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Effects of uncertainty in determining the parameters of
the linear Muskingum method using the particle swarm
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ABSTRACT
The Muskingum method is one the simplest and most applicable methods of ﬂood routing. Optimizing the
coefﬁcients of linear Muskingum is of great importance to enhance accuracy of computations on an
outﬂow hydrograph. In this study, considering the uncertainty of ﬂood in the rivers and by application of
the particle swarm optimization (PSO) algorithm, we used the data obtained from three ﬂoods
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simultaneously as basic ﬂood to optimize parameters of linear Muskingum (X, K and Δt), rather than using
inﬂow and outﬂow hydrographs of a single basic ﬂood (observational ﬂood), and optimized the outﬂow
discharge at the beginning of ﬂood (O1) as a percentage of inﬂow discharge at the beginning of ﬂood (I1).
The results suggest that the closer inﬂow discharge variation of basic ﬂood to the inﬂow discharge
variation of observational ﬂood, the greater the accuracy of outﬂow hydrograph computations. Moreover,
when the proposed approach is used to optimize parameters of X, K and Δt, the accuracy of outﬂow
hydrograph computations will increase too. In other words, if rather than using a single basic ﬂood, the
proposed approach is applied, the average values of mean relative error (MRE) of total ﬂood for the ﬁrst,
second, third and fourth ﬂood will be improved as 31, 13, 39 and 33%, respectively.
Key words

| basic ﬂood, linear Muskingum method, parameters optimization, particle swarm
optimization (PSO) algorithm, uncertainty

HIGHLIGHTS

•
•
•
•
•

Optimization of the parameters of the linear Muskingum method.
Using the PSO algorithm to optimize the parameters.
To consider the uncertainty of the ﬂood.
Considering the inﬂow and outﬂow hydrographs of three ﬂoods simultaneously to the basic ﬂood.
Optimizing the outﬂow discharge at the start of the ﬂood (O1) as a fraction of the inﬂow
discharge at the start of the ﬂood (I1).

INTRODUCTION
Floods are natural disasters, and preventing economic,

long been a concern for human beings (Dutta et al. ;

social, socio-economic and other damage from ﬂoods has

Vafaei & Harati ; Kadam & Sen ; Farzin et al.
; Fotovatikhah et al. ; Vatankhah ). Flood rout-
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ing is a process in which the ﬂood hydrograph is determined
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and redistribution for non-commercial purposes with no derivatives,
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licenses/by-nc-nd/4.0/).

). Overall, ﬂood routing methods are classiﬁed into
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two groups: hydraulic and hydrologic. If the water ﬂow is

issues. These include reservoir operations by Kumar &

routed just as a time-dependent function in a known place,

Reddy (), water quality management by Afshar et al.

the method is called hydrologic routing (Weinmann &

(), Lu et al. () and Chau (), and water resources

Laurenson ) in which the continuity equation and

management in the basin by Shourian et al. (). Chu &

discharge–storage relation is used (assuming the steady

Chang () optimized the parameters in the nonlinear

ﬂow). On the other hand, if the routing is carried out

Muskingum method using the PSO algorithm. The compari-

along the system as a function of time and space, it is

son between this method and previous ones, including

called hydraulic routing (Chow ) in which the continuity

harmony search (HS), linear regression (LR) and genetic

equation and momentum equation are used focusing on

algorithm (GA), indicates the higher accuracy and speed

unsteady ﬂows (Saint-Venant equation) (Shaw ).

of the PSO algorithm in estimating the parameters of the

Mohan () developed a model based on a genetic

nonlinear Muskingum. Moghaddam et al. () proposed

algorithm (GA) to optimize parameters of nonlinear

a new four-parameter model for the nonlinear Muskingum

Muskingum. Chu () developed a new model called

method that was used for four ﬂood routings. The results

Muskingum FIS to predict the outﬂow associated with

indicated that the PSO algorithm optimized the four par-

different inﬂow patterns, incorporating fuzzy inference

ameters of the presented model with higher accuracy and

system (FIS) rules and the Muskingum relation. Vatankhah

a faster convergence rate. Also, to enhance the linearization

() applied an improved Euler’s method, fourth-order

process and to increase accuracy of the linear Muskingum

Runge–Kutta method and Runge–Kutta–Fehlberg method

method, Bazargan & Norouzi () divided the inﬂow

to solve nonlinear Muskingum, stating that the explicit

hydrograph into the start, peak and end sections and opti-

Euler’s method lacks acceptable accuracy in calculation of

mized the parameters (X, K, Δt) of each section using the

storage time variation and proposed the fourth-order

PSO algorithm. Norouzi & Bazargan () used the PSO

Runge–Kutta method as the most appropriate solution due

algorithm and two basic ﬂoods to optimize the parameters

to its simplicity and acceptable accuracy. Hirpurkar &

of the linear Muskingum method. Okkan & Kirdemir

Ghare () analyzed three different nonlinear forms of

() used a combination of PSO with the Levenberg–

parameter (m) in the nonlinear Muskingum method using

Marquardt (LM) algorithms to optimize the parameters of

Microsoft Excel. Their results conﬁrm higher accuracy of

the Muskingum method. Owing to low computational

nonlinear Muskingum when using the model developed

time, algorithms are very capable of optimizing the par-

m

by Chow () as S ¼ K[XI þ (1–X )O] . Hamedi et al.

ameters of the Muskingum method. Increasing the number

() improved the accuracy of the proposed models for

of parameters of the Muskingum method will lead to the

the nonlinear Muskingum method; instead of using a con-

increased calculation time of the algorithm, while the

stant value for the initial storage volume (S0), they

accuracy of results does not change signiﬁcantly (Farahani

optimized this parameter as a variable parameter in the

et al. ).

weed optimization algorithm (WOA). Niazkar & Afzali

In most of the previous studies, the parameters of

() investigated a nonlinear Muskingum method using

the linear Muskingum method were obtained using single

14 new models and optimization performed through an

ﬂood data occurring in a river reach and then, for

MHBMO algorithm and the results suggest that using a

veriﬁcation of the estimated parameters, the outﬂow (down-

three variable–parameter model is more accurate (Yadav

stream) hydrograph of the same ﬂood was calculated using

& Mathur ). The extended VPMM method and SVM

the inﬂow (upstream) hydrograph of the same ﬂood and

and WASVM has been used for ﬂood routing and the results

the above parameters. However, the main advantage of

suggest that to predict ﬂood wave movement, the extended

the linear Muskingum method is that it can use the obtained

VPMM is accurate compared to the SVM and WASVM

parameters by using the basic ﬂood (the ﬂood that has

models. The particle swarm optimization (PSO) algorithm

already occurred in the study river reach with recorded

is a population-based evolutionary algorithm and is appli-

inﬂow and outﬂow hydrographs at the hydrometric

cable to civil engineering and water resource optimization

stations), and outﬂow hydrograph of other ﬂoods occurring
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in the same river reach can be obtained, provided that the

where S ¼ storage; I ¼ inﬂow; O ¼ outﬂow; t ¼ time; ΔS ¼

morphology of the river had not changed. In the present

Δt ¼ rate of change of storage during a time interval Δt;

study, using the PSO algorithm, the outﬂow hydrograph of

K ¼ storage: time constant for the river reach; and X ¼

four ﬂoods was ﬁrst calculated using the parameters

dimensionless weighting factor representing the inﬂow out-

obtained from the single basic ﬂood. Then, in the second

ﬂow effects on storage (Mohan ).

part of the study, considering the uncertainty of the ﬂood
occurring in the desired river reach, instead of using a

Study area

single basic ﬂood, three basic ﬂoods were used simultaneously to calculate the parameters of the linear

In the present study, four ﬂoods’ hydrographs occurring

Muskingum method. In addition, the outﬂow discharge at

upstream (hydrometric station of Mollasani, station no.21-

the beginning of the ﬂood was also optimized as a percen-

307, 48 530 E, 31 350 N) and downstream (hydrometric

tage of the inﬂow discharge at the beginning of the ﬂood.

station of Ahwaz, station no. 21-309, 48 400 E, 31 200 N) (dis-

The proposed approach in this study increased the accuracy

tance 60.5 km) of a river reach located in the Karun River,

of the linear Muskingum method in estimating the outﬂow

Iran, were used (Figure 1). The inﬂow and outﬂow hydro-

hydrograph.

graphs of the mentioned four ﬂoods are given in Figure 2.
In this research we attempted to ﬁrst apply both inﬂow
and outﬂow hydrographs of all four ﬂoods in the desired
river reach in order to calculate the parameters of the

MATERIALS AND METHODS

linear Muskingum method (X, K and Δt) and estimate the
downstream hydrograph (outﬂow hydrograph). Second,

Introducing the linear Muskingum method

considering the uncertainty and simultaneous use of the

The Muskingum method was introduced by McCarthy ()
in studies of ﬂoods of the Ohio river in the United States.
In this method, the relation between storage volume,
inﬂow and outﬂow discharge is given by Equation (1)
(McCarthy ):
S ¼ K[XI þ (1  X)O]

ingum method (X, K and Δt) and taking into account the
inequality of the outﬂow discharge at the beginning of the
ﬂood (O1) with the inﬂow discharge at the beginning
of the ﬂood (I1), ﬂood in the Karun River was routed using
the linear Muskingum method and PSO algorithm so that

(1)

Using the continuity of ﬂow and Equation (1), and as the
storage volume is omitted, the following equation is estimated (Mohan ):
O2 ¼ C1 I2 þ C2 I1 þ C3 O1

three ﬂoods to optimize the parameters of the linear Musk-

the calculation error for different ﬂoods would be reduced.
It is worth noting that recorded data by the research
department of Iran Water Resources Management Co. was
used in this study.
The ﬁrst ﬂood occurred on 2012/02/26 to 2012/03/01

(2)

The coefﬁcients of C1, C2 and C3 are derived as
Equations (3)–(5):

with an inﬂow discharge range of 221–565 m3/s. The
second ﬂood occurred on 2008/11/30 to 2008/12/03 with
an inﬂow discharge range of 105–1,154 m3/s. The third
ﬂood occurred on 2012/02/02 to 2012/02/05 with an
inﬂow discharge range of 222–494 m3/s. The fourth ﬂood
occurred on 2011/11/21 to 2011/11/25 with an inﬂow dis-

0:5Δt  KX
C1 ¼
K  KX þ 0:5Δt

(3)

charge range of 349–651 m3/s.

C2 ¼

0:5Δt þ KX
K  KX þ 0:5Δt

(4)

Particle swarm optimization (PSO) algorithm

C3 ¼

K  KX  0:5Δt
K  KX þ 0:5Δt

(5)
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their effort for survival. PSO is one of the intelligent optim-

Equations (6) and (7) based on the information from the pre-

ization techniques which derives its inspiration from the

vious stage:

social behavior of bird ﬂocks or ﬁsh schools randomly
catching foods in a region. In this algorithm, introduced
by Eberhart & Kennedy (), the hypothesized living
organisms (birds or ﬁsh) are called particles. Each particle
is identiﬁed by the following compositions: objective function corresponding to this position, velocity, best velocity

xij [t þ 1] ¼ xij [t] þ vij [t þ 1]

(6)

[t]  xij [t])
vij [t þ 1] ¼ wvij [t] þ c1 r1 (xiBest
j
[t]  xij [t])
þ c2 r2 (xgBest
j

(7)

experienced, and value of objective function corresponding
to the best experienced position. When the algorithm is run,

where W ¼ inertial factor; r1, r2 ¼ random vector with uni-

the position and velocity of each particle is built by

form distribution in (0,1); c1, c2 ¼ personal learning factor
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and social learning factor in (0,1) respectively; xiBest
¼ best
j

of a single ﬂood, the outﬂow hydrographs of all four

experienced position of particle, and xgBest
¼ best experij

ﬂoods were calculated and compared with the observed out-

enced position of whole swarm. Therefore, the new position

ﬂow hydrographs (recorded at the Ahwaz hydrometric

of the particle is a combination of a move along previous vel-

station). The optimized parameters for all four ﬂoods are

ocity, best experienced position of the particle and best

listed in Table 1. For example, when the ﬁrst ﬂood was con-

experienced position of the swarm. These rules of movement

sidered as the basic ﬂood, the parameters of the linear

are ﬁxed for all particles. At the end, with respect to the speci-

Muskingum method were optimized using the inﬂow and

ﬁed stopping criterion and through this cooperation, all

outﬂow hydrographs of the ﬁrst ﬂood and then, using the

particles arrive at the optimal solution of a given problem

parameters obtained, the outﬂow hydrographs of the ﬁrst,

or deﬁned criteria (Shi & Eberhart ; DiCesare et al. ).

second, third and fourth ﬂoods were obtained.

The basic idea in PSO algorithm is based on the assump-

In addition, in order to evaluate the optimum values of

tion that potential solutions are ﬂown through hyperspace

the X, K and Δt parameters in the linear Muskingum

with acceleration towards more optimum solutions. Each

method, the minimization of the sum of the absolute value

particle adjusts its ﬂying according to the experiences of

deviations (SAD) index, deﬁned as Equation (8), has been

both itself and its companions. During the process; the over-

used as the objective function in the PSO algorithm. The

all best value attained by all the particles within the group

ﬂowchart of the proposed algorithm is presented in Figure 3.

and the coordinates of each element in hyperspace associated with its previous best ﬁtness solution are recorded in

SAD ¼

Eberhart ; Clerc & Kennedy ; Chau ; Gurarslan
& Karahan ; Karahan ).

jOi  Qi j

(8)

i¼1

the memory (Chau ; Kumar & Reddy ). Details of
the PSO algorithm can be obtained elsewhere (Shi &

n
X

In order to calculate X, K and Δt, if the ﬁrst ﬂood is considered as the basic (observed) ﬂood and all four ﬂoods as the
computed ﬂoods, then the mean relative error (MRE) of the

Various algorithms have been used to optimize the par-

total ﬂood, the MRE of the ﬂood peak section and the absol-

ameters of the Muskingum method and other methods and

ute value of the deviations of peak of observed and routed

other issues that need to be optimized. One of the fastest,

outﬂows (DPO) value is as described in Table 2. Moreover,

most acceptable and most widely used is the PSO algorithm,
which has been conﬁrmed by previous researchers.
In previous studies, efﬁciency, high convergence speed

in order to calculate X, K and Δt, if the second, third and
fourth ﬂood is considered as the basic (observed) ﬂood and
all four ﬂoods as the computed ﬂoods, then the MRE of the

and proper accuracy of the PSO algorithm have been exam-

total ﬂood, the MRE of the ﬂood peak section and the DPO

ined and approved. Therefore, in the present study, the PSO

value is as described in Table 2. It is worth noting that the

algorithm was used to optimize the linear Muskingum
method (X, K, and Δt).

time of the ﬂood peak section for the ﬁrst, second, third and
fourth ﬂood is 33–48 hours, 32–55 hours, 27–45 hours and
27–41 hours, respectively.
The average values of errors considering all four ﬂoods

RESULTS AND DISCUSSION

as the basic ﬂood in the case of considering the ﬁrst,

First part of the study

listed in Table 3.

second, third and fourth ﬂoods as the computed ﬂood is

In the ﬁrst part of the present study, using a single basic
ﬂood data and equating the outﬂow discharge at the beginning of the ﬂood (O1) with the inﬂow discharge at the
beginning of the ﬂood (I1), the parameters of the linear
Muskingum method (X, K, and Δt) were optimized using
the PSO algorithm. Then, using the optimized parameters
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The parameters obtained using the PSO algorithm for each of the four ﬂoods

Parameters

First ﬂood

Second ﬂood

Third ﬂood

Fourth ﬂood

X

0.401

K (h)

12.959

0.0001

0.034

0.419

11.533

13.980

14.556

Δt (h)

0.971

1.092

1.012

1.198
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Flowchart of the PSO algorithm in the case of using one basic ﬂood.
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ﬂood is higher than the other three ﬂoods. The average
error results are shown in Table 3 for all four ﬂoods.
In other words, in order to calculate the downstream

Computational

MRE %

MRE %

DPO

Basic ﬂood

ﬂood

(total ﬂood)

(ﬂood peak)

%

(outﬂow) hydrograph of a new ﬂood occurring in the desired

First ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

1.35
13.47
4.69
2.82

0.61
16.79
4.90
2.46

0.05
8.83
6.11
0.83

obtained from the basic ﬂood whose inﬂow discharge

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

5.68
12.67
5.66
4.26

1.79
8.41
7.76
1.22

3.11
1.01
2.85
2.44

Third
ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

4.41
11.86
4.54
4.81

3.82
17.09
3.80
3.93

5.28
4.06
0.75
4.48

Fourth
ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

2.45
11.66
4.84
2.61

1.84
14.46
6.89
1.49

0.57
10.73
6.88
1.61

Second
ﬂood

river reach, it is better to use the X, K and Δt parameters
range would be closer to the inﬂow discharge range of the
new computed ﬂood.
Second part of the study
In the second part of the present study, considering the ﬂood
uncertainty, instead of using a single basic ﬂood, three basic
ﬂoods were used simultaneously to calculate the parameters
of the linear Muskingum method (X, K, and Δt) using the
PSO algorithm. In addition, the outﬂow discharge at the
beginning of the ﬂood (O1), which was considered equal
to the inﬂow discharge at the beginning of the ﬂood (I1) in

Table 3

|

the previous studies, was optimized as a percentage of I1

Average errors values for each of the four computational ﬂoods

of all three ﬂoods so that the linear Muskingum method
Average error values considering each of the four
ﬂoods separately as the basic ﬂood

would result in maximum accuracy.
As explained above, the main advantage of the linear

Computational ﬂood

MRE % (total ﬂood)

MRE % (ﬂood peak)

DPO %

Muskingum method is that using the basic ﬂood parameters

First ﬂood

3.47

2.02

2.25

(a ﬂood that has already occurred in the study river reach

Second ﬂood

12.42

14.19

6.16

with the inﬂow and outﬂow hydrographs recorded at the

Third ﬂood

4.93

5.84

4.15

hydrometric stations) any other ﬂood occurring at the

Fourth ﬂood

3.62

2.28

2.34

same river reach could be obtained, provided that the morphology of the river reach had not changed. On the other

Moreover, the values of inﬂow hydrograph, observa-

hand, according to the results presented in the ﬁrst part,

tional outﬂow hydrograph and computational outﬂow

the calculations would be more accurate if the inﬂow dis-

hydrographs for all four ﬂoods, in the case of using a

charge range of the basic ﬂood would be closer to that of

single basic ﬂood, are shown in Figure 4.
As can be seen from Table 2, if the inﬂow discharge of

the computational ﬂood. However, in the case of a ﬂood
with an inﬂow discharge range very different from that of

the basic (observed) ﬂood is closer to the inﬂow discharge

all other ﬂoods that have already occurred, the basic ﬂood

of the computed ﬂood, the above-mentioned error values

parameters would not yield accurate results and a more

(the MRE of the total ﬂood, the MRE of the ﬂood peak sec-

appropriate solution should be taken to calculate the out-

tion and DPO) will decrease. According to Figure 1, the

ﬂow hydrograph of the ﬂood.

inﬂow discharge range of the second ﬂood is different

In other words, considering the uncertainty of the inﬂow

from the other three ﬂoods. According to Table 3, the aver-

hydrograph of the ﬂood occurring in the study river reach,

age values of MRE of the total ﬂood, the average values of

three basic ﬂoods were used simultaneously in the present

MRE of the ﬂood peak section and the average values of

study to optimize the parameters of the linear Muskingum

DPO for the second ﬂood were 12.42, 14.19 and 6.16%,

method.

respectively, according to the results presented in Table 2.

In addition, when a new ﬂood occurs in the river, the

This indicates that the average of errors of the second

outﬂow discharge at the start of the ﬂood is unknown and,
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Values of inﬂow hydrograph, observational and computational outﬂow hydrographs in different states of using a single basic ﬂood.

inevitably, it was considered equal to the inﬂow discharge at

as the second basic ﬂood and the fourth ﬂood is considered as

the beginning of the ﬂood in the past studies. However, con-

the third basic ﬂood, then the optimum values of X, K and Δt

sidering the uncertainty of the outﬂow discharge at the

would be equal to 0.378, 13.229 (h) and 1.009 (h), respect-

beginning of the ﬂood (O1), this value was optimized as a

ively. In addition, the ratio of O1 to I1 for the ﬁrst, second

percentage of the inﬂow discharge at the beginning of the

and third basic ﬂoods was optimized as 81.93, 87.65 and

ﬂood (I1) in the present study.

85.46%, respectively, with an average value of 85.02%.

In order to evaluate the optimum X, K and Δt values and

Different modes for considering the four ﬂoods as the

the optimum value of the outﬂow discharge at the beginning

basic ﬂood, with the above-mentioned conditions, are

of the ﬂood (O1), which is a fraction of the inﬂow discharge

given in Table 4.

at the beginning of the ﬂood (I1), minimization of the total

According to the calculations listed in Table 4, the

SAD index for the three ﬂoods (Equation (8)), deﬁned as

values of X, K and Δt were considered as 0.378, 13.229 (h)

Equation (9), has been used as the objective function of

and 1.002 (h) respectively to calculate the errors listed in

the PSO algorithm. The ﬂowchart of the present study algor-

Table 5 (the ﬁrst mode of the three basic ﬂoods) and in

ﬁrst basic ﬂood, O(1–2) represents the same value for the

the case in which the third, ﬁrst, and fourth ﬂood is conO1
was
I1
obtained as 81.93, 87.65 and 85.46%, respectively. However,

second basic ﬂood and O(1–3) represents the same value

the second ﬂood in the ﬁrst order of the ﬂoods (according to

for the third basic ﬂood.

Table 4) has not been used as the basic ﬂood to calculate the

ithm is shown in Figure 5. In this ﬁgure, O(1–1) represents
the outﬂow discharge at the beginning of the ﬂood for the

SAD ¼

3
X

SADi

(9)

i¼1

According to Table 4, for example, if the third ﬂood is
considered as the ﬁrst basic ﬂood, the ﬁrst ﬂood is considered
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sidered as the computed ﬂood, the computed

O1
. Therefore, in order to calcuI1
late the outﬂow discharge at the beginning of the second

X, K and Δt parameters and

ﬂood (O1) the average

O1
value of the three other ﬂoods
I1
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The PSO algorithm ﬂowchart considering the uncertainty.

(listed in the last column of Table 4), which is equal to

The average values of errors in the case where the ﬁrst to

85.02%, has been used. The calculations of the second,

fourth ﬂoods are considered as the computational ﬂood are

third, and fourth ﬂood modes are similar to the above men-

listed in Table 6. As can be seen in this table, if the second

tioned process and are shown in Table 5.

ﬂood is considered as the computational ﬂood, the error

Downloaded from http://iwaponline.com/jwcc/article-pdf/doi/10.2166/wcc.2021.227/860645/jwc2021227.pdf
by guest

Corrected Proof
10

H. Norouzi & J. Bazargan

|

Table 4

|

Investigating of uncertainty of parameters of the linear Muskingum method

Journal of Water and Climate Change

|

in press

|

2021

The obtained parameters and the optimum value of the outﬂow discharge at the beginning of the ﬂood for different ﬂood modes considering the uncertainty
Order of the basic ﬂoods

O1
Basic ﬂoods (%)
I1

Parameters

Flood modes

First basic

Second basic

Third basic

X

K (h)

Δt (h)

First

Second

Third

Average

First

Third ﬂood

First ﬂood

Fourth ﬂood

0.378

13.229

1.002

81.93

87.65

85.46

85.02

Second

First ﬂood

Fourth ﬂood

Second ﬂood

0.237

11.357

0.953

81.55

81.66

106.15

89.79

Third

Third ﬂood

Fourth ﬂood

Second ﬂood

0.107

10.875

0.949

79.77

81.41

104.92

88.70

Fourth

Third ﬂood

First ﬂood

Second ﬂood

0.074

10.757

0.887

80.86

80.03

104.76

88.55

|

Table 5

Values of errors in the ﬁrst, second, third and fourth mode of the three basic
ﬂoods

for all four ﬂoods, in the case of using each mode of three

MRE %

MRE %

Computational

(total

(ﬂood

DPO

Basic ﬂoods

ﬂood

ﬂood)

peak)

%

Third ﬂood
First ﬂood
Fourth ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

0.77
13.15
3.09
1.97

0.49
15.28
4.90
2.41

0.35
8.13
5.77
0.49

error values in Table 3, it was found that the errors in the case

First ﬂood
Fourth ﬂood
Second ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

2.37
8.94
3.64
2.13

0.62
10.83
6.09
1.70

1.68
4.69
4.35
1.04

the study. In other words, considering the uncertainty, when

Third ﬂood
Fourth ﬂood
Second ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

3.50
10.54
2.89
2.58

1.19
9.41
6.12
1.72

2.82
1.79
3.05
2.29

Third ﬂood
First ﬂood
Second ﬂood

First ﬂood
Second ﬂood
Third ﬂood
Fourth ﬂood

3.01
10.69
2.49
3.13

1.69
10.44
5.06
2.47

3.68
0.16
2.18
3.07

Flood
modes

Moreover, values of inﬂow hydrograph, observational
outﬂow hydrograph and computational outﬂow hydrograph

First

Second

Third

Fourth

basic ﬂoods at the same time, and optimization of O1 as a
percentage of I1, is provided in Figure 6.
By comparing the error values listed in Table 6 with the
of using the proposed method in the second part of the study
were smaller than the corresponding values in the ﬁrst part of
using the three basic ﬂoods simultaneously to calculate the X,
K and Δt parameters and considering the outﬂow discharge
at the beginning of the ﬂood as a fraction of the inﬂow disO1
charge at the same time (
%), the calculation accuracy of
I1
all the four ﬂoods has increased.

CONCLUSIONS
The present study is organized in two parts. In the ﬁrst part,

Table 6

|

The average errors values for each of the four computational ﬂoods considering
the uncertainty

the parameters of the linear Muskingum method (X, K and
Δt) are optimized using the PSO algorithm as well as data of
a single basic ﬂood, and then the outﬂow hydrograph of all

Computational ﬂood

MRE % (total ﬂood)

MRE % (ﬂood peak)

DPO %

First ﬂood

2.41

0.99

2.13

the second part, the PSO algorithm is applied to optimize

Second ﬂood

10.83

11.49

3.69

the said parameters, considering the uncertainty of inﬂow

Third ﬂood

3.03

5.54

3.84

discharge variations of ﬂoods, the data obtained from

Fourth ﬂood

2.45

2.08

1.72

three basic ﬂoods are used simultaneously to optimize X,

four ﬂoods is calculated by applying those parameters. In

K and Δt, rather than data of a single ﬂood. In addition, outﬂow discharge at the beginning of ﬂood (O1) is optimized as
will be maximized. It is due to a wider range of inﬂow dis-

a percentage of inﬂow discharge at the beginning of ﬂood

charge of the second ﬂood in comparison to the other

(I1), and then the outﬂow hydrograph for all four ﬂoods is

three ﬂoods.

calculated using those optimized values.
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Values of inﬂow hydrograph, observational and computational outﬂow hydrographs in different modes of using three basic ﬂoods.

Overall, the results of the present study include the
following:

2. When the proposed approach in this study (simultaneous use
of three basic ﬂoods in order to optimize the parameters of
the linear Muskingum method and optimization of outﬂow

1. When a single basic ﬂood is used to optimize the parameters
of the linear Muskingum method, the average values of
mean relative error (MRE) of total ﬂood, the average
values of MRE of peak section of ﬂood and average value
of DPO are calculated as follows: for the ﬁrst ﬂood as 3.47,
2.02 and 2.25%; for the second ﬂood as 12.42, 14.19 and
6.16%; for the third ﬂood as 4.93, 5.84 and 4.15% and for
the fourth ﬂood as 3.62, 2.28 and 2.34%, respectively.
As there are signiﬁcant differences between inﬂow dis-

discharge at the beginning of ﬂood) is used, the above mentioned values are estimated as follows: for the ﬁrst ﬂood as
2.41, 0.99 and 2.13%; for the second ﬂood as 10.83, 11.49
and 3.69%, for the third ﬂood as 3.03, 5.54 and 3.84%, and
for the fourth ﬂood as 2.45, 2.08 and 1.72%, respectively.
As such, considering the uncertainty of inﬂow discharge variations of the ﬂood, the proposed approach will increase the
accuracy of the linear Muskingum method in estimating outﬂow discharge of all four ﬂoods.

charge variations of the second ﬂood (105–1,154 m3/s)
with inﬂow discharge variations in the ﬁrst (221–565 m3/s),
third (222–494 m3/s) and fourth (349–651 m3/s) ﬂoods, the
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