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Real-time correction of antecedent precipitation for the
Xinanjiang model using the genetic algorithm
Sheng-Li Liao, Gang Li, Qian-Ying Sun and Zhi-Fu Li

ABSTRACT
The Xinanjiang model has been successfully and widely applied in humid and semi-humid regions of
China for rainfall–runoff simulation and ﬂood forecasting. However, its forecasting precision is
seriously affected by antecedent precipitation (Pa). Commonly applied methods relying on the
experience of individual modelers are not standardized and difﬁcult to transfer. In particular, the
Xinanjiang daily model may result in obvious errors in the determination of Pa. Thus, a practical
method for estimating Pa is proposed in this paper, which is based on a genetic algorithm (GA) and is
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estimated during a rising ﬂood period. In the optimization process of a GA, Pa values form a
chromosome, the root-mean-squared error between the observed and simulated streamﬂow is
chosen as the ﬁtness function. Simultaneously, the best individual reserved strategy is adopted
between correction periods to avoid complete independence between each optimization process as
well as to ensure the stability of the algorithm. Twenty-seven historical ﬂoods observed at the gauge
station of the Shuangpai reservoir in Hunan Province of China are used to test the presented
algorithm for estimation of Pa, and the results demonstrate that the proposed method signiﬁcantly
improves the quality of ﬂood forecasting in the Xinanjiang model.
Key words
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NOTATION
CRRM conceptual rainfall–runoff model

regions of China since its initial development in the 1970s

DM

daily model

(Ju et al. ; Yao et al. ). The Xinanjiang model intro-

GA

genetic algorithm

duces the conception of a free-water sluice reservoir by

Pa

antecedent precipitation

taking into account the aeration zone’s vertical storage to

RMSE root-mean-squared error

replace Horton’s conceptualization of inﬁltration and
divides runoff into surface runoff, soil ﬂow, and groundwater

INTRODUCTION

ﬂow.

Model

parameters

and

antecedent

precipitation (Pa) are the main factors inﬂuencing the forecasting accuracy of the Xinanjiang model. The model

The Xinanjiang model (Zhao et al. ) is a conceptual

parameters are closely associated with the catchment

rainfall–runoff model (CRRM) which has clear deﬁnitions

characteristics and determine whether the model can reﬂect

of hydrological processes, and interdependent parameters

the runoff generation mechanism correctly. As the calcu-

with explicit physical meanings. Owing to these features, it

lation accuracy largely relies on precise deﬁnition and

has been extensively applied in humid and semi-humid

cannot be directly obtained from measurable quantities of
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catchments’ characteristics, model parameters usually need

computation period and the difﬁculty in obtaining daily

to be calibrated. The earlier use of manual methods and the

data. Thus, the Xinanjiang DM cannot guarantee high preforecasting

results.

In

the

process

of

ﬂood

exploitation of computer-based automatic calibration pro-

cision

cesses later transformed parameter calibrating into a

forecasting in practice, the Pa values need to be constantly

global optimization problem, involving the process of select-

adjusted manually at the beginning of the ﬂood to ensure

ing a set of parameter values until a satisfactory agreement

the simulated process is as close to the actual process as

between simulated and observed catchment behavior is

possible, which is a tedious real-time correction process.

obtained, which has promoted parameter calibration (Sor-

Consequently, it is crucial to seek appropriate ways to

ooshian & Dracup ; Henrik ; Feyen et al. ). A

obtain Pa or an automatic correction algorithm to modify

great many metaheuristic techniques and research algor-

Pa to improve the forecasting precision.

ithms, such as the shufﬂed complex evolution algorithm

To improve the precision of Pa, this paper aims to

(Duan et al. , ; Cooper et al. ), simulated anneal-

exploit an intelligent algorithm in the real-time correction

ing (Rozos et al. ), and particle swarm optimization

process of Pa computed by the Xinanjiang DM. In recent

(Gill et al. ; Goswami & O’Connor ) have been

research, there has been a large amount of literature related

employed for parameter calibration in seeking better opti-

to the application of contemporary soft computing tech-

mal solutions. Among the metaheuristic techniques, the

niques in water resources engineering (Cheng et al. ;

genetic algorithm (GA) has been frequently used (Cheng

Chen & Chau ; Wu et al. ; Chau & Wu ; Taor-

et al. , ; Sharifi et al. ; Awad & Von ;

mina & Chau ; Wang et al. ), promoting great

Wang et al. ) since its ﬁrst application in the calibration

development in hydrology forecasting. However, the GA

of hydrological conceptual models (Wang ). Pa has a

has been declared to be more robust and efﬁcient in achiev-

great impact on forecasting results, directly inﬂuences the

ing global optima and has advantages over classical

simulated streamﬂow process and the runoff volume of a

optimization methods, becoming one of the most widely

ﬂood event, which is one key index for evaluating forecast-

used techniques for solving hydrology and water resource

ing accuracy. For a speciﬁc CRRM, once the model

problems (Kim et al. ; Bakhtyar & Barry ; Bi

structure and its model parameters are determined, the

et al. ). The advantages of GA in solving large-scale

accuracy of Pa becomes the main decisive factor of ﬂood

and complex problems make it suitable to modify the Pa

forecasting accuracy. In the Xinanjiang model, the introduc-

which has multi-variable characteristics in a ﬂood season.

tion of a free-water sluice reservoir of the model makes the

Herein, the GA is adopted in the real-time correction pro-

components of Pa more comprehensive, which also includes

cess to improve the Pa during a rising ﬂood period. In the

soil moisture of the free-water reservoir, S and ﬂow-produ-

algorithm, the ﬁtness function is based on the root-mean-

cing area, FR. Except for the initial upper, lower, and

squared error (RMSE) between the observed and simulated

deeper layer soil moisture, all of these variables cannot be

streamﬂow from the starting time of the precipitation to the

directly obtained from measurable quantities of catchment

current time, aiming to improve the forecasting accuracy of

characteristics.

ﬂood volume as well as the consistency of the predicted pro-

At present, the Pa of a storm ﬂood can be determined by

cess with the actual process.

manual experience or be computed recursively using the
Xinanjiang model within a daily routing period. However,
traditional setting methods based on experiences have not

XINANJIANG MODEL AND PA

been widely used in the actual calculation, due to the
strong subjective consciousness involved and high demand

Overview of the Xinanjiang model

of hydrological professional abilities required. Furthermore,
even though the Xinanjiang daily model (DM) is frequently

The Xinanjiang model is a decentralized hydrological model

used in practice, the Pa obtained by this method is subject to

composed of four sub-models: evapotranspiration, runoff

a certain degree of uncertainty because of a long

generation, water source runoff division, and runoff routing.

Downloaded from http://iwaponline.com/jh/article-pdf/18/5/803/390341/jh0180803.pdf
by guest

805

S.-L. Liao et al.

|

Real-time correction of Pa for the Xinanjiang model using GA

Journal of Hydroinformatics

|

18.5

|

2016

To fully consider the effect of the spatial inhomogeneous of

of the free-water sluice reservoir. The surface runoff is separ-

underlying surface characteristics and meteorological fac-

ated from the total runoff by the overﬂow of the ﬂow-

tors, the basin is divided into several sub-basins, and the

producing area, interﬂow, and groundwater runoff by the

total outﬂow is considered to be a linear superposition of

interﬂow and groundwater outﬂow coefﬁcients, respectively.

the outlet ﬂow of each unit basin. The structure of the

The unit hydrograph or Muskingum method can be used for

Xinanjiang model is shown in Figure 1 (Zhao et al. ).

drainage basin runoff concentration of the outﬂow, inter-

The labels inside the blocks refer to inputs, outputs, state

ﬂow and groundwater ﬂow are routed through linear

variables, and internal variables; those outside the blocks

reservoir methods.

represent parameters of the model, including runoff generating component parameters and runoff routing parameters.

Pa and potential problems in its determination

More details of the Xinanjiang model are explained in
Zhao ().
The evapotranspiration sub-model divides the soil into

Pa, as a reﬂecting variable of the antecedent soil moisture
and runoff capacity, plays an important role in ﬂood fore-

three layers according to the vertical uneven distribution

casting. In the Xinanjiang model, Pa involves ﬁve variables

of the soil. The runoff generation mechanism is based on

(Figure 1): the initial upper layer soil moisture, WU; lower

repletion of storage and is applicable to humid regions

layer soil moisture, WL; deeper layer soil moisture, WD;

with sufﬁcient soil moisture. The drainage basin storage

soil moisture of the free-water reservoir, S; and ﬂow-produ-

capacity curve is the core of the Xinanjiang model, and

cing area, FR. The three-layer soil moisture determines the

fully considers the water storage capacity of the aeration

total runoff volume, and the soil moisture of the free-water

zone and the uneven distribution of the soil moisture. As

reservoir determines the volume of each runoff component,

to the water source runoff division, the Xinanjiang model

affecting the drainage basin runoff concentration of the out-

introduces the structure of the free-water sluice reservoir,

ﬂow. For a ﬂood, the ﬁve variables codetermine the

which fully considers vertical storage of the aeration zone

streamﬂow process and the total runoff volume. Although

and separates the total runoff into three components: sur-

the Pa cannot be directly obtained from measurable quan-

face runoff, interﬂow, and groundwater runoff to replace

tities of catchment characteristics, they can be ascertained

the inﬁltration of CRRM with two runoff components. The

by the empirical method or derived from the Xinanjiang

total runoff obtained from the saturation excess model will

DM in practice. A well-known knowledge of basin charac-

be divided into different parts after the capacity adjustment

teristics and model structure is required in the empirical

Figure 1

|

Structure of the Xinanjiang model. Modiﬁed after Zhao (1992).
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CORRECTION OF PA USING GA

tool. The Xinanjiang DM is the most widely accepted
method for calibrating Pa because of its simplicity and

GA

applicability.
Despite the unique advantages of the empirical method

The GA is a global searching technique that attempts to ﬁnd

and the wide application of the DM, their potential pro-

the optimal solution in a given decision space based on the

blems should not be ignored. The empirical method has

mechanics of biological evolution such as natural selection

rigid requirements for researchers and experts. A long-term

and genetic variation (Goldberg ). It is free from auxiliary

combination of theory and practice is required to become

gradient information and is widely applied because of its

deeply acquainted with the characteristics of the studied

robustness and self-adaptability (Ndiritu & Daniell ;

area and a great deal of rainfall runoff data is essential for

Hakimi-Asiabar et al. ; Hıncal et al. ; Stanislawska

obtaining an accurate Pa value based on the analysis of

et al. ; Ariadji et al. ). The GA uses the idea of ﬁtness

the model structure, physical signiﬁcance, and sensitivity

to analyze the variety of solutions and generate a new and

of the parameters. Therefore, it cannot be employed univer-

better solution. The ﬁtness function is based on the optimality

sally. The DM is an easy-to-implement method with a clear

of the objective function, and each individual has its own ﬁt-

structure for determining the Pa value. However, the calcu-

ness value. Beginning with a randomly generated initial set

lated results are affected by many factors resulting in great

of solutions and progressing to enhance the ﬁtness of each sol-

uncertainty. The main two factors are summarized as

ution through interaction by conduction operators, including

follows:

selection, crossover, and mutation, the GA continues to seek
better solutions until optimal results are obtained.

•

Long time span increases prediction error. For the ﬁrst
storm ﬂood of each year, Pa is usually calculated from
the last storm ﬂood of last year with a long calculation
period. Furthermore, a complete set of input data of the

Correcting Pa is a multi-variable, nonlinear, and single-

study basin is difﬁcult to obtain, resulting in great devi-

objective optimization problem. There are two key points

ation for the preceding affected precipitation of the ﬁrst

in the correction procedure: one is the introduction of the

ﬂood in the year. Without amendment, all the other Pa

•

The real-time correction process based on GA

best individual reserved strategy when initializing the popu-

values in each period are unreliable, which deeply affects

lation, the other is the construction of the ﬁtness function. In

the accuracy of ﬂood forecasting.

addition, the selection of the coding strategy, the determi-

Long routing period homogenizes data distribution.

nation of genetic operation, and the design of control

The actual forecast ﬂood process typically employs 1

parameters are important factors. The key technologies

hour or 3 hours as a routing period. However, the DM

and skills for modifying Pa by GA are listed as follows.

method expands the routing period to 1 day, decreasing
the accuracy of the Xinanjiang model because of the
homogenization of rainfall and evaporation data in the
days, which in turn brings great uncertainty of Pa.

Generating initial population and the best individual
reserved strategy
GA starts with a population in a series of possible individuals generated randomly. The initial individuals are

Owing to the above limitations, the computation of Pa
remains a critical question for the Xinanjiang model.

generated in a feasible region, which depends on the constraints of the problem.

In the process of ﬂood forecasting in practice, Pa needs to

Compared with conventional GA, the real-time correc-

be revised gradually according to the observed and simu-

tion algorithm needs to reinitialize the population at each

lated streamﬂow to ensure the precision of the Xinanjiang

optimal period. To avoid the loss of excellent individuals

model.

and the complete independence between adjacent periods,
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period as an initial individual for the next optimization
period (Pulido & Coello ). The strategy fully considers
the optimum solution of the former correction process,
reserving the possible excellent individual and resulting in
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cess of the best individual.
tb is the beginning time of the real-time correction process, and te is the ending time of the real-time correction
process. The optimum result of the correction time t is
reserved and migrated into the next correction process,
after the last optimal process of time te , the optimum
result turns out to be the ﬁnal result, and the optimal process
comes to an end.

As for the current time tc , the objective function is

ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ1
0v
u
tc
u 1 X
2
min RMSEtc ¼ min@t
(Qst  Qot ) A tc ∈ ðtb , te Þ
tc  t0 t¼t
1

(1)
where t0 is the beginning time of ﬂood forecasting, and it is
also the beginning rainfall time; tc is the current time; Qot is
the observed discharge at time t; Qst is the simulated discharge at time t and RMSEtc is the RMSE at time tc .
When t ¼ t0 ,Qst ¼ Q0t , so in Equation (1), t ranges from t1
to tc .
The ﬁtness function of the GA is designed as the following equation:


Fitness function
The ﬁtness function of GA, which is the sole criterion to

2016

described as:

a more stable and faster discovery for an optimal solution.
Figure 2 shows the reserved strategy and the migration pro-

|

ftc ¼

C  RMSEtc
0

RMSEtc < C
RMSEtc  C

(2)

evaluate individuals, determines the evolutionary directions

where C is a positive constant that ensures the reasonable 
ness of the ﬁtness values. Here C ¼ max Qot .

of the optimal solution. The design of the ﬁtness function is

It is apparent that the ﬁtness function changes over time,

based on practical matters associated with the objective

and its amplitude contrasts with the error between the simu-

function of the problem. The correction of Pa of the Xinan-

lated and observed discharge process; the smaller the error

jiang CRRM is an iterative procedure, in which Pa variable

of the simulated and observed discharge process, the

values are adjusted based on the real-time information.

higher the ﬁtness of the individual.

t0 ttc

The main objective is to look for the best Pa to provide
the best agreement between simulated and observed

Real number coding strategy

values. To measure the closeness of the simulated and
observed results, the minimum RMSE criteria has been

It is necessary to make the coding space consistent with the

most commonly employed and selected as the optimal

solution space appropriately. The selection of the encoding

objective (Boyle et al. ; Cooper et al. ). In this

strategy affects the design of the GA operation, especially

paper, the Pa values are adjusted based on the minimum

the crossover and mutation operator, which consequently

RMSE criterion to estimate the performance of the method.

determines the searching speed and convergent effect.

Figure 2

|

Diagram of the best individual reserved migration.
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Binary coding and real coding are the most common strat-

Crossover: The crossover operation is the key to conver-

egies. The former strategy is easy to encode and decode

gence in the GA and is performed on each mated pair of

but does not easily solve the problem of high dimensions

recombination genes with crossover probability. The cross-

or the continuum function. Compared with the binary

over operation efﬁciently improves the global search

coding, the real coding method is free from encoding and

ability of the algorithm. The common crossover operation

decoding procedures and capable of easily handling com-

includes single point, two points, uniform and arithmetic

plex, high dimension, and multi-constraint problems. Thus,

crossover. Compared with other crossover strategies, arith-

the real coding strategy is adopted in this paper. Five vari-

metic crossover is more simple and effective for real code.

able values of Pa are used to form a chromosome

In this study, an arithmetic crossover is selected and is

representing a dependent individual. The individual xi is

described as:

described as:
xi ¼ (xi1 , xi2 , xi3 , xi4 , xi5 )ði ¼ 1, 2,    , nÞ

x01 ¼ αx1 þ ð1  αÞx2

(5)

x02 ¼ ð1  αÞx1 þ αx2

(6)

(3)

where n is the population size. xi1 , xi2 , xi3 , xi4 , xi5 are respectively
the initial upper layer soil moisture, lower layer soil moisture,
deeper layer soil moisture, the soil moisture of the free-water
reservoir, and the ﬂow-producing area of individual xi .

where x1 and x2 are the parent individuals chosen to make
pairs, x01 and x02 are the offspring, α is a random number
between 0 and 1.
Mutation: Mutation is an important tool to maintain

Genetic operation

diversity and avoid entrapment in local optima. Mutation
probability affects the efﬁciency and accuracy of the algor-

The GA is an evolutionary process involving selection,

ithm. A non-uniform mutation is employed in this paper.

crossover, and mutation operations on the genes of individ-

The non-uniform mutation keeps the population from stag-

uals based on their ﬁtness to generate better offspring,

nating in the early stages of the evolution, seeking the

eventually attaining the optimal or near-optimal solution.

global solution randomly in the initial space and explores

Selection: The offspring receives the superior genes from

solution in later stages of evolution, seeking the local opti-

its parents by the selection operation according to the ﬁtness

mal solution. If gene xij ð j ¼ 1, 2, 3, 4, 5Þ of individual xi is

value. Different selection operators may induce different pro-

selected to perform the mutation operation, then the new

gressive processes. The roulette wheel selection approach, as

individual is x0i ¼ (xi1 ,    , x0ij ,    , xi5 ) and

a genetic operator used in GAs for selecting potentially useful
solutions for recombination, is adopted in the paper. Ranking
schemes of the approach operate by sorting the population on

x0ij ¼



xij þ Δ(k, xjmax  xij ), if random(0, 1) ¼ 0
xij  Δ(k, xij  xjmin ), if random(0, 1) ¼ 1


(7)

the basis of ﬁtness values and then assigning a probability of
selection based upon the rank. The selection strategy ensures

where random(0, 1) is the random result in the range [0, 1],

that the individual with the best ﬁtness is most likely to be

the function Δ(k, y) returns a value in the range [0, y] and it

duplicated and the worst individual is also of a certain possi-

approaches zero of an increasing probability with the

bility to be selected. The probability of individual xi being

increase of k.

selected is described as:

λ

Δ(k, y) ¼ y(1  r)(1k=K)
f(xi )
P(xi ) ¼ Pn
i¼1 f(xi )

(4)

(8)

where r is a random number in the range [0, 1], k is the index
of current evolutional generation, K is the maximum evolu-

where f(xi ) is the ﬁtness of individual xi . P(xi ) is the selection

tional generation, and λ is a parameter that determines the

probability of individual xi .

non-consistent level, which usually ranges from 2 to 5.
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Consequently, the optimal process of each current

Design of GA parameters

period can be summarized as follows:
The initial GA parameters are ﬁrst preset and can be performed interactively based on the visual interfaces, the
parameters include the population size, n; crossover probability, Pc; mutation probability, Pm; maximum iterations,
K; and λ. The population size ‘n’ is designed in an appropriate scope to provide enough decision space as well as limit
the computational burden, which determines the speed of
the algorithm and the accuracy of the solution. Pc is the
crossover probability, which is generally set between 0.5
and 0.8, Pm is the mutation probability, a large Pm is
good for acquiring the optimum solution in an extensive
search, but it may lose the best solution, so Pm is often set
as a small number, between 0.001 and 0.1, λ is a parameter
that determines the degree of dependency with the number

•
•
•
•
•
•

Step 1. Set the GA control parameters: the population
size, n; crossover probability, Pc; mutation probability,
Pm; maximum iterations, K; and λ.
Step 2. Initialize the population randomly. For current
time tc , the optimal solution of the last period is reserved
as an initial chromosome for the new optimal process.
Step 3. Evaluate the ﬁtness value of each individual.
Step 4. If k is equal to K, go to step 6; else, go to step 5.
Step 5. Execute the selection, crossover, and mutation
operations of the individuals. k ¼ k þ 1, and then return
to step 3.
Step 6. The individual with the best ﬁtness value is
selected as the optimal solution.

of iterations. n ¼ 300, Pc ¼ 0.8 and Pm ¼ 0.04, K ¼ 500 and
λ ¼ 2 are employed for each correction during the realtime correction process.

Figure 3

|

Flowchart of the real-time correction of Pa at time tc .
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September and October, and these months are regarded as
the high ﬂow periods. For details of Shuangpai Reservoir

Study area and the design of controlling parameters of

refer to the literature (Xu et al. ).
In this paper, the region is divided into 12 sub-areas

the GA

according to each part’s unique characteristics, and the
The proposed algorithm is applied to Shuangpai Reservoir

sub-areas share the same set of Pa values. Each sub-area is

(Figure 4) in Hunan province of southern China, at the

shown in Figure 4 ‘Rain gauge’. Twenty-seven historical

downstream of Xiaoshui Stream, which is one of the tribu-

ﬂoods for six years between 2005 and 2010 are employed

taries of the Xiangjiang River. The reservoir is used for

to test the effectiveness and correctness of the proposed

ﬂood control, power generation, and irrigation, as well as

algorithm, and one typical ﬂood of the year 2010 is

for aquiculture purposes, with a drainage of 10,594 km2

especially described to present the performance of the pro-

3

and a water holding capacity of up to 373.8 million m .

posed algorithm.

The involved basin is located in a subtropical monsoon

According to the national criteria for ﬂood forecasting

zone with rich rainfalls and dense vegetation cover, and it

in China (National Center of Hydrological Information

is suitable for ﬂood forecasting and ﬂood simulation using

(NCHI) ), the result of forecasting is qualiﬁcatory rela-

the Xinanjiang model. The annual rainfall is 1,500 mm;

tive to peak value, total runoff volume, and peak time for

the averaged depth of runoff is 893 mm and the averaged
3

1

this ﬂood if the absolute percentage error of peak discharge

discharge is 300 m s . The ﬂood events in this area are

and total runoff volume between the simulated and observed

mainly caused by thunderstorms, so the temporal distri-

ﬂoods is less than 20%, and if the difference in peak time is

bution of the rainfall during a given year is signiﬁcantly

within a routing period, respectively. The comparisons of

uneven in this area. 45.9% of the total rainfall occurs in

three characteristics of the selected ﬂoods have been

April and June, and 34% of the total rainfall occurs in

adopted to test the proposed algorithm. A typical ﬂood in

Figure 4

|

Map of the Shuangpai area with locations of rain gauge stations.
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at 11:00 on June 20 and ended at 8:00 on June 21, with a

The ranges of Pa variables

duration time of 21 hours involving seven periods, and

Variable

WU (mm)

WL (mm)

WD (mm)

S (mm)

FR

Upper limit

18.0

63.0

46.0

12.9

1.0

The maximum 3-hour precipitation is 30 mm and the 24-

Lower limit

0

0

0

0

0

hour precipitation is 84.5 mm of the rainfall. The values of

after 17:00 of June 21, intermittent light rain continued.

the three important characteristics among the observed
data are as follow: the peak discharge is 5 m 829.2 m3 s1,

2010 and a total of 27 historical ﬂoods with 3-hour routing

the total runoff volume is 770 million m3, and the peak

periods between 2005 and 2010 are extracted for the

time occurred at 8:00 on June 21.

study. Table 1 lists the initial ranges of Pa variable values

The forecasting process starts with the rainfall beginning;

and Table 2 shows the parameter values of the Xinanjiang

the observed and simulated rainfall–runoff processes are

model which are calibrated from historical ﬂood data

shown in Figure 5, including the observed hydrographs and

(Cheng et al. , ; Wang et al. ).

one simulated process for which the Pa values are calculated
by Xinanjiang DM without correction: simulated (DM)

Analysis of a typical ﬂood

shown in Figure 5, and three simulated processes with realtime corrected Pa by GA: simulated (GA-17:00); simulated

The ﬂood 20100621 (date: 21/06/2010), a typical thunder-

(GA-20:00); simulated (GA-23:00) shown in Figure 5. It can

storm ﬂood of the year 2010, is selected to evaluate the

be seen from Figure 5 that all of the simulated hydrographs

performance of the proposed algorithm. The rainfall began

share the same peak time with the observed, occurring at

Table 2

|

Parameter values of the Xinanjiang model

Parameter

Um

Lm

Dm

B

Im

K

C

Sm

Value

18

63

46

0.55

0.02

0.74

0.14

12.9

Parameter

Ex

Kg

Ki

Cg

Ci

Cs

Ke

Xe

Value

1.4

0.27

0.38

0.87

0.21

0.15

1.93

0.21

Figure 5

|

The rainfall, observed hydrographs, and simulated hydrographs (DM and GA) for ﬂood 20100621.
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at 23:00 on June 20 are obviously changed with a reduction

Pa values based on DM and the real-time correction Pa values based on GA

to be consistent with the forecasting rainfall–runoff process.

Method

The value of WU decreases from 17.3 to 16.8 mm, WL with
GA

a reduction of 11.6 mm, and WD derives a lower value of

Correction time
(mm/dd/hh:00)

DM
–

06/20/17:00

06/20/20:00

06/20/23:00

Pa

17.3
63.0
46.0
2.3
0.95

17.0
58.1
44.0
2.4
0.92

16.9
54.6
44.0
3.2
0.9

16.8
51.4
44.0
3.6
0.85

WU (mm)
WL (mm)
WD (mm)
S (mm)
FR

44.0 mm and the total value of WU, WL, and WD reduces
from 126.3 to 112.2 mm after the real-time correction.
Such reduction demonstrates that Pa modiﬁed by GA
turns out to conform better to the actual process. Consequently, the simulated rainfall–runoff process with a lower
deviation matches better with the actual process, as shown
in Figure 5 and Table 4.

8:00 on June 21. However, the simulated rainfall–runoff pro-

Table 4 lists the statistical information of the result for the

cess exhibits a big gap with the actual process if Pa directly

simulated ﬂood streamﬂows based on the Xinanjiang DM and

obtained by Xinanjiang DM is not modiﬁed, meaning low fore-

the ﬁnal modiﬁed results by GA for comparison. From

cast accuracy. Otherwise, in the forecasting process, if the real-

Table 4, we can see that although the simulated result using

time correction of Pa by GA is considered and performed, a

Pa by DM is eligible to the total runoff volume and peak

high accuracy of forecasting rainfall–runoff process would be

time, it is incompetent to the peak discharge for its percentage

achieved. As well, with the increase of the observed data and

error of 20.34%, exceeding the limitation of 20%. On the other

the simulated data participating in the real-time correction of

hand, after the gradual correction on Pa by GA, all the simu-

Pa by GA, a higher accurate Pa is obtained resulting in a

lated results have smaller errors than the results by DM, and

higher forecast accuracy, as shown by the simulated processes

are qualiﬁcatory to the criteria. Seen from the optimum

GA-17:00, GA-20:00, and GA-23:00 in Figure 5.

result after the correction at 23:00 on June 20, it has the absol-

Table 3 shows the initial Pa calculated by DM and the

ute peak discharge percentage error of only 3.20%, the total

real-time correction results modiﬁed by GA, respectively.

runoff volume decreases from 13.38 to 1.18%, and the same

Pa values are corrected by GA at each period according to

peak time of that as Pa calculated by DM. Thus, the simulated

the RMSE using the observed and simulated discharge. As

result based on the modiﬁed Pa values optimized by GA are

can be seen in Table 3, compared with the initial values

qualiﬁcatory related to the peak discharge, total runoff

computed by DM, the majority of the Pa values optimized

volume, and peak time.

Table 4

|

Comparison between DM and GA

Method

GA
DM
–

Correction time (mm/dd/hh:00)
1

06/20/17:00

06/20/20:00

06/20/23:00

Peak discharge

Observed (m³ s )
Simulated (m³ s1)
Error (m³ s1)
Error (%)

5,829.2
7,014.6
1,185.4
20.34

5,829.2
6,502.9
673.7
11.56

5,829.2
6,288.6
459.4
7.88

5,829.2
6,015.1
185.9
3.19

Total runoff volume

Observed (108 m³)
Simulated (108 m³)
Error (108 m³)
Error (%)

7.70
8.73
1.03
13.38

7.70
8.24
0.54
7.02

7.70
8.03
0.33
4.22

7.70
7.79
0.09
1.18

Peak-time

Observed (mm/dd/hh:00)
Simulated (mm/dd/hh:00)
Error number
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06/21/08:00
06/21/08:00
0

06/21/08:00
06/21/08:00
0

06/21/08:00
06/21/08:00
0

06/21/08:00
06/21/08:00
0
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and total runoff volume for all ﬂoods. Table 6 shows the statistical results of the DM and GA.

Twenty-seven historical ﬂoods from 2005 to 2010 are

The statistical results from Tables 5 and 6 indicate that

employed to verify the performance of the proposed algor-

only 16 of the 27 ﬂoods simulated with Pa calibrated by

ithm. As the algorithm has little inﬂuence on the peak

Xinanjiang DM are qualiﬁcatory considering the error of

time, here we list only the results of peak discharge and

peak discharge, and 21 ﬂoods are qualiﬁcatory considering

total runoff volume for comparison. Table 5 presents the

the error of the total runoff volume; while after the real-

simulated results of peak discharge and total runoff

time correction by GA, all of the 27 ﬂoods have smaller

volume based on Pa calculated by the Xinanjiang DM and

errors than those without correction of Pa. Moreover, for

modiﬁed by GA, and the observed results of peak discharge

26 of the 27 ﬂoods, the simulation results have an absolute

Table 5

|

Comparisons of peak discharge and total runoff volume based on Pa from DM and GA

Peak discharge

Total runoff volume
DM

GA

DM

GA

Floods

Observed

(m³ s 1)

20050213

2,089.9

1,961.2

6.16

2,156.9

3.21

3.38

3.63

7.21

3.44

1.70

20050619

3,956.9

4,852.5

22.63

4,243.7

7.25

7.75

8.89

14.71

7.74

0.13

20060608

3,353.0

4,256.0

26.93

3,353.2

0.01

5.66

6.69

18.20

5.90

4.24

20060613

2,257.6

2,264.5

0.31

2,251.6

0.27

3.77

4.33

14.85

4.35

15.38

20060804

2,499.7

2,184.6

12.61

2,361.8

5.52

4.32

4.11

4.86

4.39

1.62

20070429

1,947.7

1,261.8.3

 35.22

1,903.2

2.28

3.11

2.09

32.72

2.99

4.00

20070603

3,398.4

3,126.9

7.99

3,221.5

5.21

4.20

4.12

1.90

4.22

0.48

1.27

8.86

11.16

25.92

9.35

5.56

5.02

6.26

24.72

5.31

5.88

Simulated

(m³ s 1)

Error (%)

Simulated

(m³ s 1)

Error
(%)

Observed
(108 m³)

Simulated
(108 m³)

Error
(%)

Simulated
(108 m³

Error
(%)

20070607

7,326.6

9,111.6

24.36

7,419.8

20070613

3,398.4

4,367.0

28.50

3,388.5

20080509

1,511.2

1,424.0

5.77

1,446.7

4.27

2.19

2.08

5.02

2.12

3.20

20080613

7,642.2

10,053.7

31.56

7,663.0

2.72

14.58

16.39

12.45

13.12

10.02

2.9

20090424

875.3

864.3

1.26

868.1

0.82

0.90

0.88

2.78

0.89

1.77

20090519

3,138.0

2,928.6

6.67

2,874.1

8.41

4.64

4.12

11.16

4.28

7.89

20090602

896.5

793.7

11.47

890.0

0.73

1.32

1.27

3.30

1.37

3.79

20090611

1,569.9

1,880.2

19.77

1,666.4

6.15

1.97

2.77

40.33

2.26

14.72

20090728

1,399.7

1,679.8

20.01

1,413.2

0.96

1.72

2.33

35.46

1.59

7.56

20100416

3,139.1

3,300.9

5.15

3,192.2

1.69

6.78

6.86

1.18

6.58

2.95

20100421

3,454.2

3,507.4

1.54

3,233.6

6.39

4.60

5.43

18.04

5.12

11.30

20100426

1,351.4

1,444.1

6.86

1,269.1

6.09

1.14

1.38

21.05

1.26

10.53

20100513

2,706.5

3,339.9

23.40

2,758.4

1.92

3.96

4.22

6.57

3.47

12.37

20100519

1,602.9

1,552.5

3.14

1,602.9

0.00

1.56

1.53

1.92

1.58

1.28

20100522

2,691.4

2,366.6

12.07

2,795.4

3.86

2.66

2.30

13.53

2.66

0.00

20100531

3,270.0

4,693.6

43.54

3,109.2

4.92

5.79

6.65

14.85

5.10

11.92

20100609

1,036.8

1,307.6

26.12

1,038.0

0.12

1.30

1.48

13.85

1.26

3.08

20100613

3,270.1

3,778.6

15.55

2,919.4

10.72

4.92

5.54

12.60

4.61

6.30

20100617

2,683.1

3,209.5

19.62

2,680.2

0.11

3.51

4.12

17.38

3.65

3.99

20100621

5,829.2

7,014.6

20.34

6,015.1

3.19

7.70

8.73

13.38

7.79

1.18
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meet the demand for timely and accurate forecasts in hydrol-

Statistical result comparison of DM and GA

Qualiﬁcatory peak
discharge

Qualiﬁcatory total runoff
volume

Number

Number

ogy, further research focused on atmospheric coupling is an
important guidance for ﬂood forecasting.

Method

DM

16

GA

27

Ratio (%)

69.57
100

21
27

Ratio (%)

91.30
100
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rection algorithm for Pa based on GA performs efﬁciently,
the proposed algorithm are able to improve the forecast
accuracy of the Xinanjiang model and ensure the reliability
and applicability of the forecast result.

CONCLUSIONS
Antecedent precipitation has a signiﬁcant impact on the process of runoff production during a rainstorm, especially for
peak discharge and total runoff volume. Thus, to improve
the performance and accuracy of the Xinanjiang model for
rainfall–runoff simulation and ﬂood forecasting, one key
step is to appropriately determine the value of Pa. This
paper proposes a solution for determining the Pa values in
the Xinanjiang model.
The proposed algorithm considers Pa values as a
chromosome, employs the RMSE between the observed
and simulated streamﬂow as the ﬁtness function, and
adopts the best individual reserved strategy in the optimization process. This method can obtain more reasonable Pa
values than conventional methods such as the empirical
method and DM. Finally, 27 historical ﬂoods with 3-hour
routing periods in Shuangpai Reservoir are employed to
test the effectiveness and correctness of the algorithm; the
results prove that the algorithm can signiﬁcantly improve
the ﬂood forecasting quality of the Xinanjiang model. However, rainfall data acting as the main input of the CRRM,
directly determine the model output precision. In order to
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