundamental interconnected elements 
of problem–solving approach for constraint programming 
(Bessiere 2006; Freuder and Mackworth 2006). Constraint 
propagation, is used to actively reduce variable domains or 
search space which cannot participate in the solutions (Bar-
ták 2001). Intelligent backtracking avoids redundant search, 
while search space exploration guides the overall search 
process for the given problems. Finally, the CP solver then 
leverages these reduced variable domains in its search algo-
rithm to effectively find solutions. In general, Constraint 
Optimization Problems (COPs) which is a generalization 
of CSPs incorporating objective functions in addition to 
the variables and constraints, can be modelled and solved 
by CP solver. Furthermore, CP modelling can be applied to 
Multi–Objective Optimization Problems (MOCPs), which 
involve multiple objective functions, to find sets of optimal 
solutions. The classical constraint solvers are ILOG Cplex 
CP Optimizer, ECLiPSe, and SICStus Prolog (Rossi et al. 
2006). In this study, the GEKKO optimization suite (Beal et 
al. 2018) has been used as a tool for modeling and finding 
optimization solutions. GEKKO is known as a high–level 
object–oriented Python package that develops constraint 
models and finds an optimal solution for them. The nature 
of GEKKO is solver–independent, allowing the models to 
be solved by various constraint solvers.

In the context of reservoir operation, certain capabilities 
are particularly important because decision variables are 
heavily constrained by physical processes and operational 
regulations. Factors such as reservoir mass balance rela-
tionships, storage limits, flood threshold levels, ecological 
minimum flow requirements, and hydropower operating 
constraints can all be framed as limitations. These con-
straints collectively restrict the feasible combinations of 
storage and release decisions. By implementing constraint 
propagation, infeasible combinations that would violate any 
of these conditions can be systematically eliminated early in 
the solution process. This approach leaves only release tra-
jectories that align with all physical and policy requirements 
of the system. The ability to integrate a comprehensive set 
of constraints with efficient searching is a significant advan-
tage of CP in the management of complex water resource 
systems.

Compared to DP, solution strategy for CP is based on 
eliminating invalid solutions through constraint propaga-
tion. On the other hand, DP breaks problems into over-
lapping subproblems and builds solutions incrementally. 
Consequently, number of subproblems, degree of overlap-
ping, and memory requirement are key factors influenc-
ing the DP performance. Moreover, adding or removing 

constraints by CP is more flexible than DP. Although CP 
offers the considerable potential benefits, its application and 
critical review in the context of reservoir optimization and 
water resource allocation, has been limited compared to DP. 
Adoption of CP for reservoir release scheduling was consid-
erably investigated for single reservoir at the Bhumibol dam 
in Thailand to minimize water scarcity and excessive dam 
release (Sawangphol et al. 2024). The model was formu-
lated using MiniZinc, a well–known high–level declarative 
modelling language, designed as a standard language for 
constraint programming to describe and tackle the optimi-
zation problems (Nethercote et al. 2007). It was then solved 
using Interior Point Optimizer, IPOPT, an open–source 
solver package designed to solve large–scale non–linear 
optimization problems. The results showed the potential for 
saving 47.12–103.83 MCM/year of water, increasing reser-
voir storage by up to 10.49%, and enhancing hydropower 
production by 6.10% to 13.79%.

Realizing the strengths of CP in handling complex con-
straints, flexibility, and combinatorial optimization, this 
study aims to apply a novel CP model and explore its capa-
bility for complicated multiple reservoir operation and their 
system constraints in the Chao Phraya River Basin (CPYRB) 
as shown in Fig. 1. CPYRB has transitioned from the natu-
rally–uncontrolled basin to the highly–engineered system 
with multipurpose storage dams and extensive canal irriga-
tion networks. Four interconnected storage dams; Bhumibol 
(BB), Sirikit (SK), Khwae Noi Bamrung Dan (KNB), and 
Pasak Jolasitr (PS) are jointly operated to satisfy the local 
and joint demands along the Chao Phraya River (CPYR) 
where the head flow is primarily fed by major tributaries 
including Ping, Wang, Yom, Nan and Pasak rivers. The con-
trolled outflow from these dams takes approximately one 
day to reach local demand node. However, supplying water 
from dams to joint demand requires longer travel time of 
2–10 days to reach the demand nodes. These four dams play 
a crucial role in regulating the reservoir outflow to jointly 
satisfy multiple water uses including water irrigation, indus-
try, municipality, ecology, as well as hydropower generation 
in central Thailand. It is reported that more than 70% of the 
water allocated from these four dams is served for irrigation 
in the Greater Chao Phraya Irrigation Scheme (GCPYIS) 
occupying the irrigation service area of more than 10 mil-
lion rai (16,000 km2) (Kyaw et al. 2022; Sawangphol et al. 
2024).

The Chao Phraya River Basin has several characteristics 
that make it challenging to apply conventional optimization 
methods at scale. These challenges include strong inter-
connections among four major reservoirs, diverse demand 
nodes, seasonal regulations governing allowable water 
deficits, tributary flow contributions, and flood–control 
restrictions that depend on anticipated inflows and changing 
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release patterns while exploring trade–offs among multiple 
objectives. For these reasons, CP was selected as the pri-
mary optimization framework for this study to formulate 
multi–reservoir operating policies in the CPYRB.

The varying water availability in major reservoirs exacer-
bated by regional climate variability, along with the uncon-
trolled expansion of seasonal cultivated area in GCPYIS and 
competing water demands from different sectors, has led to 
water scarcity especially during dry season (Nov.–Apr.) as 
evidenced in 2015, 2018, 2019, and 2020 (Kyaw et al. 2022). 
This water scarcity has caused a decline in crop yield, result-
ing in agricultural distress in the GCPYIS. Furthermore, the 

storage levels. Additionally, significant travel time lags 
between reservoir releases and deliveries to irrigation and 
ecological nodes introduce complex temporal dependencies 
across multiple days. These factors create a high–dimen-
sional, multi–objective, and highly constrained optimization 
problem. Other optimization approaches such as LP, NLP, 
DP, MHA, and fuzzy optimization have inherent limitations 
with respect to dimensionality, constraint management, or 
computational complexity. In contrast, CP is well–suited to 
this context, as it can encode numerous interrelated opera-
tional rules as explicit constraints. This allows CP to utilize 
constraint propagation to efficiently eliminate infeasible 

Fig. 1  The Chao Phraya River 
Basin in Central Thailand
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from each reservoir to the water demand nodes was either 
included or excluded. This study contributes to the field of 
reservoir operation research by introducing a novel meth-
odological approach that substitutes for traditional reser-
voir optimization techniques, particularly for large–scale, 
multi–objective, and multi–reservoir systems with complex 
constraints. Since the problem model is formulated sepa-
rately from the solving algorithm, this leads to a reduction 
in development and computational time while achieving the 
model’s multiple goals.

Methods

CP modelling for multiple reservoir optimization in 
CPYRB

Variable input and output terms and hypotheses identified 
for CP modelling

Two different types of CP models for multiple reservoir opti-
mization in CPYRB were developed, including (1) CPM1: 
constraint programming model without incorporating travel 
time and (2) CPM2: constraint programming model incor-
porating travel time. CPM1 assumes that water released 
from upper reservoirs at time t can be supplied to fully meet 
the targeted water demand nodes at corresponding time t. 
In other words, it ignores the time delay for water to travel 
from the reservoirs to the demand points. This simplification 
reduces computational complexity but may miss short–term 
operational constraints caused by flow propagation. In con-
trast, CPM2 explicitly considers the travel time of reservoir 
water to reach the demand points, where time delays vary 
from 2 to 10 days. Consequently, the optimization process 
can ensure that reservoir water is released with proper tim-
ing to account for the hydraulic time delay before it reaches 
the different downstream demand nodes. By incorporating 
these temporal dynamics, CPM2 offers a more realistic por-
trayal of reservoir–river–demand node interactions, espe-
cially in situations where short–term release scheduling and 
joint coordination among operational offices for effective 
multiple reservoir operation are essential.

Variable inputs and outputs were identified for CP mod-
elling as summarized in Table 1. The model inputs incor-
porate the reservoir water balance data, estimated water 
demand, relevant terms of hydropower generation system, 
and reservoir specifications of all reservoirs. While the 
model outputs are the optimal reservoir releases of all res-
ervoirs obtained by the CP models. Optimization structures 
of the CPM1 and CPM2 models include objective functions, 
decision variables, and system constraints which were con-
structed using the same input dataset. However, the CPM2 

impact of seawater intrusion during drought periods when 
river water levels in the lower basin decrease, has ampli-
fied the severity of water scarcity. This has affected not only 
for agricultural sector but also the quality of drinking water 
supplied in the Bangkok Metropolitan Region. In addition, 
the frequent occurrence of tropical storms has increased 
risk of flooding in low–lying areas downstream of the Chao 
Phraya Diversion Dam particularly at the end of the year 
(Oct.–Nov.). Flooding significantly impacts local liveli-
hoods and industrial estates in the central plains, thereby 
causing substantial economic losses at the national level 
particularly in the 2011 major flood. Furthermore, histori-
cal records from 2000 to 2024 indicate a frequent risk of 
the KNB and PS reservoirs reaching full capacity during the 
monsoon season, resulting in increased release volumes to 
deplete storage and ensure dam safety. These address a sig-
nificant challenge of water resource management task, high-
lighting the necessity of effective and adaptive operational 
tools to improve complex multiple reservoir operation and 
create future water resilience in the CPYRB.

To moderate water scarcity in this basin, CP modelling 
using Python (GEKKO Optimization Suite) and IPOPT 
solver for multiple reservoir optimization in CPYRB were 
developed. The desired goal was to increase end–of–wet–
season reservoir storage in Oct. to potentially supply irri-
gation water during dry planting season (Nov.–Apr.) in the 
GCPYIS. Developing a constraint programming model 
for a complex reservoir operation system in CPYRB using 
Python's GEKKO library with the IPOPT solver not only 
provides a user–friendly modeling environment but also 
guarantees effective and robust management of large–scale, 
nonlinear, and constrained optimization problems. GEKKO 
offers a python–based, object–oriented interface that enables 
mathematical formulations to be expressed concisely and 
readably. This supports rapid model development, simplifies 
debugging, and establishes a clear connection between res-
ervoir optimization concepts and their computational execu-
tion. IPOPT employs an interior–point method using sparse 
linear algebra, which enhances its efficiency in addressing 
high–dimensional optimization challenges like multi–res-
ervoir operation. This approach ensures convergence, even 
when the model incorporates nonlinear constraints such 
as travel time and release relationships. Since reservoir 
operation issues frequently involve nonlinear hydrological 
relationships and various operational constraints, IPOPT 
is well–equipped to handle these challenges. Furthermore, 
integrating GEKKO with Python allows for smooth data 
processing, visualization, and post–analysis, which is useful 
for scenario analysis and interpreting results. The effective-
ness of CP in modelling and solving the complicated COPs 
for the multiple reservoir operation system in CPYRB 
was highlighted when the traveling time of released water 
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Variables Definition Unit
DELP Local demand in the Lower Ping Water Distribution Zone (LPWDZ) 

includes both agricultural and non–agricultural water needs. Agricultural 
water is used in 4 operation and maintenance projects: Tor Thong Daeng, 
Wangbua, Wangyang, and Nongkhwan. Non–agricultural demand includes 
municipality, industry, and ecological water uses along the Lower Ping River

MCM

DELN Local demand in the Lower Nan Water Distribution Zone (LPWDZ) includes 
both agricultural and non–agricultural water needs. Agricultural water is used 
in 5 operation and maintenance projects: Dongsetthee, Thabua, Plaichumpol, 
Naresuan and Yom–Nan. Non–agricultural demand includes municipality, 
industry, and ecological water uses along the Lower Nan River

MCM

DEKNB Local demand includes both agricultural water in the Khwae Noi Bamrung 
Dan Operation and Maintenance Project and non–agricultural water needs

MCM

DEPS Local demand includes both agricultural water in Pasak Jolasitr Operation 
and Maintenance Project and non–agricultural water needs

MCM

DECPY Joint demand in the Chao Phraya Water Distribution Zone (CPYWDZ) 
includes both agricultural and non–agricultural water needs. Agricultural 
water is used in 26 operation and maintenance projects: Wat Sing, Bang Bal, 
Pollathep, Thabot, Samchuk, Donjedee, Phophraya, Borommathat, Chana-
sute, Yangmanee, Phak Hai, Maharaj, Manorom, Chong Kae, Khokkathiam, 
Roeng Rang, Southern Pasak, Nakhon Luang, Northern Rangsit, Southern 
Rangsit, Chaochet Bangyeehon, Phayabunlue, Prapimon, Pasicharoen, Klong 
Dan, and Praong Chao Chaiya Nuchit. Non–agricultural demand includes 
municipality and industry water uses along the Chao Phraya River

MCM

DEECON Joint demand for ecological need along the Lower CPY River MCM
Dt Total water demand at time t MCM
Si

t and Si
t+1 Reservoir water storage of reservoir i at time steps t and t + 1, respectively MCM

Ii
t Reservoir inflow of reservoir i at time step t MCM

Ri
t Optimal release of reservoir i at time step t achieved by two different types of 

CP model or model output
MCM

Ei
t Evaporation losses of reservoir i at time step t MCM

Spillit Spilled water from the reservoir i at time step t MCM
Ri

min and Ri
max Minimum and maximum releases to ensure the minimum environmental flow 

requirement and maximum safe channel capacity of reservoir i
MCM

Si
min and Si

max Minimum and maximum storage capacity of reservoir i MCM
SFi

t Potential side flow downstream of reservoir i MCM
SURCi Water storage of reservoir i at the upper rule curve threshold MCM
Gi

t Energy production of reservoir i at time t KWhr
Htit Tail water head of reservoir i at time t m msl
Hfit Reservoir water head of reservoir i at time t m msl
ei Overall efficiency of hydropower plant of reservoir i %
γ Specific weight of water equal to 9.81 m/s2 m/s2

∆t
Working hour in a day of each hydropower plant hr

CPM1 Constraint programming model without incorporating travel time –
CPM2 Constraint programming model with incorporating travel time –
DM Demand model –
F1(x) Objective function of the CPM1 model –
F2(x) Objective function of the DM model –
F3(x) Objective function of the CPM2 model –

EDi
t

Estimated total demands of reservoir i at time steps t for DM model –

AW SDECP Y t
Expected available water storages in the reservoir system for joint demand 
node DECPY

–

AW SDEECONt
Expected available water storages in the reservoir system for joint demand 
node DEECON

–

Table 1  Definitions of variables 
and model types used in CP 
modeling
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and PS, from 2000 to 2020, were collected and used as the 
inputs. The daily local and joint water demand data for the 
different water distribution zones, including agricultural 
and non–agricultural sectors, were accordingly estimated, 
namely, DELP, DELN, DEKNB, DEPS, DECPY, and 
DEECON. For the CPM2 model, the travel time of reser-
voir water released from dams to the CPY demand nodes 
was determined with 4, 6, 2 and 3 days for BB, SK, KNB, 
and PS Dams, respectively. In other words, the targeted joint 
demand at DECPY nodes is timely supplied when releasing 
water from dams prior to 4, 6, 2 and 3 days, respectively. In 
addition, the DEECON demand node is shared by four dams 
with travel time of 8, 10, 6 and 7 days for BB, SK, KNB, 
and PS Dams, respectively as graphically shown in Fig. 2.

The desired goal of multiple reservoir optimization 
developed by CP models is to increase water availability in 
the reservoir system particularly at BB and SK, two large 
storage dams at the end of the wet season (Oct.). Due to 
the uncontrolled increase in crop planting area expansion 
within CPYIS during the dry season (Nov.–Apr.), the addi-
tional water in reservoirs at the start of cultivation periods 
should be reserved to enhance water scarcity resilience. 
As downstream potential side flow from the river tributar-
ies (Wang and Yom Rivers) is definitely high particularly 
during wet season (May.–Oct.), this leads to the ability to 
reduce reservoir releases from these two major dams due 
to substantial downstream side flow from river tributaries. 
Consequently, retaining savable water in reservoirs for sub-
sequent use in the dry season can lead to an increased level 
of reservoir water storage before crop cultivation in the dry 
season starts. This study quantified the potential side flow 
at two key gauged stations, W.4A and Y.17 located down-
stream of BB and SK Dams, respectively, to reduce daily 
reservoir releases. Moreover, to prevent downstream flood-
ing, system constraints indicating the operational practices 
of EGAT during critical floods, were included in the CP 
models.

In other words, the CP structures were fundamentally 
developed to bridge to physical hydrological processes 
by incorporating the reservoir water balance equation and 
downstream flow requirements to meet local and joint 
demands as fundamental constraints. The next–day water 
storage in the water balance equations is physically limited 
by the initial water storage plus the net inflows and net out-
flows across all reservoirs. In addition, the CP framework 
considers minimum and maximum downstream flow con-
straints, ensuring that the optimized release schedules from 
all reservoirs remain hydrologically feasible even under 
extreme climate variability, potential side flow, and varying 
reservoir storage levels.

model considers predetermined travel time to optimize the 
dam releases, ensuring efficient and timely water delivery 
from dams to joint demand nodes.

The following hypotheses were adopted in this study 
to define COPs for the multiple reservoir operation within 
CPYRB:

(1)	 Local demands: DELP, DELN, DEKNB, and DEPS are 
individually supplied by BB, SK, KNB, and PS Dams, 
respectively.

(2)	 Joint demands: DECPY and DEECON are coopera-
tively supplied by BB, SK, KNB, and PS Dams.

(3)	 Total system demand (D) is the combination of local 
and joint demands.

(4)	 Water released from all dams should be equal to or 
greater than the targeted water demand in wet sea-
son when the water supply source in the reservoir is 
sufficient.

(5)	 Water released from all dams should be equal to or 
greater than 80% of the targeted demand in the dry sea-
son. This means 20% of the water deficit can be allowed 
during the dry season due to insufficient water supply in 
the reservoirs.

(6)	 In CPYRB, the dry season starts from Nov. to Apr. and 
the wet season runs from May. to Oct.

(7)	 20% of potential side flow at W.4A and Y.17 runoff 
stations measuring the streamflow in the Wang and 
Yom Rivers are accounted, to help reduce the reservoir 
releases of BB and SK Dams, respectively (Charoen-
lerkthawin et al. 2021).

(8)	 According to the operational guidelines and current 
practices by EGAT, the minimum water releases of BB, 
SK, KNB, and PS Dams are specified according to the 
ecological need along the river downstream of each 
dam. While the maximum water releases of these dams 
are determined based on the safe channel capacity to 
avoid downstream flooding of each dam.

(9)	 Minimum water storage at the minimum pool levels of 
BB, SK, KNB, and PS Reservoirs are 3,800, 2,500, 36, 
and 3 MCM, respectively and maximum water stor-
age at the maximum pool levels of BB, SK, KNB, and 
PS Reservoirs are 13,462, 9,510, 939, and 960 MCM, 
respectively.

(10)	 In this study, hydropower generation relies on the 
controlled releases of water from BB and SK reservoirs 
through their hydropower plants only.

Multiple reservoir optimization modelling

To formulate the COPs and develop CP models for complex 
multiple reservoir operation in CPYRB, the daily historical 
reservoir data of four major dams, namely, BB, SK, KNB, 
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the entire operational time horizon as expressed in Equa. 
(2). The minimization of the absolute value of excessive 
releases during the refilled period over entire time steps, 
minf2(x), when the storage level exceeds the upper rule curve 
threshold and reservoir releases are substantially greater 
than the targeted water demand, is included in Equa. (3). In 
addition, maximization of next day storage at time t + 1 of 
all reservoirs, maxf3(x), is also specified as given in Equa. 
(4). minf4(x) in Equa. (5) is the minimization of summed 
releases of all reservoirs over operational time steps.

minf1 (x) =
T∑

t = 1

(Di
t - Ri

t)
2 ; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (2)

minf2 (x) =
N∑

t = 1

abs(Si
t - SURCi) ; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (3)

maxf3 (x) = max(Si
t + 1); ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (4)

minf4 (x) = min(
T∑

t = 1

Ri
t); ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (5)

CPM1: constraint programming model 
without incorporating travel time

CPM1 was designed when the targeted water demand input 
at time t was known and potentially supplied by the released 
water from all reservoirs at time t. To formulate the CPM1 
model using GEKKO, a set of input and output variables 
(x1, x2, x3, …, xn) and their domains (D1, D2, D3, …, Dn) 
were accordingly specified. Sets of system constraints (c1, 
c2, c3, …, cn) and objective functions (f1(x), f2(x), f2(x), 
…, fn(x)) were subsequently defined for multi–objective 
optimization.

Objective function–CPM1

Objective function of the CPM1 model, F1(x) was specified 
by following equation;

F1 (x) = w1 ∗ minf1 (x) + w2 ∗ maxf2 (x)
+ w3 ∗ minf3 (x) + w4 ∗ maxf4 (x) � (1)

where weights assigned to each objective, w1, w2, w3, w4 lie 
between 0 and 1 and the summed weight is 1. In this study, 
the equally weighted objectives were determined for multi–
objective optimization. minf1(x) is the minimization of water 
deficit, which is the sum of squared differences between CP 
releases of all reservoirs and targeted water demands over 

Fig. 2  A conceptual diagram showing dam–reservoir system, flow stations, demand nodes, and incorporated travel time of water for the CP–based 
multiple reservoir optimization in the CPYRB
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estimated joint demand and local demand, were also defined 
as decision variables.

DM constraints

The DM constraints were identified in accordance with the 
expected available water storage constraints, AWSDECP Y t 
and AWSDEECONt in the reservoir system for joint 
demand nodes DECPY and DEECON, respectively as given 
in Equa. (7) and Equa. (8).

AWSDECPYt = AWSBB
DECPYt + AWSSK

DECPYt

+ AWSKNB
DECPYt + AWSPS

DECPYt ; t = 1, 2, . . . , T
� (7)

AWSDEECONt = AWSBB
DEECONt + AWSSK

DEECONt

+ AWSKNB
DEECONt + AWSPS

DEECONt ; t = 1, 2, . . . , T
� (8)

where AWSi
DECP Y  and AWSi

DEECON  are the expected 
available water storages of reservoir i for joint demand 
nodes DECPY and DEECON, respectively when the res-
ervoir release for each dam is proportionally allocated to 
meet the estimated joint demand volume, EDi

DECP Y t and 
EDi

DEECONt as well as its local demand and side flow 
constraints. These were constructed based on the reservoir 
water balance principle as expressed from the Equa. (9) to 
Equa. (20).

AWSBB
DECPYt = AWSBB

DECPYt - 1 + {IBB
t - EBB

t - RBB
DELPt

- EDBB
DECPYt + 4 + 0.2*SFBB

t }; forBB ; t = 1, 2, . . . , T
� (9)

AWSSK
DECP Y t = AWSSK

DECP Y t−1 + {ISK
t − ESK

t − RSK
DELNt−

EDSK
DECP Y t+6 + 0.2 ∗ SF SK

t }; forSK ; t = 1, 2, . . . , T
� (10)

AWSKNB
DECP Y t = AWSKNB

DECP −1 + {IKNB
t − EKNB

t

−RKNB
DEKNBt − EDKNB

DECP Y t+3} ; forKNB ; t = 1, 2, . . . , T
� (11)

AWSP S
DECP Y t = AWSP S

DECP Y t−1 + {IP S
t −EP S

t −RP S
DEP St−EDP S

DECP Y t+2}
; for PS & t = 1, 2, . . . , T

� (12)

AWSBB
DEECONt = AWSBB

DEECONt−1 + {IBB
t − EBB

t − RBB
DELP t

−EDBB
DEECONt+8 + 0.2 ∗ SF BB

t }; forBB ; t = 1, 2, . . . , T
� (13)

AWSSK
DEECONt = AWSSK

DEECONt−1 + {ISK
t − ESK

t−10 − RSK
DELNt

−EDSK
DEECONt+10 + 0.2 ∗ SF SK

t }; forSK ; t = 1, 2, . . . , T
� (14)

AWSKNB
DEECONt = AWSKNB

DEECONt−1 + {IKNB
t − EKNB

t

−RKNB
DEKNBt − EDKNB

t+7 )} ; forKNB ; t = 1, 2, . . . , T
� (15)

AWSP S
DEECONt = AWSP S

DEECONt−1 + {IP S
t − EP S

t

−RP S
DEP St − EDP S

DEECONt+6)} ; forPS ; t = 1, 2, . . . , T
� (16)

Decision variables–CPM1

Three decision variables for the CPM1 model needed to 
solve are; (1) daily water releases of all reservoirs at time 
t to satisfy targeted water demand at time t, (2) reservoir 
water storages of all reservoirs at time t + 1, and (3) water 
allocation weights indicating the proportion of joint water 
demand proportionally supplied by each reservoir at time t.

CPM2: constraint programming model 
incorporating travel time

Supplying reservoir water to satisfy the targeted demand 
nodes temporally and spatially is influenced by the travel 
time taken from the dam to different demand nodes. Since 
the actual volume of water demand allocated by each res-
ervoir at time step t is unknown due to the varying travel 
time of reservoir releases from dams to different demand 
nodes, consequently, modelling CPM2 model started with 
establishing the Demand Model (DM) to estimate the pos-
sible water demand for DECPY and DEECON nodes to be 
jointly supplied by all reservoirs at time t under the differ-
ent travel time conditions of released water from dams. The 
CPM2 model, considering the corresponding travel times 
in the release constraints, was then integrated with DM to 
timely pre–release and sufficiently supply to meet the esti-
mated water demand response.

Objective function–DM

The objective function of DM model, F2(x) aims to mini-
mize the summed volumes of estimated total demands, 
EDi

t including EDi
DECP Y t and EDi

DEECONt and local 
demand terms which will be timely allocated by reservoir i 
across all time steps as given in Equa. (6).

F2(x) = min(
T∑

t = 1

EDi
t); ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (6)

Decision variables–DM

The estimated joint demand weights for two joint demand 
nodes, DECPY and DEECON denoted as wi

DECP Y t 
and wi

DEECONt were defined as decision variables. The 
DM model uses these weights to consequently compute 
the estimated joint demand volumes, EDi

DECP Y t and 
EDi

DEECONt for reservoir i across all time steps. Fur-
thermore, RBB

DELP t, RSK
DELNt, Ri

DECP Y t and Ri
DEECONt 

which are the reservoir releases to potentially supply for the 
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requirement and maximum safe channel capacity of each 
dam as given in the Equa. (25). In addition, the available 
water storage after releasing water from each reservoir must 
lie between the minimum and maximum water storages, as 
expressed in Equa. (26).

Ri
min ≤ Ri

t ≤ Ri
max; ∀i = 1, 2, . . . ., N, &t = 1, 2, . . . , T � (25)

Si
min ≤ Si

t ≤ Si
max; ∀i = 1, 2, . . . ., N, &t = 1, 2, . . . , T � (26)

To address flood control constraints specially at BB Dam 
during critical refilling periods, both the CPM1 and CPM2 
models identified the system constraints using flood thresh-
old levels established by EGAT for operational practice as 
detailed in the Equa. (27) to Equa. (30). In these constraints, 
reservoir releases were specified as a function of the pre-
dicted inflows (PI) at time step t which were developed 
using machine learning algorithms (Kraisangka et al. 2022).

RBB
t ≥ 0.3*PIBB

t |12, 157 ≤ SBB
t-1 ≤ 12, 484; forBB� (27)

RBB
t ≥ 0.5*PIBB

t |12, 484 ≤ SBB
t-1 ≤ 12, 810; forBB� (28)

RBB
t ≥ 0.7*PIBB

t |12, 810 ≤ SBB
t-1 ≤ 13, 299; forBB� (29)

RBB
t ≥ PIBB

t |13, 299 ≤ SBB
t-1 ; forBB� (30)

Since hydropower production is treated as a secondary 
objective in reservoir operation, maximization of energy is 
not defined and simulated energy results are not presented 
in this study. However, the hydropower production of BB 
and SK reservoirs is computed as the result of controlled 
releases discharging into the hydropower plants. Based 
on the analysis of hydropower production using historical 
energy records, the calibrated overall efficiencies of the 
hydropower plants were estimated, assuming 24 working 
hours in a day. Consequently, power constraints for both 
CPM1 and CPM2 models are given in the Equa. (31) and 
Equa. (32) where Qi

t is the discharge rate of controlled 
release through hydropower plant measured in cubic meters 
per second.

Gi
t = ei ∗ γ ∗ Qi

t ∗ Hi
t ∗ ∆t ; ∀i = 1, 2 (BB & SK) & t = 1, 2, . . . , T � (31)

Gi
min ≤ Gi

t ≤ Gi
max; ∀i = 1, 2 (BB & SK) & t = 1, 2, . . . , T � (32)

The non–negative restriction on all variables of the problem 
was also defined in the constraint programming model as 
given in Equa. (33).

Si
t , Si

t+1, Ii
t , Ei

t , Ri
t, SF i

t , Gi
t, Hti

t, Hf i
t ≥ 0� (33)

RBB
DELP t ≥ DELPt−0.2 ∗ SF BB

t ; for BB & t = 1, 2, . . . , T � (17)

RSK
DELP t ≥ DELNt−0.2 ∗ SF SK

t ; for SK & t = 1, 2, . . . , T � (18)

Ri
DECP Y t ≥ wi

DECP Y t ∗ EDi
DECP Y t ; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (19)

Ri
DEECONt ≥ wi

DEECONt ∗ EDi
DEECONt

; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T
� (20)

where the estimated joint demand weights assigned by reser-
voir i at time step t is the ratio of expected available storage 
of reservoir i to expected available storage of all reservoirs 
at time step t as expressed in the Equa. (21) and Equa. (22). 
These estimated weights were then used in CPM2, a release 
model incorporating travel time.

wi
DECP Y t = AWSi

DECP Y t

AWSDECP Y t
; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (21)

wi
DEECONt = AWSi

DEECONt

AWSDEECONt
; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (22)

Objective function–CPM2
Objective function of the CPM2 model, F3(x) in Equa. 

(23) is the minimization of the reservoir releases at time step 
t over operational time steps, which will be proportionally 
allocated by each reservoir under the different travel time 
conditions to meet both local and joint water demands.

F3(x) = min(
T∑

t = 1

Ri
t) ; ∀i = 1, 2, . . . ., N, & t = 1, 2, . . . , T � (23)

Decision variables–CPM2
Three decision variables for the CPM2 model are; (1) 

daily water demand volume proportionally shared by each 
reservoir at time t for the different demand nodes, and 
(2) water allocation weights of reservoir i (wi

DECPYt and 
wi

DEECONt) indicating the degree of joint water demand that 
should be proportionally supplied by each reservoir at time 
step t under the different travel time conditions.

System constraints–CPM1 & CPM2
The multiple reservoir operation system in CPYRB is 

primarily governed by the principle of mass balance. Conse-
quently, the fundamental reservoir water balance constraint 
for all reservoirs was included in both CPM1 and CPM2 
models as expressed in the Equa. (24);

Si
t+1 = Si

t + Ii
t−Ri

t−Ei
t−Spilli

t

; ∀i = 1, 2, . . . ., N, &t = 1, 2, . . . , T
� (24)

The decision on reservoir releases in both CPM1 and 
CPM2 models are constrained by the minimum and maxi-
mum releases to ensure the minimum environmental flow 

1 3

  135   Page 10 of 25



Applied Water Science          (2026) 16:135 

RSK
t ≥ DELNt + wSK

DECPYt*DECPYt + 6

+ wSK
DEECONt*DEECONt + 10 - 0.2*SFSK

t ; forSK
� (40)

RKNB
t ≥ DEKNBt + wKNB

DECPYt*DECPYt + 3

+ wKNB
DEECONt*DEECONt + 7 ; forKNB

� (41)

RPS
t ≥ DEPSt + wPS

DECPYt*DECPYt + 2

+ wPS
DEECONt*DEECONt + 6 ; forPS

� (42)

N∑
i = 1

wi
DECPYt = wBB

DECPYt + wSK
DECPYt + wKNB

DECPYt

+ wPS
DECPYt = 1; ∀i = 1, 2, . . . ., N attimet

� (43)

N∑
i = 1

wi
DEECONt = wBB

DEECONt + wSK
DEECONt + wKNB

DEECONt

+ wPS
DEECONt = 1; ∀i = 1, 2, . . . ., N attimet

� (44)

The workflow diagram of the CPM1 and CPM2 optimiza-
tion models for multiple reservoir operation in the CPYRB 
is presented in Fig. 3.

Evaluating the effectiveness of the CP model and 
water resilience in CPYRB

To evaluate the effectiveness of the CP models for reser-
voir optimization in CPYRB, the current multiple res-
ervoir operation of BB and SK Dams from 2000 to 2021 
were preliminarily analyzed. Since the KNB and PS Dams 
were started operating in 2009 and 2003 respectively, the 

Specific constraints–CPM1
For the specific constraints of CPM1 model, the travel 

time of reservoir releases to target demand nodes is not con-
sidered. Consequently, the release constraints from all dams 
highlighting the water scarcity resilience aspect are given in 
the Equa. (34) to Equa. (38) where the summed weights of 
all reservoirs at time step t are equal to 1.

RBB
t ≥ DELPt + wBB

t *DECPYt + wBB
t *DEECONt - 0.2*SFBB

t ; for BB� (34)

RSK
t ≥ DELNt + wSK

t *DECPYt + wSK
t *DEECONt - 0.2*SFSK

t ; for SK� (35)

RKNB
t ≥ DEKNBt + wKNB

t *DECPYt + wKNB
t *DEECONt ; for KNB� (36)

RPS
t ≥ DEPSt + wPS

t *DECPYt + wPS
t *DEECONt ; for PS� (37)

N∑
i = 1

wi
t=wBB

t + wSK
t + wKNB

t + wPS
t = 1� (38)

Specific constraints–CPM2
On the other hand, the travel time of reservoir releases to 

target demand nodes is considered in the specific constraints 
of CPM2 model for effective reservoir management. Conse-
quently, the release constraints from all dams ensuring the 
ability to fully meet the targeted demand are represented in 
Equa. (39) to Equa. (44).

RBB
t ≥ DELPt + wBB

DECPYt*DECPYt + 4

+ wBB
DEECONt*DEECONt + 8 - 0.2*SFBB

t ; forBB
� (39)

Fig. 3  Flowchart of the CP–based multiple reservoir optimization model framework in the CPYRB
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28% of the total release was contributed from medium–sized 
reservoirs, KNB and PS which was substantially increased 
in comparison with the long–term operation. This opera-
tion was taken to protect against downstream flooding and 
avoid these two dams reaching full capacity for dam safety. 
Consequently, the major contribution from the large stor-
age dams, BB and SK, decreased by 9% in the critical flood 
year of 2011. In 2020, the release ratios were adjusted to 
0.31:0.55:0.10:0.04 for BB, SK, KNB, and PS, respectively 
indicating a 10% higher portion of released water from SK 
Dam compared to the long–term operation. It is also empha-
sized that two large storage dams, BB and SK still played 
an important role in supplying downstream water demand 
in critical dry years with an 86% contribution, which was 
higher than the long–term operation, while the remaining 
14% was allocated from KNB and PS.

The analysis of seasonal release ratio among reservoirs 
illustrates that during the wet season, the average release 
ratios were 0.34:0.51:0.08:0.07, 0.32:0.42:0.08:0.18, and 
0.34:0.42:0.06:0.18 in dry, normal, and wet years, respec-
tively. Similarly, during the dry season, the average release 
ratios were 0.35:0.47:0.09:0.09, 0.40:0.47:0.05:0.08, and 
0.46:0.47:0.03:0.04 in dry, normal, and wet years, respec-
tively. Water released from the major storage dams, BB and 
SK, during dry season accounted for 82%, 87%, and 93% 
of the total releases from all dams in dry, normal, and wet 
years, respectively. However, their contribution shifted to 
85%, 74%, and 76% during the wet season. It is noticeable 
that higher portion of water released from large reservoirs 
in dry season likely increased from dry to wet years due to 
the greater water availability potential in reservoirs. During 
the wet season of dry years, the portion of water released 
from BB and SK Dams was 3% higher than in the dry sea-
son of those same years. This increase was driven by the 

reservoir optimizations were implemented from 2009 to 
2021 for KNB Dam and from 2003 to 2021 for PS Dam. The 
analysis of daily and seasonal release ratios of four major 
dams obtained from the CPM1 model were conducted 
and compared with the current operation. In the final step, 
end–of–wet–season storages, annual reservoir releases, and 
increased water availability obtained from both the CPM1 
and CPM2 models were investigated to evaluate water scar-
city resilience potential and recommend release guideline 
trajectory for sustainable reservoir operation in CPYRB.

Result and discussion

Analysis of current multiple reservoir operation in 
CPYRB

To explore the current reservoir operation using rule curve as 
operational guideline in CPYRB, daily historical reservoir 
operation data from 1/1/2000 to 31/12/2021 were analyzed. 
The daily and seasonal release ratios from four main dams 
were investigated to determine short–term and long–term 
reservoir release schemes as shown in Table 2 and Fig. 4. It 
is found that the release ratios averaged from the daily long–
term record were 0.36:0.45:0.06:0.13 for BB, SK, KNB, 
and PS, respectively indicating that 81% of water allocation 
was contributed by two large storage dams; BB and SK and 
the remaining 19% was contributed by KNB and PS. Within 
this, SK contributed a higher release portion compared to 
BB, PS, and KNB, respectively. In addition, the operational 
releases of all dams during critical wet year in 2011 and dry 
year in 2020, were also considerably investigated to exhibit 
the release schemes. In 2011, the release ratios for these four 
main dams were 0.32:0.40:0.12:0.16. This indicates that 

Table 2  Operational release ratios obtained from the current reservoir operation and the CPM1 model
Release Ratio Current Reservoir Operation CPM1 Model without Travel Time Considerations

BB SK KNB PS BB SK KNB PS
Daily Release Ratio
LTa/ 0.36 0.45 0.06 0.13 0.38 0.45 0.06 0.11
WY–2011 0.32 0.40 0.12 0.16 0.42 0.38 0.09 0.11
DY–2020 0.31 0.55 0.10 0.04 0.38 0.43 0.08 0.11
Seasonal Release Ratio
WSb/

• DYc/ 0.34 0.51 0.08 0.07 0.39 0.49 0.05 0.07
• NYc/ 0.32 0.42 0.08 0.18 0.32 0.46 0.06 0.16
• WYc/ 0.34 0.42 0.06 0.18 0.32 0.53 0.03 0.12
DSb/

• DYc/ 0.35 0.47 0.09 0.09 0.41 0.41 0.12 0.06
• NYc/ 0.40 0.47 0.05 0.08 0.43 0.42 0.07 0.08
• WYc/ 0.46 0.47 0.03 0.04 0.49 0.42 0.03 0.06
Remark: a/ LT represents a long–term operation/simulation starting from 1/1/2000 to 31/12/2021. b/ WS is wet season (May.–Oct.) and DS is 
dry season (Nov. –Apr.). c/ DY, NY, and WY are dry year, normal year, and wet year, respectively which are classified based on the established 
threshold of. reservoir inflow data of all dams specified by statistical analysis of historical records
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during the wet seasons of those water years to promptly 
empty the reservoir storage. However, the release portion 
remained constant over the dry season periods (Nov.–Apr.). 
The investigation reveals that the long–term average annual 
inflows for KNB and PS Dams were found to be 1,339 and 
2,236 MCM/yr, respectively, which exceeded their reservoir 
capacity. These high volumes of reservoir inflow indicated 
a greater flood risk, especially during a critical wet year like 
2011 for both KNB and PS Dams. Approximately 91.30% 
and 95.76% of the total inflow during critical wet years 
occurred in the wet season for KNB and PS Dams, respec-
tively. Due to this greater flood risk, the analysis of reservoir 
release indicates that long–term annual releases for KNB 
and PS Dams were 1,305 and 2,030 MCM/yr which were 
very close to the annual inflows. In addition, the seasonal 
releases in wet season were still higher than in dry season 
particularly in normal and wet years to deplete the reservoir 
storages.

CP reservoir simulation results

CPM1: constraint programming model without 
incorporating travel time

Since travel time of water released from dams to targeted 
demand nodes is not considered for the release determina-
tion by the CPM1 model, the optimal sharing release ratios 

large, uncontrollable cultivated area in the CPYIS combined 
with limited effective rainfall. Seasonal water releases from 
SK Dam were consistently higher than those from BB Dam 
across all water years, averaging 47% in the dry season and 
ranging between 42 to 51% in the wet season. This was 
primarily due to the larger reservoir inflow of SK, which 
varied from 3,818 to 11,227 MCM/yr from 2000 to 2020, 
even though the total reservoir capacity of SK Dam is about 
41.56% smaller than BB Dam’s. Conversely, the release 
contribution from BB Dam during the dry season increased, 
ranging from 35% in dry years to 46% in wet years. In con-
trast, this percentage contribution remained constant during 
the wet season, ranging from 32 to 34% across all water 
years.

Moreover, the percentages of release contribution from 
KNB and PS in the dry season were 18%, 13%, and 7% in 
dry, normal, and wet years, respectively, showing a decrease 
across the water year types. Conversely, for the wet season, 
the role of KNB and PS Dams increased, with their release 
portion shifting to 15%, 26%, and 24% in dry, normal, and 
wet years, respectively. Although the KNB and PS Dams 
have comparable storage capacities, PS significantly con-
tributed the higher release during the wet season of the nor-
mal and wet years. However, the release portions of these 
two dams during the wet season of the dry years were rela-
tively closer. Due to greater flash flood risk and high fluctu-
ating inflows, PS Dam released more water than KNB Dam 

Fig. 4  Historical operational release ratios for BB–SK–KNB–SK Dams in the CPYRB, showing both daily and average monthly and seasonal data
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the extremely peak annual inflow of BB, reaching 12,726 
MCM/yr, which was + 13.36% higher than the reservoir 
inflow of SK in that year. Therefore, the CPM1 model pre-
sented more realistic daily release schemes for both BB and 
SK Dams, increasing the contribution of BB up to + 10% 
relative to the actual operation in 2011. To balance water 
availability and water storage levels in two large reservoirs, 
BB and SK during the critical drought year of 2020, the 
CPM1 model elevated the contribution of BB to release 
by + 7% due to higher initial water storage in prior year of 
2019 while decreasing the contribution of SK by –13%, 
relative to the current operation. This led to a rational and 
realistic operation that achieved the long–term desired goal 
of CPM1 model in enhancing end–of–wet–season water 
storages in the reservoir system for irrigation purposes.

During both long–term and critical short–term opera-
tions, the CPM1 model consistently allocated 80% to 
83% of water from BB and SK Dams, demonstrating its 
ability to manage water storage in large reservoirs. Con-
versely, current operation showed a wide fluctuation in 
release contribution from these dams which range from 75 
to 86% depending on the varying water conditions. Con-
sistent with the current operation during the wet season, 
the CPM1 model allocated a higher reservoir release for 
SK than BB, with the release ratios for BB, SK, KNB, and 
PS Dams of 0.39:0.49:0.05:0.07, 0.32:0.46:0.06:0.16, and 

among dams at the same time steps can accordingly be gen-
erated. To compare with the current reservoir operation, 
the daily and seasonal release ratios are exhibited as shown 
in Table 2 and Fig. 5. For long–term operation, the CPM1 
model recommended slightly increasing the release ratio of 
BB Dam and slightly decreasing the release ratio for the PS 
Dam. However, the release ratios for BB, SK, KNB, and PS 
Dams were 0.38:0.45:0.06:0.11, respectively which were 
very close to the current operation of 0.36:0.45:0.06:0.13. It 
is indicated from the CPM1 results that 83% of water alloca-
tion was contributed by two large storage dams, BB and SK, 
with the remaining 17% contributed by two medium storage 
dams, KNB and PS. While the majority of water allocation 
released from SK Dam remains similar to current operation, 
the CPM1 model indicates that the long–term operational 
role of BB was increased by + 2%, whereas water released 
from PS was decreased by –2%.

In critical flood and drought years, the CPM1 model 
demonstrated the different daily water release schemes by 
substantially increasing the contribution from BB Dam com-
pared to the current operation. As a result, the release ratios 
for four main dams were altered to 0.42:0.38:0.09:0.11 in 
2011 and 0.38:0.43:0.08:0.11 in 2020. It is revealed from 
the results of CPM1 that the major contribution for water 
allocation, particularly during the critical flood year in 2011, 
was from BB, which exceeded that of SK. This was due to 

Fig. 5  Operational release ratios obtained from CPM1 model for BB–SK–KNB–SK dams in the CPYRB, showing both daily and average monthly 
and seasonal data
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82.54%, 29.70%, and 53.45% of total storage capacity for 
BB, SK, KNB, and PS reservoirs, respectively. These values 
were mostly greater than those of the current operation for 
all dams except KNB, exhibiting a balancing management 
for both flood control and water scarcity in the region.

In terms of reservoir releases, the CPM1 model could 
provide similar annual release patterns for all reser-
voirs, showing small percentage discrepancies of average 
long − term annual releases of − 3.14%, − 2.92%, + 2.83%, 
and − 0.31% for BB, SK, KNB, and PS Dams, respectively. 
These figures are equivalent to release volume discrepancies 
of − 163, − 174, + 37, and − 6  MCM/yr for BB, SK, KNB, 
and PS Dams, respectively. In addition, the average annual 
release volumes of all reservoirs for both current operation 
and CPM1 model varied substantially across water years, 
indicating small volumes in dry years and larger volumes in 
wet years. It is investigated that the average long − term and 
accumulated annual releases for KNB, as simulated by the 
CPM1 model, were slightly greater than the current opera-
tional releases, while the annual releases for PS were slightly 
less. This difference is beneficial for flood control operation 
at medium − size reservoirs, as the available water storages 
for KNB and PS were properly maintained at 67.94% and 
85.31% of their storage capacities, respectively, at the end 
of the wet season. This reduced flood risks while reserving 
water for the subsequent planting dry season. Moreover, it is 
revealed that the daily release schemes among reservoirs in 
the system were significantly altered driven by the multiple 
goals of CPM1 model, system constraints, water demand 
conditions and specific model settings within the CPYRB. 
This resulted in changes and fluctuations in long − term 
annual releases among reservoirs in comparison to the 
current operation, considerably varying from − 37.67% 
to + 38.47% for BB, − 71.68% to + 33.04% for SK, − 54.60% 
to + 46.79% for KNB, and − 33.23% to + 18.71% for PS. 
Consequently, these fluctuations led to substantial changes 
in end − of − wet − season storages in all reservoirs. How-
ever, average long–term annual releases for CPM1 were 
not significantly different from the current operation. This 
guarantees that employing the CPM1 model for reservoir 
optimization in CPYRB could help ensure increased water 
storage levels, indicating its capability to manage water scar-
city as water demand rises. Furthermore, these daily release 
schemes of all reservoirs achieved by the CPM1 model can 
be used to establish weekly, monthly, and seasonal release 
trajectory guidelines and annual water allocation plans to 
support the planning task of the reservoir system.

Remark: Operational periods for KNB, and PS Dams 
have started since 2009 and 2003, respectively.

0.32:0.53:0.03:0.12 in dry, normal, and wet years, respec-
tively. Importantly, during the dry season across water years, 
the proportion of water release supplied by BB Dam for 
the CPM1 model was substantially greater than or equal to 
that of SK Dam, with release ratios of 0.41:0.41:0.12:0.06, 
0.43:0.42:0.07:0.08, and 0.49:0.42:0.03:0.06 in dry, normal, 
and wet years, respectively. This emphasizes that the con-
tribution role of BB Dam in supplying water demands by 
the CPM1 was elevated during the wet season up to + 5% 
particularly in dry years in comparison to current opera-
tion. Moreover, the CPM1 model resulted in a substantial 
increase in reservoir release from BB Dam during the dry 
season across all water years, showing + 6% higher release 
in dry years, + 3% higher in normal years, and + 3% higher 
in wet years, compared to the current operation.

To emphasize the potential of increasing water availabil-
ity in reservoirs at the beginning of dry season achieved by 
CPM1 model, the end–of–wet–season storages of all dams 
and annual releases were analyzed and compared with the 
current operation. The results of reservoir storage increase 
in both percentage and volume, are presented in Table 3. It 
is demonstrated that the CPM1 model could substantially 
increase water storage in BB and SK reservoirs by the end 
of wet season up to + 15.73% and + 16.36%, respectively in 
comparison with the current operation. In the other words, 
holding additional water of + 1,454 and + 1,258 MCM/yr in 
two large storage reservoirs before the dry season started 
by CPM1 model, could help moderate water scarcity over 
planting dry season. Conversely, the CPM1 model mostly 
resulted in a decrease in both average annual water stor-
age and end − of − wet − season storage levels for KNB and 
PS reservoirs compared to current operation. Specifically, 
end − of − wet − season storage levels decreased by approxi-
mately − 12.20% and − 3.20%, respectively, resulting in vol-
ume reductions of − 89 and − 27 MCM/yr. This reduction 
was beneficial for flood control purposes, as the physical 
characteristics of these medium − sized dams limit their 
upper storage capacity to avoid flooding. In addition, due 
to higher annual releases in the reservoir system of + 123 
MCM/yr during critical wet years, the CPM1 model could 
significantly lower the net storage levels at the end of wet 
season for all dams by –5.55%, –1.18% and –0.57% in 
2002, 2006, and 2011, respectively. This resulted in a water 
storage reduction during critical wet years which varied 
from –141 to –1,245 MCM/yr compared to the observed 
water storages. Conversely, during critical dry years of 
2014, 2015, 2019, and 2020, the long–term operation of 
the CPM1 model in the CPYRB led to an increase in net 
water storage for all dams at the end of wet season, ranging 
from + 25.36% to + 56.47%. Based on the long − term analy-
sis, the average available water storage levels from 2000 to 
2020 achieved by CPM1 model were kept up to 69.56%, 
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CPM2: constraint programming model incorporating travel 
time

The end–of–wet–season storages of all dams and annual 
releases accomplished by the CPM2 model were analyzed. 
Compared to the current operation as shown in Fig. 6, the 
CPM2 model resulted in increased water storage levels in 
SK, KNB, and PS reservoirs at the end of wet season up 
to + 12.52%, + 28.39% and + 11.48%, respectively. How-
ever, storage in BB reservoir slightly decreased by − 0.48%. 
In terms of storage volumes, these figures showed dis-
crepancies of − 44, + 962, + 206, and + 97 MCM/yr for BB, 
SK, KNB and PS Dams, respectively. In other words, the 
increased volume of total water storage achieved by the 
CPM2 model was approximately + 1,265 MCM/yr enhanc-
ing drought risk mitigation especially during critical dry 
years of 2014, 2015, 2019, and 2020 when reservoir storages 
in all dams were substantially increased. Compared with the 
CPM1 model, the end–of–wet–season storage patterns by 
CPM2 model from 2000 to 2020 for the BB and SK Dams 
were likely similar, but their patterns were apparently differ-
ent for the KNB and PS Dams. It is revealed that CPM2 pro-
vided lower end–of–wet–season storage levels of − 16.26% 
and − 3.41% at BB and SK Dams, respectively while provid-
ing higher end–of–wet–season storage levels of + 31.62% 
and + 3.15% at KNB and PS Dams compared to CPM1 
model. However, the CPM2 model resulted in a considerable 
decrease in end–of–wet–season storage levels in the reser-
voir system with discrepancy of –1,375 MCM/yr compared 
to CPM1 model to help moderate flooding. In addition, dur-
ing the critical wet years of 2002, 2006, and 2011, the CPM2 
model substantially lowered the end–of–wet–season storage 
levels in the four dams by − 13.74%, − 5.98%, and − 7.34%, 
respectively, in comparison to the current operation. Com-
pared to the CPM1 model, the CPM2 model provided larger 
reservoir vacancy to handle flooding in critical wet years. In 
contrast, during critical dry years of 2014, 2015, 2019, and 
2020, the long–term operation of the CPM2 model led to an 
increased volume in net water storage across all dams at the 
end of wet season, ranging from + 30.00% to + 40.78% com-
pared to the current operation. This was slightly lower than 
those obtained from CPM1 model. However, it enhanced 
the ability to efficiently supply irrigation water from dams 
throughout the cultivation periods during dry years. This 
was due to increased water availability in reservoirs at the 
beginning of the dry season, especially during critical dry 
years. This operation reflects effective management to cope 
with flooding, as the CPM2 properly maintained reservoir 
storage space corresponding to high varying inflows. More-
over, based on the long − term analysis to recognize and 
exhibit reservoir depletion as a means to moderate flooding, 
the average available water storage levels from 2000 to 2020 

Ye
ar

W
at

er
 Y

ea
r

Av
g.

 E
nd

–o
f–

W
et

–S
ea

so
n 

St
or

ag
e 

(M
C

M
)

A
nn

ua
l R

el
ea

se
 (M

C
M

)
O

bs
er

ve
d 

St
or

ag
e

C
P 

St
or

ag
e

O
bs

er
ve

d 
R

el
ea

se
C

P 
R

el
ea

se
B

B
SK

K
N

B
PS

B
B

SK
K

N
B

PS
B

B
SK

K
N

B
PS

B
B

SK
K

N
B

PS
20

12
N

Y
8,

67
5

6,
58

7
73

2
77

8
8,

06
3

7,
73

8
93

9
94

1
9,

18
5

8,
15

3
1,

21
1

1,
14

6
8,

56
3

6,
40

2
1,

06
5

1,
01

9
20

13
N

Y
7,

06
1

5,
93

2
89

5
96

3
7,

32
9

7,
90

1
93

9
96

0
4,

30
3

4,
28

5
1,

53
3

2,
11

0
3,

53
3

3,
82

4
1,

42
9

2,
11

8
20

14
D

Y
6,

02
5

5,
84

1
78

4
81

7
7,

02
2

8,
58

6
93

9
96

0
3,

93
9

4,
30

0
92

4
1,

15
1

3,
25

5
3,

59
5

1,
03

3
1,

13
3

20
15

D
Y

4,
98

4
4,

90
6

41
3

64
0

5,
51

0
7,

98
1

87
5

95
9

2,
68

0
4,

71
2

79
2

84
6

3,
18

7
4,

15
7

55
3

63
1

20
16

N
Y

6,
80

5
7,

65
7

94
6

98
5

6,
87

5
8,

99
2

93
9

96
0

1,
45

1
3,

10
3

96
7

2,
09

6
2,

01
5

4,
84

7
1,

35
2

2,
38

7
20

17
N

Y
10

,5
64

8,
38

9
97

5
95

8
9,

81
3

8,
99

5
93

9
96

0
2,

72
6

4,
71

6
2,

66
3

3,
70

6
3,

54
4

5,
42

3
2,

65
0

3,
66

0
20

18
N

Y
9,

70
6

8,
34

8
74

0
74

1
9,

55
7

8,
74

5
93

9
96

0
6,

19
3

7,
44

8
1,

16
3

2,
29

7
5,

30
4

7,
25

7
1,

03
0

2,
13

9
20

19
D

Y
5,

93
4

5,
29

4
49

6
35

1
7,

25
1

8,
09

2
93

4
72

2
5,

62
8

6,
16

9
75

6
54

7
4,

10
9

4,
05

0
53

5
42

1
20

20
D

Y
5,

46
4

5,
81

9
46

3
70

9
6,

74
0

8,
46

7
93

9
96

0
2,

15
8

3,
81

1
64

1
27

7
2,

41
3

3,
97

5
57

7
43

0
Av

g
9,

24
6

7,
68

6
72

7
84

6
9,

20
1

8,
64

9
93

3
94

3
5,

19
8

5,
96

5
1,

30
6

2,
03

0
5,

12
6

5,
83

7
1,

26
3

2,
01

7
Vo

lu
m

e 
In

cr
ea

se
d 

(M
C

M
)

–4
4

 +
 96

2
 +

 20
6

 +
 97

–7
2

–1
28

–4
2

–1
3

Pe
rc

en
t I

nc
re

as
e 

(%
)

–0
.4

8
 +

 12
.5

2
 +

 28
.3

9
 +

 11
.4

8
–1

.3
8

–2
.1

5
–3

.2
5

–0
.6

6

Ta
bl

e 
3 

(c
on

tin
ue

d)

 

1 3

Page 17 of 25    135 



Applied Water Science          (2026) 16:135 

Fig.  6  Comparison of end–of–wet–season storages and annual reservoir releases of BB–SK–KNB–SK dams obtained from CP models and 
observed data
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resulted in substantial changes in end–of–wet–season stor-
ages in the reservoir system, thereby ensuring higher water 
storage levels to mitigate water scarcity during the planting 
season.

The explicit integration of travel time significantly 
changes the optimization process compared to CPM1. In 
CPM1, it is assumed that releases from each reservoir at 
time step t are instantly available to meet local and joint 
demands at the same time step. This simplification enables 
the model to respond directly to current demand and side–
flow conditions, often prioritizing maximizing end–of–wet–
season storage while satisfying aggregate demand in each 
period. However, in CPM2, water released from the BB, 
SK, KNB, and PS reservoirs contributes to meeting joint 
demand only after a delay of 2 to 10 days. This is reflected 
in the adjusted demand terms in the Demand Model and the 
release constraints. Consequently, CPM2 must pre–release 
water several days in advance to ensure that the required 
volumes reach the DECPY and DEECON nodes in align-
ment with demand schedules. This anticipatory approach 
links current release decisions to future storage and demand 
conditions. It results in smoother and earlier release pat-
terns, especially during the transition between wet and dry 
seasons, but limits the ability to maximize terminal stor-
age to the same degree as CPM1. Therefore, the resulting 
release sequences demonstrate a careful trade–off between 
maintaining end–of–wet–season storage and ensuring 
timely, consistent water deliveries to downstream irrigation 
and ecological demand nodes.

Evaluation of water resilience in CPYRB

Water resilience for reservoir operation refers to the abil-
ity of the reservoir systems to recover from water stress 
challenges and adjust their systems to handle future water 
scarcity and flood risks. This ensures reliability of water 
supply source in reservoirs and provides effective flood con-
trol measures under varying climate conditions and rising 
water demand (Wang and Blackmore 2009). In this study, a 
comparison of the CPM1 and CPM2 simulated operational 
results highlighting importance of water scarcity resilience 
in the CPYRB, was conducted. It is demonstrated that both 
models potentially secured resilience by increasing water 
availability in reservoirs prior to the start of cultivation 
periods in dry season (Nov.) with 2,712 and 1,265 MCM/
yr, respectively as shown in Fig. 7. Compared to the water 
demand in dry season (Nov.–Apr.) from 2009 to 2020 when 
four main dams were fully operated, the reservoir opera-
tion system exhibited effective recovery from water scarcity 
particularly in critical dry years (2015 and 2018–2020) due 
to increased water availability in reservoirs to supplement 
the existing supply. This indicates that reservoir operation 

of CPM2 model were kept up to 57.78%, 79.55%, 85.25%, 
and 78.40% of total storage capacity for BB, SK, KNB, and 
PS reservoirs, respectively. These storage levels generally 
lie below the average value of designed Upper Rule Curve 
(URC) of each dam, thus demonstrating a balancing man-
agement strategy for both flood control and water scarcity.

In terms of long–term annual releases, the CPM2 model 
more closely replicated the current operation patterns than 
the CPM1 model across all dams. The small percentage dif-
ferences of their average values compared to the current 
operation were –1.38%, –2.15%, –3.25%, and –0.66% for 
BB, SK, KNB, and PS, respectively. It is also exhibited 
that the annual release patterns done from CPM2 model 
were really close to CPM1 model with the discrepancy 
of + 1.78%, + 0.79, –6.33%, and –0.35% BB, SK, KNB, and 
PS, respectively. In other words, the CPM2 recommended 
supplying higher annual release volumes for BB and SK 
Dams but slightly lower volumes for KNB and PS Dams. 
Similar to current operation and the CPM1 model, the aver-
age annual release volumes of all reservoirs for CPM2 
model varied substantially across water years, indicating 
smaller volumes in dry years and larger volumes in wet 
years. Compared to the current operation, the total release 
volumes in all reservoirs obtained from CPM2 model were 
–15.50%, –2.73%, and + 8.79%, during dry, normal, and 
wet years respectively. In comparison, the total release vol-
umes in all reservoirs as the results of CPM1 model were 
–15.24%, –3.32%, and + 9.18% during dry, normal, and wet 
years, respectively. The decreases in annual releases from 
these two models particularly during critical dry years rea-
sonably led to a substantial increase in water storage at the 
end of wet season. Conversely, the significant increases in 
annual release during wet years relatively resulted in the 
considerable decreases in reservoir water storages. Further-
more, these operations by the CP models were in accordance 
with the fluctuation of total reservoir inflows in the reservoir 
system, which varied from smaller values in dry years to 
greater values in wet years.

Similar to the results of the CPM1 model, it is found that 
the daily release schemes among reservoirs in the system 
were significantly adjusted in response to the multiple goals 
of the CPM2 model, system constraints, water demand con-
ditions, and specific model settings within the CPYRB. This 
led to substantial changes and high fluctuations in long − term 
annual releases among reservoirs, with a wide range 
from − 36.97% to + 33.99% for BB, − 52.32% to + 35.98% 
for SK, − 75.76% to + 28.48% for KNB, and − 34.07% 
to + 35.58% for PS, respectively, compared to the current 
operation. However, the average value of long − term annual 
releases obtained by the CPM2 model showed only a small 
discrepancy in comparison with the current operation. This 
operation recommended by the CPM2 model consequently 
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impacted the field level irrigation efficiency leading to water 
stress and reduced crop yield production of specific crops.

The differing behaviors of CPM1 and CPM2 illustrate a 
significant trade–off between maximizing storage and ensur-
ing operational practicality. CPM1, which overlooks travel 
time, manages to retain more water in the major storage res-
ervoirs by the end of the wet season, representing the maxi-
mum potential for system–wide resilience against water 
scarcity based on storage levels. However, this approach 
has the drawback of ignoring the time lag between water 
releases and actual downstream demand, which can lead to 
delayed water deliveries and misalignment between reser-
voir releases and crop water needs in irrigation areas. On 
the other hand, CPM2 forgoes some of the potential storage 
capacity in the BB and SK reservoirs to better accommo-
date travel–time–dependent demand satisfaction. This strat-
egy also allows the maintenance of larger storage vacancies 
in KNB and PS for flood risk mitigation. As a result, the 
release patterns from CPM2 align more closely with opera-
tional practices, thereby addressing the timing of irrigation 
deliveries and the need to preserve flood–control capacity 
in flood–prone downstream areas. In summary, CPM1 and 
CPM2 represent alternative operational strategies that exist 
on a continuum, balancing the goal of maximizing water 
storage at the end of the wet season with the need for a real-
istic and implementable operating policy.

Comparative analysis of CP models with other 
optimization approaches

To investigate the competency of CP models for large–scale 
multiple reservoir operation in CPYRB, a comparative anal-
ysis was accordingly conducted. This analysis compared the 
simulated annual releases achieved by the CPM1 and CPM2 
models for BB and SK Dams with those of other optimi-
zation techniques previously studied in CPYRB, using the 
same datasets and similar system constraints. Three main 

system could be restored to the normal state after encoun-
tering water scarcity by reason of uncontrolled expansion of 
rising cultivated area size during the dry season.

Because of the different manners of optimization struc-
tures, time–dependent side flow conditions, and travel time 
factors considered, the CPM1 and CPM2 models generated 
different daily release schemes for long–term operation 
covering extreme weather events in the basin. However, the 
end–of–wet–season storages for BB and SK Dams espe-
cially in dry and normal years were significantly increased 
by both CPM1 and CPM2 models which were beneficial for 
mitigating water scarcity in subsequent planting seasons. 
Furthermore, these developed models could properly main-
tain available water storage levels over a year in an accept-
able range of flood control risks for all dams particularly in 
critical wet years in 2002, 2006, and 2011. Consequently, 
this operation, in particular the CPM1 model, helps moder-
ate the flood risks of sudden full reservoir filling, especially 
at KNB and PS Dams, during the monsoon season. How-
ever, reservoir storage levels in all dams were substantially 
increased by the end of wet season to supply water through-
out the dry season. This reflected the enhanced flood resil-
ience and improved reservoir operation performances for 
water scarcity in CPYRB when the CPM1 and CPM2 mod-
els were deployed. By incorporating travel times between 
releases from different dams and the various demand nodes, 
CPM2 offered more realistic and effective operations to 
timely and spatially distribute water in the irrigation farm 
area than CPM1. This ensured that water was supplied at 
various water distribution zones at the right time of use 
while satisfying system–wide objectives and time–depen-
dent constraints. Since CPM1 model neglected the travel 
time in modelling process and generated similar patterns of 
end–of–wet–season storages for all dams compared to the 
observed operation, the lumped reservoir water allocated 
from all dams at the same time steps might possibly result 
in untimely irrigation within the GCPYIS. This possibly 

Fig. 7  Comparison of dry season 
water demand with increased 
water availability accomplished by 
CP models at the start of the dry 
season (Nov.)
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Fmincon, and ANFIS, respectively. For the CPM2 model, 
most of these correlation coefficients were slightly lower 
specifically 0.8541, 0.8975, 0.9394, and 0.8972 for observed 
releases, DRL, Fmincon, and ANFIS, respectively as pre-
sented in Table 4. However, these two types of CPM models 
showed the strongest correlation with non–linear optimiza-
tion programming using fmincon function. Compared to 
the current operation, the percentage differences in aver-
age total releases performed by the different optimization 
models were –4.19% (DRL), + 2.58% (Fmincon), + 2.15% 
(ANFIS), + 1.71% (CPM1), and + 1.55% (CPM2), respec-
tively. Importantly, the CPM2 models, which exhibited the 
smallest discrepancy in average total releases from the BB 
and SK Dams, demonstrated a strong long–term quantita-
tive agreement with the current operation. Moreover, the 
CPM1 models demonstrated a significant advantage over 
these optimization models in view of increasing the long–
term end–of–wet season storage levels of two main stor-
age dams, achieving + 15.73% (BB) and + 16.36% (SK). By 
comparison, the Fmincon model increased water storage 
by + 12.48% (BB) and + 5.23% (SK) (Kyaw et al. 2022), and 
the ANFIS model achieved + 6.94% (BB) and + 1.62% (SK) 
(Kyaw et al. 2024), while the DRL model targeted stor-
age increase of approximately + 15% for both BB and SK 
Dams (Phankamolsil et al. 2025). This assures the crucial 
role of CP models in multiple reservoir operation and their 
ability to significantly enhance water scarcity resilience in 
the CPYRB due to increased water availability in major 
reservoirs.

techniques were selected including Deep Reinforcement 
Learning (DRL) (Phankamolsil et al. 2025), non–linear 
optimization programming (Kyaw et al. 2022), and Adap-
tive Neuro Fuzzy Inference System (ANFIS) (Kyaw et al. 
2024) applied for reservoir optimization in CPYRB. The 
multi–agent–based DRL model was constructed using deep 
deterministic policy gradient algorithm, to provide compre-
hensive and flexible plans for reservoir operation planning 
in the CPYRB aiming to mitigate flood and drought risks. 
The non–linear optimization technique using Fmincon func-
tion was adopted for BB and SK reservoir operation sys-
tem to address water scarcity in the basin. In addition, the 
ANFIS–based reservoir operation model for BB and SK 
Dams was also developed to aid the reservoir operation sys-
tem in water scarcity and flood moderation. The comparison 
of observed (OBS) and simulated annual reservoir releases 
for BB and SK Dams using DRL, Fmincon, ANFIS, and CP 
models, is presented in Fig. 8.

It is revealed that the CPM1 and CPM2 models gen-
erated the similar long–term annual release patterns of 
the two main storage dams with other optimization tech-
niques. The statistical correlation of total annual releases 
between CPM1 and CPM2 models was very close to each 
other, with a correlation coefficient of 0.9945, although the 
release ratios for BB and SK Dams achieved by the CPM1 
and CPM2 models were substantially different. The CPM1 
model generally exhibited a closer correlation with cur-
rent operation and other optimization techniques than the 
CPM2 model. These correlation coefficients were 0.8924, 
0.8684, 0.9611, and 0.9258 for observed releases, DRL, 

Table 4  Statistical correlation of total reservoir releases for BB and SK Dams compared to CP models and other optimization techniques
OBS DRL Fmincon ANFIS CPM1 CPM2

OBS 1
DRL 0.6744 1
Fmincon 0.9481 0.7525 1
ANFIS 0.9497 0.6690 0.9890 1
CPM1 0.8924 0.8684 0.9611 0.9258 1
CPM2 0.8541 0.8975 0.9394 0.8972 0.9945 1

Fig. 8  Comparison of total reser-
voir releases for BB and SK Dams 
from the DRL–Fmincon–ANFIS–
CP models
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methods that require repeated training episodes (as seen in 
DRL) or extensive hyperparameter tuning (as in ANFIS), CP 
models offer a deterministic and reproducible framework. 
This allows for explicit control over constraint satisfaction, 
computational effort, and multi–objective trade–offs.

Limitations and future work

The CP models developed in this study rely on several 
assumptions regarding system inputs and dynamics. The 
optimization process and its modelling require a range of 
reservoir inputs: water balance–based data for all reservoirs, 
spatially distributed demands estimated for both local and 
joint demand points, and downstream potential side flow 
measured at key gauged stations. The daily reservoir opti-
mization models with and without travel time delays were 
developed to consider flow dynamics in the river–reservoir 
system. However, capturing sub–daily flow dynamics in 
the CP models to describe the actual flow dynamics could 
not be possible since the system inputs were collected and 
estimated on the daily basis only. It is revealed that annual 
patterns of end–of–wet–season storages from the CPM2 
model for all reservoirs, particularly at the KNB and PS 
Dams, deviated distinctly from those obtained from the 
CPM1 model and observed data. This result emphasizes that 
a delayed release of water from a dam due to travel time is 
one of the reasons significantly influencing the daily release 
scheme and storage changes among all reservoirs in the 
system. Since reservoir inflow, water demand, and poten-
tial side flow are key state variables that dictate the release 
determination and impact the performance of multiple res-
ervoir operation system by CP models. Historical and future 
reservoir inflows are the primary driver of changes in water 
storage that represents water availability in reservoir system. 
Meanwhile, water demand determines the required release 
to be supplied from dams. Downstream side flow is also 
considered as key variable to reduce amount of dam release 
when it is potentially enough to meet the target demand. In 
other words, CP modelling is sensitive to these state vari-
ables, which directly impact reservoir storage changes and 
reservoir release schemes. Therefore, future research should 
focus on incorporating hydrological forecasts specifically 
reservoir inflow and downstream side flow from tributar-
ies alongside water demand projections in all water sectors 
as input variables within the CP model to robustly support 
forecast–informed operations. Furthermore, to rationalize 
water supply particularly during the dry season, adjusting 
the delivery percentage based on available reservoir stor-
age within the CP models is recommended. This aligns with 
hedging policy principles designed to uniformly distribute 
anticipated deficits over time, thereby moderating the peak 
severity of droughts and extending water availability for 

The superior performances of CP models relative to DRL, 
NLP (specifically Fmincon), and ANFIS can be attributed to 
several structural advantages inherent in the CP formulation. 
First, the key hydrological and operational rules govern-
ing multi–reservoir operation in the CPYRB are explicitly 
encoded as constraints that any feasible solution must sat-
isfy. These rules incorporate reservoir mass balance, storage 
limits, minimum ecological flow requirements, maximum 
safe channel capacities, side–flow utilization, flood thresh-
old releases, and hydropower operating limits. Moreover, 
the multi–objective design of the models CPM1 and CPM2 
aims to simultaneously minimize water deficits and exces-
sive releases, maximize next–day storage, and minimize 
total releases over the planning horizon. This approach 
enables CP models to explore release trajectories that are 
both physically feasible and aligned with multiple system–
wide performance criteria, rather than relying on penalty 
terms or post hoc rule adjustments to enforce constraints. 
Second, constraint propagation within the CP framework is 
crucial for eliminating infeasible or undesirable release pat-
terns early in the search process. Because the constraints are 
applied jointly across time, reservoirs, and demand nodes, 
any proposed change in releases that could violate flood 
thresholds, deplete storage below minimum levels, or fail 
to meet time–shifted demands is rejected promptly. This 
mechanism reduces the effective search space and guides 
the solver toward release policies that balance water–supply 
reliability, storage preservation, and flood–risk reduction. 
In contrast, DRL and ANFIS learn release policies from 
historical or simulated data, which may not ensure strict 
satisfaction of constraints in all scenarios, especially dur-
ing extreme inflow conditions. Furthermore, classical NLP 
approaches like Fmincon typically require meticulous tun-
ing of penalty weights and initial guesses to manage a large 
number of complex, interacting constraints.

From a computational perspective, the CP–based formu-
lations offer significant improvements while maintaining 
acceptable runtimes for long–term, daily–scale optimiza-
tion. For example, on a MacBook Pro 2020 (with a 2.0 GHz 
Quad–Core Intel Core i5, 16 GB RAM, and running macOS 
12 Monterey), solving the complete horizon across the 
entire dataset (approximately 20 years) takes about 4 h for 
both CPM1 and CPM2. However, in practical applications, 
models are typically run over a shorter rolling horizon (e.g., 
30  days), which greatly reduces computational time and 
makes the approach suitable for near–real–time decision 
support. This reduction in computation time is substantial 
compared to the long–term retrospective simulations con-
ducted here, indicating that the CP–based formulations 
are computationally feasible for practical decision–mak-
ing applications while still strictly adhering to all hydro-
logical and operational constraints. In contrast to alternative 
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