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ABSTRACT

The significance of water resource management is undeniable, and optimizing reservoir
operations for hydropower generation, irrigation, and flood mitigation is a profound task.
To accomplish this, a variety of optimization approaches and procedures were employed.
Ant colony optimization (ACO) techniques are employed in this study for reservoir
operation, where a collection of cooperative agents called ants can achieve near-optimal
reservoir operation. To use ACO algorithms, a finite horizon with an inflow time series
is a primary assumption. The Mahanadi Reservoir Project comprises a multireservoir
system, which makes the optimum operation complex and uncertain for such a reservoir.
Furthermore, the ACO technique was employed to optimize the operation of the
Mahanadi Reservoir Project Complex. Traditional water resource optimization models
have failed due to the increasing number of decision variables and time constraints. The
ACO model outperforms the existing operational policy, and the average percentage
change in reliability, resilience, and sustainability suggests an increase of up to 12.79%,
3.98%, and 15.48%, respectively, while the vulnerability is reduced by up to 10.28%.
Therefore, the ACO algorithm is a novel and promising method for finding optimal
reservoirs. It is worth investigating for future applications in the field of water resource
systems.
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INTRODUCTION

When managing water resources, a set of laws and regulations must be followed to attain
a specified aim. As a result, when we talk about attaining a goal, it is clear that we are not
talking about producing a perfect product but rather about determining the best way to
achieve the goal within the restrictions of our resources (Opricovic et al., 1991). In recent
environmental goals, large dams are frequently erected for many objectives, such as flood
control, irrigation, and electricity generation, and a substantial study has been performed
to optimize reservoir operation (Mezenner et al., 2022). The key research strategies aim
to optimize release and storage volume by analyzing changes in inflow and demand
(Reddy et al., 2005; Kapelan, 2005). Currently, due to water shortages, the global
freshwater supply to fulfill the demands of different sectors is decreasing continuously
(Jury and Vaux, 2007; Rijsberman, 2006; Sahu et al., 2022b; Mehta and Yadav, 2020).
Thus, the factors that contribute to this include urbanization, land use and land cover
changes, climate change, land degradation, population growth, and improper water
resource management (Azharuddin et al., 2022; Larson et al., 2013; Sahu et al., 2021a;
Ghashghaie et al., 2014; Sahu et al., 2022a; Mehta et al., 2013a). Therefore, to overcome
these problems and fulfill the freshwater availability and energy demands of different
sectors, it will be necessary to develop optimal operating policies for multireservoir
systems (Guo et al., 2011; Zhou et al., 2014; Pandey et al., 2022).

Many researchers have studied the steady-state operation policies of reservoirs
throughout the world to obtain the optimal release of water and storage volume
considering inflows (Azizipour et al., 2016; He et al., 2014; Lu et al., 2013; Cheng et al.,
2008). Furthermore, most reservoir operation research has focused on specific goals, such
as irrigation systems (Birhanu et al., 2014; Mehta et al., 2013b), hydroelectric power
production (Azizipour et al., 2016; Lu et al., 2013; Cheng et al., 2008), and flood control
measures (He et al., 2014; Pradhan et al., 2022; Dhiwar et al., 2022; Sahu et al., 2021b;
Patel et al., 2018; Mehta et al., 2022; Mehta et al., 2020; Mangukiya et al., 2022).
Currently, the optimal operation policy for reservoir operation has become significantly
important, and researchers are still searching for the best one. Many researchers have
proposed and reviewed different reservoir operations models and algorithms (Rani and
Moreira, 2010; Wurbs, 1993; Yeh, 1985). Labadie (2004) has extensively reviewed and
examined the different optimization techniques and concluded that there are no
universally specified techniques for the optimal operation of multireservoir systems,
whereas Rani and Moreira (2010) have studied and evaluated that optimization models
necessarily require simulation optimization models for verifying and testing the planned
operating policies. Reservoir operators frequently use simulation models because they are
easy to understand, reliable, and more relaxed than optimization models (Oliveira and
Loucks, 1997; Labadie, 2004).

Due to the high variability of rainfall in a basin, the Mahanadi reservoir project complex
is considered a case study, which affects the reservoir inflows. Additionally, a
multireservoir system has not been optimally operated. Traditional nonlinear techniques
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have the problem of high computational time requirements and becoming stuck in a local
minimum. To minimize this problem, many researchers are looking for new techniques
and their advancements over the years. Various heuristic and metaheuristic algorithms
have been introduced, which do not always obtain the global optimal solution but give
quite good results in a considerable amount of computational time. Ant colony
optimization (ACO) was first introduced by Dorigo (1992) as a random search technique
for the solution of difficult combinatorial problems such as traveling salesman and
quadratic assignment problems and is more efficient than other metaheuristic algorithms
such as the WOA, GWO, and SA (Dorigo, 1992; 1996; 1997). Various researchers all
over the world work on numerous heuristic and metaheuristic algorithms to derive steady-
state operating optimization strategies due to the complexity of nonlinear interactions in
model formulation and the number of decision variables subjected to constraints (Jalali et
al., 2007). Different ACO algorithms are used to solve different water resource problems,
for example, to predict the hydraulic conductivity of unsaturated soil samples (Blum,
2005), water distribution systems (Maier et al., 2003), long-term reservoir operation
(Pohlheim, 2005), reservoir performance under the impacts of changing climate (Verma
et al., 2021; 2022b; Sahu et al., 2021c; 2021d), and simulation-optimization problems to
estimate groundwater parameters in a steady state manner (Socha and Dorigo, 2008).

The problem of an optimal operating policy of multireservoir systems involves many
equality and nonequality constraints, dimensional instability, and time-consuming
calculations, so the traditional method fails to produce global optimal solutions.
Therefore, nature-inspired metaheuristics, such as the ant colony optimization (ACO)
algorithm, are becoming an increasingly popular approach for finding the optimal
operating policy for a multireservoir system to improve the efficiency of the optimization
algorithm and avoid becoming trapped in local minima. The effectiveness of the
algorithm is evaluated by comparing it to the results of an existing operational policy that
corresponds to an optimal solution. The following section begins with an overview of the
ACO process. A reservoir operation case study and how to make a model will then be
discussed in more detail. Finally, the findings and conclusions are presented.

General Aspects: ACO Algorithm

Ant colony optimization (ACO) was proposed by Dorigo in the 1980s. It is a swarm
intelligence-based and nature-inspired algorithm. Ants are known for their ability to
locate the most efficient route to a food supply and mimic its behavior (Blum, 2005).
Some ants return to their nest after locating food, leaving a chemical behind called
pheromone. After finding such a route, additional ants will not remain scouting and
wandering but will follow it. The density of pheromones increases on shorter and more
traveled paths. Derivatives of pheromone evaporation have the advantage of avoiding
local optimality and are artificial and used to solve optimization problems (Jalali et al.,
2007). The likelihood of an ant moving from one state to another is determined by two
factors: first, the move's attractiveness as determined by some heuristic, and second, the
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pheromone level or strength, which indicates how effective it has been in the past (Blum,
2005).

ACO algorithms seek high-quality solutions using a finite number of artificial agents with
predetermined features. The algorithmic steps are given below:

1. Artificial ants travel from one point to the other, resulting in a series of
incremental trial solutions.

2. The cost of the trial solution is determined, and each cycle (k) refers to
developing a coherent trial solution and calculating the cost.

3. After each iteration (t), the pheromone is updated, which means that there are m
cycles, where m is the number of ants in the group.

The component included in the trial solution at each point is selected randomly using Eqg.

(1),
pht _ [} ))* ij1P

,if jeNk (1)
S T L

where Pif‘t is the probability at cycle k and iteration t, 7;;( denotes pheromone

concentration related to each iteration t, is a heuristic factor, sometimes called local cost,
and N¥ represents nodes connected to the nodes | and a, /3 are the relative significance of
pheromone and the local heuristic factor controlled by exponent parameters. It is worth
noting that by adding the local heuristic component (#;;), which is equivalent to real ant

sight and is sometimes called a visibility factor.

The pheromone trails have been updated to encourage positive solutions, and new trial
solutions have been generated. The pheromone update equation is given below.

7;;(t+1) = pr(8) + A7y (2)
ATij =Yke1 A Tij 3)

where z;; (t + 1) is the pheromone concentration with an iteration of (t+1); z;;(¢) is the
pheromone concentration with an iteration of t; p consists of the pheromone persistence
coefficient; and t;; is a function of the trial solution to represent the change in pheromone

concentration. Pheromone evaporation is simulated with a pheromone persistence factor
of less than one.

Case study description
The Ravishankar Sagar reservoir, also known as the Gangrel Dam, is located in
Chhattisgarh, India. It is built on the opposite bank of the Mahanadi River. It is in the

Dhamtari district, approximately 17 kilometers from Dhamtari and 90 kilometers from
Raipur, and it is located at 20° 37' 36" N latitude and 81° 33' 36" E longitude, as shown
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in Fig. 1. There were several reasons behind its construction, including a hydropower
plant, an irrigation system, and flood control. It has a total design capacity of 910.5 Mm?
when it is at its normal elevation of 333.00 m. Of this, 766.89 Mm?2 is used for active
storage, and 144 Mm? is used for dead storage. Therefore, the study examines the
reservoir performance from 1989-90 to 2019-20, when the reservoir maximum and
minimum storage range from 950 Mm? to 144 Mm?. By optimizing storage and release
rates, the main objective will be to reduce the demand deficit.
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Figure 1: Location of the Ravishankar Sagar reservoir close to the Murumsilli and
Dudhawa reservoirs (Desai and Shrivastava, 2004)

METHODOLOGY AND MODEL FORMULATION

Model application

The reservoir storage capacity ranges from 910 Mm? to 144 Mm?. Therefore, a certain
number of artificial ants are placed in different classes at random. Then, they start to
decide which path to take. Based on these two variables, they select a transition point
from one storage class to another time (t+1). First, the transition edge heuristic is used to
minimize the disparity between the amount of water released and the demand for water
at that time. The second is the pheromone trail of that edge, which may have been acquired
through successful ant migration across that edge in the past. Different ways exist for
enhancing the edges. Fig. 2 shows the methodology flow chart. The route of a discretized
graph and an artificial ant is illustrated in Fig. 3.
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Figure 3: Route of a discretized graph and an artificial ant (Mohammed, 2018)
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Heuristic information

In this study, the heuristic information #ij (t) is determined by considering the criterion of
minimum deficit.

1
j(t) =—— = forallt=1,2, 3.......... ,NT 4
njj ( ) [Rij(t)—Dij(t )]2 ( )
where R;;(t) is a release at period t depending upon the initial and final storage volume
at classes i and j, respectively; D;;(t ) is ademand at period t. Although the release R;;(t)
is determined by using the continuity equation

R =5 —S; + 1y (5)
which is subjected to the following constraints:

Smin < Si < Smax (6)

Smin < Sj < Smax (7

where §; and S; denote the initial and final storage volumes in terms of classes i and j,
respectively, and S,,;,and S, are the minimum and maximum allowed storage
capacities, respectively.

Fitness function

The fitness function aims to assess the efficiency of the generated solutions. The total
square deviation (TSD) was chosen as the objective function in this study.

TSD = 37, [Ry;(t) — Dy (t )]2 3

where Ry;(t),and D;j(t) represent release and demand at period t for storage volume
classes i and j, respectively, and NT denotes the total number of periods.

Reservoir performance evaluation

A suitable approach is to classify a system's performance as either satisfactory or
unsatisfactory. When the whole annual demand (D) is not fulfilled, the situation is
considered unsatisfactory or a failure (Ahmadianfar and Zamani, 2020; Alameddine et
al., 2018; Fowler et al., 2003; Goharian 2018; Bayazit and Unal, 1990). Reservoir
reliability is determined by its ability to supply the given demand at any moment during
the simulation. Frequency and probability are two ways to represent how reliable a system
is (Hashimoto et al., 1982). Referring to Eq. 9 for reliability, where X, and S is a system
output state at time t and a group of all satisfactory outputs. Resilience assesses how
rapidly a system recovers, and the ability to bounce back from a failure is called resilience
(Hashimoto et al., 1982). Referring to Eq. 10 for reliability, where d; and M denote the

duration of failure and the number of failure events, respectively. Sustainability is defined
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as measures of long-term viability such as reliability, resiliency, and vulnerability
(Loucks, 1997). Referring to Eq. 11 for reliability, where D is a target demand.
Vulnerability assesses the likelihood of an event going wrong and causing harm. An
inadequate succession of events results in vulnerability. Referring to Eq. 12 for reliability,
where v; is the defect volume of the failure events.

a = Prob [X; € S] 9)

Res = {%Zlyzldj} (10)
M

k = Res, X Res (1—%”) 0<k<l (11)

Vul =% M v, (12)

OPTIMIZATION MODEL PERFORMANCE MEASURES

The statistical evaluation index, which includes the coefficient of determination (R?), root
mean squared error (RMSE), and mean absolute percentage error (MAPE), was used to
check the accuracy of the employed algorithm, as shown in equations 13-15 (Willmott,
1981).

Z(Reopt(i)_Reopt)(Ret—R_e)

e o (13)
[E®eopityReope)? S(Rec—Re)?
1
RMSE = \/5 Yi=1(Reope(iy — Rey)? (14)
MAPE =120y |Fope=Rec as)
n Reopt(i)

In the above equation, Re, is a release at time t for the optimized algorithm, Re is the
mean of the release, and Re,,(;) denotes the optimum release at time t. Similarly, Re,,,
is the mean of the optimum release, and n is the number of total periods. A lower value
of RMSE and a higher value of R? represent the accepted accuracy of the algorithm and
a good correlation between the data, which also judges its superiority over the other
algorithms. The MAPE parameters represent the deviation between the release and the
release made by the optimized algorithms. Hence, the lower the values of these
parameters are, the more efficient the algorithm.
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RESULTS AND DISCUSSION

The model was tested using several approaches and aspects. As a preliminary step, the
model's code is executed in the MATLAB programming language. Parameter Tune-Up
and Ants-Iterations tests were then carried out in two distinct stages. In addition, the AP
method has been used to initiate pheromone trail updates at each of the abovementioned
test stages.

Tuning of parameters

The experiments were carried out by fine-tuning the primary parameters employed in
ACO, namely, a (determines the importance of the pheromone trail), g (determines the
strength of the heuristic value), and p (determines the pheromone increment). Only the
different-class model was used for these tests, and the ant count and iterations were both
set to 100 and 500, respectively. The literature on ACO suggests that the parameter was
adjusted within the ranges o = [1, 2, 3, 4], B =[1, 2, 3, 4], p =[0.1, 0.5, 0.9], and Qo =
[0.80, 0.90] (Jalali et al., 2006; Dorigo et al., 1996; Reddy and Kumar, 2006; Dorigo and
Gambardella, 1997; Zecchin et al., 2005; Mohammed et al., 2018). In contrast, the
parameter in the present study was set to one of the following values: a ([1, 0.8, 0.6, 0.4],
B[1,0.8,0.6,0.4,0.2], and p [0.4, 0.2, 0.1]). Table 1 shows the results of 10 independent
runs of the algorithm for each set of parameters and signifies the best-selected parameters,
which include a.= 0.8, B=0.2, p=0.1, qo = 0.8, number of ants =100, and max iteration
= 500. For an objective function with 500 iterations, the ACO model could obtain the
optimal value, but with each additional iteration, the algorithm's execution time increases,
and the objective function values decrease. In other words, the ACO algorithm goes
through a total of 1000 iterations. Fig. 4 shows the objective function values for the
multireservoir system.
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Figure 4: Objective function values concerning the number of iterations (Source:
own study).

81



Verma S. & al. / Larhyss Journal, 53 (2023), 73-93

Table 1: TSD results for parameter tuning for the IAP method

IAP Method
o P.p Best Worst Mean SD TSD
1,0.2,0.4 0.145 0.894 0.520 0.2459 2.0061
1,0.2,0.2 0.135 0.645 0.390 0.2531 2.0226
1,0.2,0.1 0.175 0.565 0.370 0.2410 1.9770
0.8,0.2,0.4 0.185 0.795 0.490 0.2225 1.9583
0.8,0.2,0.2 0.148 0.879 0.513 0.2358 1.9491
0.8,0.2,0.1 0.121 0.79 0.455 0.2206 1.9465
0.6,0.2,0.4 0.224 0.748 0.486 0.2521 1.9722
0.6,0.2,0.2 0.154 0.754 0.454 0.2530 1.9807
0.6,0.2,0.1 0.214 0.764 0.489 0.2537 1.9904
0.4,0.2,0.4 0.224 0.678 0.451 0.2531 1.9696
0.4,0.2,0.2 0.211 0.851 0.531 0.2457 1.9599
0.4,0.2,0.1 0.211 0.851 0.531 0.2416 2.0054
1,1,0.4 0.214 0.782 0.498 0.2607 2.0007
1,1,0.2 0.21 0.698 0.454 0.2627 2.0037
1,1,0.1 0.186 0.654 0.420 0.2584 1.9747
1,0.8,0.4 0.421 0.524 0.473 0.2401 1.9599
1,0.8,0.2 0.214 0.654 0.434 0.2574 1.9979
1,0.8,0.1 0.246 0.647 0.447 0.2658 2.0698
1,06,04 0.135 0.691 0.413 0.2764 2.1374
1,0.6,0.2 0.125 0.687 0.406 0.2803 2.1519
1,0.6,0.1 0.154 0.582 0.368 0.2842 2.1706
1,04,0.4 0.214 0.421 0.318 0.2437 2.0745
1,04,0.2 0.124 0.542 0.333 0.2362 2.0392
1,04,0.1 0.185 0.655 0.420 0.2288 2.0154

For IAP pheromone updates, the 100-class model gave the best results when the
parameters were fixed to (e =0.8; p =0.2; p =0.1) and the mean total square deviation was
0.455 units. Using the 100-Class model's parameter tune-up, the mean TSD results are
shown in Fig. 5. During this test, the number of ants that are generating solutions and the
number of iterations they execute to find better solutions were assessed. |AP pheromone
updating methods are used to update the models in this phase using both 100-Class and
200-Class discretization resolutions. In the meantime, the values of parameters (a, B, p)
were specified based on the best tunes from the previous test. For this test, the number of
ants and number of iterations were as follows: Ants [10, 20, 50, 100], Iterations [50, 100,
200, 500]. Each combination of ants and iterations is shown in Table 2, together with the
mean and standard deviation of the obtained results across 10 runs, to indicate which
combinations produced the best and worst outcomes.
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Figure 5: TSD results for parameter tuning for the IAP method

Table 2: TSD results for different numbers of ants and iterations using the I1AP
method in 100 class and 200 class models.

Number of ants
10 20 50 100

100 200 100 200 100 200 100 200
class class class class class class class  class

Best 0.391 0.397 0.388 0.390 0.376 0.396 0.373 0.397
Worst  0.646 0.651 0.704 0.718 0.756 0.855 0.799 0.811

Iterations Status

50 Mean 0.519 0.523 0.546 0.565 0.566 0.573 0.586 0.610
SD 0.328 0.361 0.324 0331 0.323 0.379 0.318 0.330

Best 0.352 0410 0353 0.361 0.366 0.414 0.369 0.397

100 Worst  0.978 0992 0.615 0.625 0.782 0.789 0.852 0.870
Mean 0.665 0.678 0.484 0492 0574 0584 0.611 0.628

SD 0.306 0.356 0.305 0.353 0.290 0.341 0.284 0.314

Best 0220 0.262 0.211 0.235 0.214 0.319 0.211 0.271

200 Worst 0978 0993 0.832 0.892 0.782 0.839 0.852 0.892
Mean 0.599 0.622 0.522 0.562 0.498 0.543 0.532 0.536

SD 0.284 0.297 0.281 0302 0.278 0.290 0.271 0.275

Best 0.185 0.223 0.175 0.252 0.135 0.185 0.011 0.117

500 Worst  0.795 0.831 0565 0569 0.689 0.719 0.768 0.771

Mean 0490 0513 0370 0.377 0412 0452 0.390 0.394
SD 0262 0270 0252 0.274 0.249 0.262 0.247 0.253
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Table 3: Water demand for the year 2019-20 with the optimized suggestion of release
in million Mm? using the two different approaches

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Demand 14 35.05 9 10 175 384 287.4 165.34 8218 6411 67.85 45

10?;;,355 30.38 3248 47.34 813 24748 277.32 10834 12484 89.34 8043 43 45

200class 2750 3248 47.34 8697 23765 27054 10397 12244 8934 8365 43 45

Table 2 shows that the more ants employed to search for solutions, the better the mean
total square deviation. Therefore, 50 ants outperform 10 ants. Increasing the number of
iterations also improves the mean total square deviation for a given number of ants. On
the other hand, for pheromone updates, however, the IAP approach provides better
results. Additionally, one can observe that the results have not improved significantly,
especially with 500 iterations when using the 200-Class model instead of the 100-Class
model. The Ravishankar Sagar reservoir's water demand (in million M?) for the 12 months
of 2019-20 is shown in Table 3 following the two different approaches used in this study.
Table 3's statistics are shown in Fig. 6, which depicts the performance of the two different
approaches, as well as how optimum results are achieved.

400 A B Demand
350 4 100 class IAP
fg T 200 class IAP
= 300
= I
=250
4
2 200 A
v
[

2 o0l
?mmﬁm. HWHWWW

Jan Feb Mar AprMay Jllll’l Jul Aug Sep Oct Nov Dec
Months
Figure 6: Optimized water release using the two approaches compared with the
demand during the 12-month period of 2019-20

Performance measures

Based on historical data, the model simulation and optimization were performed for over
31 years (372 months) from June 1989-90 to May 2019-20. The performance of the model
simulation, as discussed in Section 4.1, is evaluated by calculating different performance
indices. Fig. 7 shows the graphical representations of reliability, resilience, sustainability,
and vulnerability indices for ant colony optimization operation policy releases compared
to existing releases. Fig. 7a shows that the average reliability over the entire study period
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is 0.74, which is somewhat higher than the reliability of the existing policy of 0.66. The
peak discharge at the Ravishankar Sagar Reservoir is in October and November,
according to the optimal solution, which means that the reservoir will be more reliable in
those months than in any other month because there will be more water available for
irrigation. However, based on historical data, more peak discharge is available in August
and September, indicating that the existing reservoir is more reliable during those months.
The availability of water in the reservoir diminishes in comparison to other months,
implying that the present reservoir is less reliable. The reservoir is also reliable in terms
of storage capacity, but it has to be extended to reduce excessive demand by optimizing
the operation policy. To enhance reservoir reliability, the disparity between antecedent
and standard operating policies needs more storage.

According to Fig. 7b, the optimized model's resilience is quite similar to that of the
existing model, which is 3.98% higher than the existing model, implying that the
reservoir's ability to bounce back from failure events is not significantly improved when
compared to the existing model, and the average resilience indices of the optimized and
existing models are 0.64 and 0.62, respectively. In addition, for increased water supply,
reliability and resilience were achieved by confining all releases from outlet structures
rather than spillways under historical conditions and maximizing releases from outlet
structures under future climatic and demand conditions. The water supply was boosted as
a result of the turbines that were placed at the outlet structure. A high reservoir level
during the wet season and a shift in the minimum reservoir level in April and May also
helped farmers provide excess water.

The sustainability pattern followed by the optimized model is similar to the existing
model, as shown in Fig. 7c. According to Fig. 7c, a reservoir system is more sustainable
in the monsoon season when the reservoir storage ratio increases and demand drops, but
it is less sustainable in February, March, April, and May, based on historical and optimal
solutions. According to the standard operating policy, which is shown in Fig. 7c, an
increase in the storage ratio is required during months with low flow and in anticipation
of dry periods. Furthermore, because of the low available storage, the existing reservoir
operating policy (0.37) is less sustainable.

According to Fig. 7d, the average vulnerability of the existing model is higher than that
of the optimized model, suggesting that the optimized model is less vulnerable than the
existing model. In the case of the monsoon (June, July, and August) and autumn seasons
(September and October), the vulnerability of the optimized model decreases compared
to the existing model. Thus, the system is found to be less reliable, resilient, sustainable,
and more vulnerable when used with historical data, but it exhibits enhanced reliability,
resilience, and sustainability with good recovery time and is less vulnerable when used
with an optimal solution. As a result, in the overall scenario, the ACO model outperforms
the existing operational policy in terms of performance as well as the average percentage
change in reliability, resilience, and sustainability. Reliability, resilience, and
sustainability all increase by 12.79%, 3.98%, and 15.48%, respectively, while
vulnerability decreases to 10.28%. The statistics in Table 4 demonstrate the accuracy
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assessment of the multireservoir system, which suggests that the ACO model lies in the
range of satisfactory conditions (> 0.70) in terms of the coefficient of determination.
Additionally, good agreement is observed between the existing and the simulated output,
which records a root mean square error (RMSE) of 2.3993 and a mean absolute
percentage error (MAPE) of 0.3866.

Table 4: Performance measures for the multireservoir system.

Case study Algorithm Performance measures
Multireservoir Ant Colony R? RMSE MAPE
system Optimization 0.7129 2.3993 0.3866
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Figure 7: (a), (b), (c), and (d) Graphical representation of reliability, resilience,
sustainability, and vulnerability measures for ant colony optimization operation
policy release concerning existing releases (Source: own study)
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Reservoir system operation model

The existing operating policy of a multireservoir system release policy derived from the
ant colony optimization algorithm is displayed in the graph shown in Fig. 7. According
to Fig. 8, the ACO model’s primary benefit is its robust search, which frequently yields
solutions that are nearly globally optimal. As long as the reservoir system operation model
is compared to the water release model as per existing policy, there have been no water
shortages, except in 1989-1990, 1990-1991, 2002-03 to 2005-06, and 2016-17. The total
squared deviations were minimized by carefully planning the release and demand.
Therefore, the ACO model has been able to provide enough monthly releases for
multireservoir systems compared to the existing reservoir operating policy.

2500
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2000 4 ] ACO Model
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]
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Figure 8: Graphical representation of release made by the ant colony optimization
model concerning actual release and demand (Source: own study)

CONCLUSIONS

The optimal operating strategy for three reservoir systems in Chhattisgarh state, namely,
Ravishankar Sagar, Dudhawa, and Murumsilli, was determined using an ant colony
optimization model. Accordingly, the design of both the release and demand was based
on minimizing squared deviations. The ACO model had many restrictions put on it, such
as those about when it could be released and when it could be used. The key advantage
of the model is its ability to find near-globally optimal solutions and can be employed to
solve reservoir optimization problems. The results of this study and the adaptation of the
same methodology for multireservoir systems show that ACO outperforms the existing
operating policy concerning computational cost and convergence speed and reduces the
deficits between downstream release and demand. As a result, the methodology given to
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water managers, water resource planners, and water decision-makers helps them make
educated decisions about water development in light of growing water demand and
increased scarcity. In addition, the ACO algorithm is easy to code and produces
acceptable results when tackling optimization problems and has become a very useful
technique for developing the steady-state operating policy for multireservoir systems,
especially in water resource engineering.
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