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Real-time ﬂood forecast using the coupling support vector
machine and data assimilation method
Xiao-Li Li, Haishen Lü, Robert Horton, Tianqing An and Zhongbo Yu

ABSTRACT
An accurate and real-time ﬂood forecast is a crucial nonstructural step to ﬂood mitigation. A support
vector machine (SVM) is based on the principle of structural risk minimization and has a good
generalization capability. The ensemble Kalman ﬁlter (EnKF) is a proven method with the capability of
handling nonlinearity in a computationally efﬁcient manner. In this paper, a type of SVM model is
established to simulate the rainfall–runoff (RR) process. Then, a coupling model of SVM and EnKF
(SVM þ EnKF) is used for RR simulation. The impact of the assimilation time scale on the SVM þ EnKF
model is also studied. A total of four different combinations of the SVM and EnKF models are studied
in the paper. The Xinanjiang RR model is employed to evaluate the SVM and the SVM þ EnKF models.
The study area is located in the Luo River Basin, Guangdong Province, China, during a nine-year
period from 1994 to 2002. Compared to SVM, the SVM þ EnKF model substantially improves the
accuracy of ﬂood prediction, and the Xinanjiang RR model also performs better than the SVM model.
The simulated result for the assimilation time scale of 5 days is better than the results for the other
cases.
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INTRODUCTION
Accurate real-time ﬂood forecasts are crucial for water

method based on the SVM by identifying an appropriate

resources planning and management, and reservoir and

model structure and relevant parameters. In order to

river regulation (Chang & Chen ; Rajurkara et al.

achieve an optimal training data set, Sivapragasam &

). Many approaches in artiﬁcial intelligence have been

Liong () divided the ﬂow range into three zones, includ-

exploited for hydrological forecasting, such as artiﬁcial

ing high, medium, and low zones, and used different SVM

neural networks (Coulibaly et al. ; Taormina et al.

models to forecast daily ﬂows in different zones. Yu et al.

), genetic algorithm (Cheng et al. ), fuzzy theory

() predicted hourly ﬂood stages in real time using the

(Nayak et al. ) and support vector machine (SVM)

SVM, and performed a sensitivity analysis on lagged input

(Yu et al. ). Hydrological applications of the SVM

variables of the SVM.

have been investigated. Sivapragasam et al. () used the

Although the SVM model has been broadly used in ﬂood

SVM model to perform one-lead-day rainfall–runoff fore-

forecasting, the SVM model predictions usually substantially

casting. Choy & Chan () determined objectively the

deviate from observations (Sivapragasam et al. ; Sivapra-

framework of the radial basis function network using the

gasam & Liong ). Sivapragasam & Liong () showed

SVM, and applied such a network to simulate the relation-

that the error is mainly due to a lack of training data in the

ship between rainfall and runoff. Yu et al. ()

model preparation. The data assimilation method can help

combined chaos theory and the SVM to forecast daily

to reduce prediction error and results in the best state esti-

runoff. Bray & Han () developed a runoff prediction

mates (Reichle et al. ). The ensemble Kalman ﬁlter
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(EnKF), an important data assimilation method, has been
widely applied in meteorological, oceanographic, and hydrological forecasting (Weerts & Serafy ; Lü et al. a,
b). Reichle et al. () used the EnKF to forecast soil
moisture and obtained satisfactory results compared to the
variational assimilation method. Crow & Wood ()
applied the EnKF to assimilate soil brightness temperature
into a land-surface model and found that this assimilation
method was more competitive than other approaches. Moradkhani & Hsu () used a conceptual hydrologic model
coupling the EnKF data assimilation method to forecast
the RR process and found that the updating procedure
using online measured runoff improved runoff forecasts.
Kashif Gill et al. () simulated soil moisture changes by
combining the SVM and the EnKF. The results showed
that the simulated results were very consistent with the
observed results. To our knowledge, SVM and EnKF have
not been coupled to forecast the rainfall–runoff process.
In this paper, the goal is to simulate the RR process by
coupling the SVM and EnKF methods. The three main

Figure 1

|

Location map for the study area.

research problems are: (1) to evaluate the SVM model in
the study region; (2) to couple the SVM and the EnKF assimilation method; and (3) to compare the simulated results

average rainfall is about 2,330 mm (during the ﬂood season

among the SVM method, the SVM þ EnKF method, and

from April to September, rainfall is about 1,890 mm, 81%

the Xinanjiang RR model. The study region is located in

of the total annual precipitation). The variance of annual pre-

the Luo River Basin, Guandong Province, China.

cipitation is about 1,090 mm2. The average streamﬂow into
the Nangao Reservoir is 8.76 m3/s. Mean annual volume is
2.76 × 108 m3. The variance of annual average streamﬂow
is 3.40 (m3/s)2.

METHODOLOGY

The main goal of this paper is to develop the SVM
model and the SVM þ EnKF model to forecast the stream-

Study area and data set description

ﬂow at the Nangao Reservoir. It is well known that the
The main study area (see Figure 1) is the Luo River Basin
2

appropriate input variables contain important features

located in Guangdong, China. The area is about 150 km .

about the complex autocorrelation structure in the data

Four rain gauges and evaporation stations were selected in

sets. In order to simplify the calculations, we used the pre-

the main streams of the basins: Nangao, Luoyan, Dingyang,

cipitation (P) as an input variable for the models and the

and Nanwan. Precipitation and evaporation data from the

discharge (Q) as the output variable. In the model, the

four rain gauges, and four evaporation stations in the area

value of P is substituted by [P–EP], where P represents

were used for daily runoff simulations. Daily rainfall and

the mean precipitation and EP is the mean potential

evaporation data are available from these four stations, and

evapotranspiration.

daily streamﬂow data are available from the Nangao hydro-

To ensure that all variables receive equal weights during

logic control stations for the nine-year period of 1994–

the training process, it is necessary to normalize the raw

2002. Type E-601 evaporation pans were used to observe

data (precipitation) to the interval from 1 to 1 or from 0

the amount of evaporation during this period. Annual

to 1. Therefore, the SVM and SVM þ EnKF models process
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For the linear SVM regression model, suppose that the
training sample set is

0.9. The scaling and reverse scaling formulas are as follows:


P(t)  Pmin
Pn (t) ¼ 0:1 þ 0:8 ×
Pmax  Pmin

S ¼ {(x1 , y1 ), . . . , (xl , yl )} ∈ (X, Y)l ,





Qobs (t)  Qmin
Qn,obs (t) ¼ 0:1 þ 0:8 ×
Qmax  Qmin

X ¼ Rn , Y ¼ R

(4)

(1)
The SVM regression for the linear case is to ﬁnd a linear
regression function, f(x) ¼ 〈w, x〉 þ b, which can best


(2)

approximate the actual output vector Y, with an error tolerance ε, and is concurrently as ﬂat as possible. Here, w ∈ Rn ,
b ∈ R are the parameter vectors of the regression function.

1:0
Qsim (t) ¼ Qmin þ
× (Qn (t)  0:1) × (Qmax  Qmin )
0:8

(3)

The regression function is such that
jyi  f(xi )j  ε,

i ¼ 1, . . . , l

(5)

where P(t) is the observed precipitation data; Pn (t) is the
scaled precipitation data at time t; Pmin and Pmax are the
minimum and maximum of precipitation data series

The linear regression problem can be expressed as the
following convex optimization problem:

during the simulation period; Qobs (t) is observed streamﬂow;
Qn,obs (t) is normalized observed streamﬂow; Qn (t) is the
simulated streamﬂow using the SVM model; Qsim (t) is the

min

(w,b,ξ,ξ

l
X
1
jjwjj2 þ C
(ξi þ ξi )
)2
i¼1

(6)

reverse scaled streamﬂow; Qmin and Qmax are the observed
minimum and maximum of the streamﬂow.

The SVM model and model construction
The original SVM, introduced in 1992 (Boser et al. ;
Cortes & Vapnik ; Vapnik ), can be characterized
as a supervised learning algorithm capable of solving
linear and nonlinear classiﬁcation problems. The main
building blocks of SVM are structural risk minimization,
originating from statistical learning theory, which was
mainly developed by Vapnik & Chervonenkis (), nonlinear optimization and duality and kernel induced
features spaces, underlining the technique with an exact
mathematical framework. Meanwhile, several extensions
to the basic SVM have been introduced, e.g., for multiclass classiﬁcation as well as regression and clustering pro-

subject to
f(xi )  yi  ξi þ ε, i ¼ 1, . . . , l
yi  f(xi )  xξi þ ε, i ¼ 1, . . . , l
ξi , ξi  0, i ¼ 1, . . . , l

(7)

where C indicates the capacity parameter cost, ξi and ξi
determine the degree to which sample points are penalized
if the error is larger than ε.
Most real-world problems are nonlinear. The method of
solving this limitation is to map the input data into a higher
dimensional feature space, and then perform the linear
regression in this feature space. The decision function can
be expressed as Equation (8):
f(w, b) ¼ w  ϕ(x) þ b

(8)

blems, making the technique broadly applicable in the
data mining area. Recently, some applications of the SVM

where ϕ(x) is a nonlinear function that maps x into a feature

model or SVM regression model have been used in the pre-

space. Similarly, the nonlinear regression problem can be

diction of rainfall–runoff process, rainfall, and river ﬂow

expressed as the following optimization problem:

(Sivapragasam et al. ; Bray & Han ; Sivapragasam
& Liong , ; Yu et al. ; Lin et al. ; Wu et al.
).
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< yi  (w  ϕ(xi ) þ b)  ε þ ξi
(w  ϕ(xi ) þ b)  yi  ε þ ξi
:
ξi , ξi  0, i ¼ 1, 2, . . . , l

(10)

minimizing the conﬁdence interval of the learning machine,
and minimizing the second term corresponds to minimizing
the empirical risk. The parameter C controls the ﬂatness of
the regression function. An increase penalizes large errors
and, consequently, leads to a decrease in approximation
error. Increasing the weight vector norm ‖w‖ can also achieve
this result. Figure 2 explains that the principle of nonlinear
SVM, ε is the Vapnik’s insensitive loss function, ξi and ξi are
the slack variables. ⊕ denotes the support vector, while Δ
depicts the data within the margin. Figure 2 presents the separation ability of SVM which depends on both training error and
margin. A large margin results in a low training error, but overﬁtting might occur. A small margin brings out a large training
error. Hence, the ideal model is to reach the tradeoff between
margin determination and training error control.
A technique for solving the optimization problem
of Equations (9) and (10) is to use the dual form
by introducing a dual set of Lagrange multipliers, α*
and α. The dual form of the nonlinear SVM can be expressed as
l
1X
(αi  αi )(αj  αj )〈ϕ(xi )  ϕ(xj )〉
(αi ,αi ) 2
i,j¼1

min


(αi þ αi ) 

i¼1

Figure 2

2014

l
X

yi (αi  αi )

Nonlinear SVM with Vapnik’s ε-insensitive loss function (Yu et al. 2006).
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l
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(αi  αi ) ¼ 0; 0  αi  C, i ¼ 1, . . . , l;

0  αi  C, i ¼ 1, . . . , l:

(12)

where i ¼ 1, . . . , l is the sample size.
In

Equation

(11),

it

is

difﬁcult

to

compute

〈ϕ(xi )  ϕ(xj )〉 because little knowledge may be available
to select an appropriate nonlinear function, ϕ. An advantage of SVM is that the nonlinear function ϕ(x) need not
be used. The computation in input space can be performed using the kernel function: K(xi , xj ) ¼ 〈ϕ(xi ), ϕ(xj )〉.
Any functions that satisfy Mercer’s theorem can be
used as a kernel. Some commonly used kernels in SVM
are linear kernel, polynomial kernel, sigmoid kernel,
and radial basis function kernel. Dibike et al. ()
applied different kernels in the SVM model to simulate
the rainfall–runoff process and demonstrated that the
radial basis function outperformed other kernel functions. In this paper, the Gaussian radial basis function
is used as the kernel function:
K(xi , xj ) ¼ exp (  γjjxi  xj jj2 ),

for γ>0

(13)

Because a detailed analysis for solving Equations (11)
(11)

i¼1

|

|

i¼1

In Equation (9), minimizing the ﬁrst term is equivalent to

l
X

16.5

subject to

subject to

þε

|

and (12) can be found in Cristianini & Shawe-Taylor
(), it is omitted here. The kernel function allows
the decision function of the nonlinear SVM to be
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following model structure. The streamﬂow at time t corre-

expressed as follows:

lates with the past streamﬂow at times t  1, t  2, …. So,
f(x) ¼

lk
X

(αi  αi )K(xi , x) þ b

(14)

i¼1

where lk (lk < l) is the number of selected sample points
or support vectors, and K is the kernel function.

the current and the observed times are t  1, t  2, etc.,
and the future (forecasted) time is t, and the future precipitation (i.e., P(t)) is assumed to be known in this model.
Precipitation data that are assumed to be known at times
t, t  1, . . . , t  N þ 1 (N day: TPI) and streamﬂow data

The key point for the nonlinear SVM is to ﬁnd the fol-

(simulated) at times t  1, t  2, . . . , t  N þ 1 (N  1 day)

lowing three parameters: the radius of the insensitive tube,

are used to predict the streamﬂow at t (where t denotes

ε, the cost constant, C, and the kernel parameter, γ. These

the day). The forecasting model in a real time fashion can

parameters are mutually dependent. The detailed meanings

be expressed as the following equation:

of parameters C and ε can be found in Yu et al. ().
Determining appropriate values of C and ε is often a heuristic trial-and-error process. The main methods for selecting

Qn (t) ¼ fsvr (Pn (t), Pn (t  1), . . . , Pn (t  N þ 1)
Qn (t  1), Qn (t  2), . . . , Qn (t  N þ 1))

(15)

the values of C, ε, and γ are the empirical method and the
grid search method. The optimal values of SVM parameters

where the function fsvr indicates the SVM model; t is time

may vary substantially among cases (Yu et al. ). In the

(day); Pn (t), Pn (t  1), and Pn (t  N þ 1) are the normalized

hydrologic model, some experiences of parameter selection

precipitation data at times t, t1, …, t–N þ 1 (N day);

in the applications of SVM can be found (Mattera & Haykin

Qn (t  1), Qn (t  2), . . . , Qn (t  N þ 1) are the simulated

; Liong & Sivapragasam ; Choy & Chan ;

normalized streamﬂow at time t  1, . . . , t  N þ 1, (N1

Cherkassky & Ma ). The key points for parameters C

day); Qn (t) is the simulated normalized streamﬂow at the

and ε are: (1) C is sensitive to the results between 0 and

future time t. N is TPI of the runoff process.

100, and C and ε converge quickly in the trial-and-error process (Liong & Sivapragasam ); (2) C should be equal to

Ensemble Kalman ﬁlter

the range of output data and parameter ε should be selected
such that the percentage of support vector (SV) in the SVM

The well-known extended Kalman ﬁlter (EKF) can be used

regression model is around half of the number of samples

for nonlinear procedures, but it is notoriously unstable if

(Mattera & Haykin ); (3) C does not markedly affect

the nonlinearities are strong. Error covariance integration

the optimization results (Choy & Chan ). Detailed infor-

for large-scale environmental systems results in relatively

mation about the parameters C and ε can be found in

large computational demand (Gelb ). To overcome

Cherkassky & Ma ().

these limitations, the EnKF was introduced by Evensen

In this study, a SVM model is developed to simulate the

(). The EnKF has an advantage over the other ﬁltering

streamﬂow at the Nangao Reservoir. The streamﬂow

techniques as it uses a limited number of model states and

responds to the precipitation and runoff from the rainfall–

results in faster convergence. The EnKF has been widely

runoff process. The spatial distribution of precipitation is

used in data assimilation of hydrological ﬁelds for several

not considered. The average rainfall data were calculated

reasons. The sequential structure is convenient for proces-

using the Thiessen polygon method. The average rainfall

sing remotely sensed measurements in real time, it

data were used as the input data of the SVM model. In the

provides information on the accuracy of its estimates, and

SVM model, we introduce a new concept, N: the time of pre-

it is relatively easy to implement even if the land surface

cipitation impact (TPI), which is a parameter in the model.

model and measurement equations include thresholds and

The TPI (N) is often larger than the lag time and the concen-

other nonlinearities. Moreover, the EnKF is able to account

tration time. The TPI (N) is related to the lag time,

for a wide range of possible model error, but it relies on a

concentration time, soil type, and vegetation. Therefore, N

number of assumptions and approximations that may

is determined as a parameter, which can be selected in the

compromise its performance in certain situations.
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< Q
n ðtÞ> ¼
(16)
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(21)

i
i
Qi
n (t) ¼ fsvr (Pn (t), . . . , Pn (t  N þ 1),

i ¼ 1, . . . , M

16.5

M
1 X
1

i

½ðQi
n ðtÞ þ <Qn ðtÞ>ÞðQn ðtÞ  <Qn ðtÞ>Þ
M  1 i¼1

forecasting model is executed for each ensemble member i.

iþ
i
Qiþ
n (t  1), . . . , Qn (t  N þ 1)) þ W (t),

|

M
1X
<Qi
n ðtÞ>
M i¼1

(22)

where Equation (19) calculates the new optimal estimate
Pin (τ) ¼ Pn (τ) þ ζ i (τ), ζ i (τ) − N(0, R(τ))

(17)

vector of hydrological states after assimilation; Kt is the
gain-term (also known as Kalman gain) which calculates

where, the nonlinear function fsvr is a regression function

the weight between the forecast model and observation

(see Equation (15)); Qi
n ðtÞ is the ith ensemble member prediction at time t. Qiþ
n stands for the ith updated ensemble
i
member; Pn ðτÞ is the ith perturbed forcing variables at
i

states; Ft is the prior estimate of error covariance and
approaches zero.

time τ, τ ¼ t; t  1; . . . ; t  N þ 1; W ðtÞ ð−Nð0; ΦðtÞÞÞ and

method to estimate the state variables and determine

ζ i ðτÞð−Nð0; RðτÞÞÞ represents the forecast model noise and

the impact of the assimilation time scale (ATS) on the

forcing noise which are assumed to be independent of

simulation results. When the precipitation and evapotran-

white noises and normal distributions; ΦðtÞ and RðτÞ

spiration are available daily, but the streamﬂow data are not

show forecast noise covariance and observation noise

available at all times, the impact of the assimilation time

Here, we will couple the SVM model and the EnKF

covariance, respectively; M is the ensemble member. The

scale on the simulation results is an important problem. In

observation map can be expressed using the following

this paper, we suppose that the streamﬂow data become avail-

equation; the ‘+’ superscript denotes that the estimate is a

able in ATS-day sets (it is not available for the next ATS days

posteriori, the ‘  ’ superscript denotes that the estimate is

and so on). The ATS ¼ j day means that there is not assimila-

a priori.

tion for j continuous days, then there is assimilation for
continuous j days (assimilation at every time step), respect-

Qin;obs ðtÞ ¼ HQn ðtÞ þ εi ðtÞ; εi ðtÞ − Nð0; SðtÞÞ

(18)

ively. The longer the continuous assimilation time, the more
improved the model structure. The algorithm of the SVM

where H is an observation map that converts the simulated

+EnKF model is described in the followings steps (Figure 3).

hydrological catchment state Qn ðtÞ to the observation

Step 1: Initializing state estimate sample (M), TPI (N)

Qin;obs ðtÞ and εi ðtÞ represents the noise term with zero

and the length of the simulation time (T). It is necessary

mean and speciﬁed covariance S(t). The other process of

to choose an ensemble of initial state estimates that cap-

the EnKF is updating, which is also deﬁned as a corrector.

tures the initial probability distribution. The precipitation

When observational data are available, the corrector incor-

and the discharge are initialized through perturbations

porates a new measurement into the priori estimate to

via adding noise to original values (Georgakakos ;

obtain an improved posteriori estimate at the same time.

Weerts & Serafy ).

The related calculations are as follows:
Qiþ
n ðtÞ

¼

Qi
n ðtÞ

þ

Kt ðQin;obs ðtÞ



Qi
n ðtÞÞ

Kt ¼ Ft HT ðHFt HT þ Stþ1 Þ1
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equal to the ﬁrst guess observation and the covariance
equal to W.
Step 4: Coupling the SVM and the EnKF. The result of
previous calibration by the EnKF is fed back into the SVM
model as an input to perform the next time step in the
forecast.
The Xinanjiang RR model and parameter calibration
method
The Xinanjiang RR model as the traditional conceptual RR
model is employed as a comparison with the SVM model
and the SVM+EnKF model. Thus the streamﬂows are also
simulated by the Xinanjiang RR model. The Xinanjiang
RR model was ﬁrst published in 1980 (Zhao ). It is a
conceptual watershed model. The main feature of the Xinanjiang RR model is the concept of runoff formation on
repletion of storage, which means the runoff production
occurs only when the soil moisture content of the aeration
zone reaches ﬁeld capacity. The Xinanjiang RR model consists of four major parts: evapotranspiration, runoff
production, runoff separation, and ﬂow routing. Figure 4
shows the structure of the Xinanjiang RR model.
All symbols inside the blocks are variables while those
outside the blocks are parameters. The variables include
inputs, outputs, state variables, and internal variables. The
Figure 3

|

inputs are areal mean rainfall, P, and measured pan evapor-

Flowchart of the SVM þ EnKF model.

ation, EP. The discharge, TR, from the whole basin and the
actual evapotranspiration, EA, which includes three com-

Step 2: Running the SVM model. The SVM model is

ponents EU, EL, and ED are outputs. The state variables

used to predict the future model state as the prediction pro-

include the areal mean free water storage, S, and the areal

pagates the state forward in time. In this study, N

mean tension water storage, W which has three components

precipitation values and N  1 runoff values are used as

WU, WL, and WD in the upper, lower, and deeper layers,

input data in the SVM model to predict runoff. Only the

respectively. In addition, the FR is a runoff contributing

ﬁrst N  1 runoff observation datum is applied to predict

area factor relating to W. The remaining symbols are internal

the Nth runoff value, then the predicted value is added to

variables, which include R, RB, and QSIM. R indicates the

the input sequence to predict the next step.

runoff produced from the previous area, which is divided

Step 3: Updating by the EnKF. When the observed

into three components RS, RI, and RG regarded as surface

runoff is available, the EnKF is applied to update the pre-

runoff, interﬂow, and groundwater runoff, respectively. The

dictive

a

three components are further separated into TRS, TRI, and

runoff

as

Equations

(18)–(22).

There

is

difference between the EnKF and the classical ﬁlter. In

TRG and together form the total inﬂow to the channel net-

EnKF, the measurements are treated as random variables

work of the sub-basin. The QSIM is the outﬂow of the sub-

obtained from an ensemble. The ensemble is generated by

basin. K is the ratio of potential evapotranspiration to pan

the Monte Carlo method from a distribution with mean

evaporation. WM shows the areal mean tension water
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Structure of the Xinanjiang RR model (Zhao 1992).

capacity including three components which are UM, LM, and

data subtracted from unity. It can range from ∞ to 1. An efﬁ-

DM. The tension water capacity distribution curve is indi-

ciency of 1 (CE=1) corresponds to a perfect match of

cated by B. IM shows the factor of an impervious area. SM

modeled discharge to the observed data. An efﬁciency of 0

is the areal mean free water capacity, and ES is the free

(CE=0) indicates that the model predictions are as accurate

water capacity distribution curve. KI and KG show coefﬁ-

as the mean of the observed data, whereas an efﬁciency less

cients relating to RI and RG. The other parameters, CI, CG,

than zero (CE < 0) occurs when the observed mean is a

L, and CS are for ﬂow routing. In this paper, a basic genetic

better predictor than the model or, in other words, when

algorithm (GA) was employed to calibrate the Xinanjiang

the model residual (described by the numerator), is larger

RR model parameters. The ﬂowchart of GA can be found in

than the data variance (described by the denominator). The

Gorges-Schleuter ().

CE is an improvement over RMSE for model evaluation pur-

Some parameters of GA need to be chosen in order to
obtain good performance, such as the moderate population

poses because it is sensitive to differences in the measured
and model estimated means and variances.

size (Psize), a high crossover probability (Pc), and a low
mutation probability (Pm). Psize critically affects the efﬁciency
and solution quality of the GA. Generally, Psize is set to be a
value between 150 and 300. Pc controls the frequency of

LL
1 X
RMSE ¼
ðQsim ðtÞ  Qobs ðtÞÞ2
LL t¼1

!1=2
(25)

crossover operation. In general, Pc is chosen between 0.5
and 0.8. Pm is a critical factor in extending the diversity of
the population. Pm is often chosen between 0.001 and 0.1.

PLL


t¼1 ðQsim ðtÞ  Qsim ÞðQobs ðtÞ  Qobs Þ
ﬃ
R ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PLL
P
2
n
2


t¼1 ðQsim ðtÞ  Qsim Þ
t¼1 ðQobs ðtÞ  Qobs Þ

(26)

Statistical analysis
The root mean square error (RMSE), the Pearson’s correlation (R), and the mean bias error (MBE) of the observed
and simulated streamﬂow are used to assess the performance
of the data assimilation scheme. The Nash–Sutcliffe coefﬁcient (Nash & Sutcliffe ) of efﬁciency (CE) is used to

MBE ¼

LL
1 X
ðQsim ðtÞ  Qobs ðtÞÞ
LL t¼1

PLL
2
t¼1 ðQobs ðtÞ  Qsim ðtÞÞ
CE ¼ 1  P
LL
2

t¼1 ðQobs ðtÞ  Qobs Þ

(27)

(28)

analyze the simulated results. The CE has been widely used
to evaluate the performance of hydrologic models. It is the

where Qsim ðtÞ is the reverse scaled streamﬂow of <Qiþ
n ðtÞ>

ratio of the mean square error to the variance in the measured

using Equation (3) and is the simulated streamﬂow at time
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t, Q
sim is the average value of Qsim ðtÞ, Qobs ðtÞ is the measured

streamﬂow at time t, and Q
is the average of Qobs ðtÞ. LL is

L ¼ 52,000 m; S ¼ 0.03 m/m; and r ¼ 0.6. The calculated

the total number of observations.

because the watershed area is not large and the concen-

obs

concentration time is about 6.9 hours. Thus, in this paper,
tration time is less than 1 day, we only study the case of
N ¼ 2 days (see Equation (15)).

RESULTS AND DISCUSSION

Obtaining the optimal prediction depends on having
suitable model parameters. The nonlinear SVM model parameters include the capacity parameters cost C, the radius

Calibration of the SVM model

of the insensitive tube ε, and kernel parameter γ. The coefﬁThe streamﬂow is directly affected by the soil moisture, rain-

cient C which affects the trade-off between complexity and

fall, runoff, and evapotranspiration. It is difﬁcult for the linear

the proportion of non-separable samples, must be selected

SVM to handle land surface data. Hence, in this paper, a non-

by the user. If it is too large, there is a penalty for non-separ-

linear SVM is used for ﬂood forecast and the Gaussian radial

able points, and there may be overﬁtting with the support

basis function is employed as a kernel function. Calibration is

vectors. If it is too small, there may be underﬁtting. The

a process of standardizing predicted values, using deviations

value of ε determines the level of accuracy of the approxi-

from observed values for a particular area to derive correction

mated function. It relies entirely on the target values in the

factors that can be applied to generate predicted values that

training set. If ε is larger than the range of the target

are consistent with the observed values. The calibration pro-

values, the simulated results may be poor. If ε is zero, the

cess can provide important insight into both local conditions

results may be overﬁtted. Therefore, ε is selected to reﬂect

and model performance. If correction factors are large or

the data in some way. The best combination of (C, γ, ε) is

inconsistent across several study areas, it suggests that some

often determined by a grid search with exponentially grow-

signiﬁcant component of the hydrologic system or its controls

ing sequences (Hsu et al. ). The ﬁnal model, which is

is being neglected. Several methods of calibration are avail-

used for testing new data, is then trained on the whole train-

able based on methods such as artiﬁcial neural networks,

ing set using the selected parameters (Luchetta & Manetti

multiple

; Goswami et al. ).

objective

optimal

methods,

and

nonlinear

regression models. Choosing an approach depends on the

The code of the SVM model is written in Matlab

purpose of the model, the model parameters or variables

language, and the SVM model is trained on eight years of

involved. The calibration of long-term rainfall–runoff

data (year, 1994–2001) for every case. Here, the trial-and-

models is based on long-term trends rather than on individual

error technique and grid search method are employed to

events. In this paper, the trial-and-error technique (the grid

select parameters C, ε, and γ for each case. The grid search

search method) is employed for the SVM model calibration.

method is a straightforward and exhaustive method. This

The number N reﬂects that the forecasted runoff is

method may be time-consuming, so Hsu et al. ()

related to the precipitation. When the watershed area,

suggested the application of a two-step grid search method,

watershed topography, watershed underlying surface, and

applied on exponentially growing grids of parameters. First,

the concentration time are different, N is different too. For

a coarse grid search (for example, C ¼ 25 , 23 , . . . , 29 ;

Luo River Basin, the concentration time is estimated using

ε ¼ 211 , 29 , . . . , 21 ; γ ¼ 27 , 25 , . . . , 23 ) was used to

the Kerby equation (Chow et al. ):

determine the best region of these three-dimensional
grids. Then, a ﬁner grid search (for example, C ¼ 20:5 ,

t ¼ GðLr=S0:5 Þ0:467

(29)

where t is time of concentration; G is regional constant; L is
longest watercourse length in the watershed (ft); r is Kerby

20:75 , . . . , 21:25 ;

ε ¼ 23 , 22:75 , . . . , 21 ;

γ ¼ 21:5 , 21:25 ;

. . . , 21:5 ) was conducted to ﬁnd the optimal parameters.
The RMSE was used to optimize the parameters.
The optimal results including length of training sample,

retardance roughness coefﬁcient; S is average slope of

percentage of SV, parameters (C, ε, γ), RMSE, and R for

the watercourse, (m/m). In the Luo River basin: G ¼ 0.83;

SVM (N ¼ 2 days) are as follows: length of training sample is
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2,910, percentage of SV is 53.5%, C ¼ 3.414, ε ¼ 0.361, γ ¼

change in the simulated results. The other parameters

1.125, RMSE ¼ 5.05 m3/s, and R ¼ 0.996. Figure 5 gives the

have little impact on the model results. Many methods can

simulated results during the calibration period and the corre-

be used to calibrate hydrologic model parameters. Xu

lation coefﬁcient using eight years of data. It is obvious that

et al. () used three different optimization methods to

the SVM (N ¼ 2) can simulate accurately the runoff process

calibrate the Xinanjiang streamﬂow model, including gen-

during the calibration period, but simulations of ﬂood peaks

etic algorithm (GA), shufﬂed complex evolution of the

are overestimated. The Pearson’s correlation coefﬁcient is

University of Arizona (SCE-UA), and the recently developed

0.996. During the calibration, the parameter C is selected

shufﬂed complex evolution Metropolis algorithm of the Uni-

based on RMSE. When C is too small, the SVM is underﬁtting

versity of Arizona (SCEM-UA). In the Xinanjiang RR

and RMSE is large. The error gradually reduces with increas-

model’s parameters, L (Figure 4) is an integer, equal to 0,

ing C. When C becomes too large, the SVM is overﬁtting and

1, 2, or 3. According to the characteristics of the study

the error gradually increases. There is an interval for suitable

area, we took L ¼ 0 (constant) in this study. Lü et al. ()

C. In this interval, the value of C has little impact on the simu-

studied the sensitivity of the Xinanjiang RR model par-

lation error. So, for ﬁxed ε and γ, C belongs to a ﬁxed interval

ameters in this watershed. They found that the parameters

that provides good simulation results. For selecting of ε, a suit-

B, Sm, Kg, Cg, and Ci were sensitive, and the other par-

able interval exists. In this interval, the change of ε has little

ameters were not sensitive (Lü et al. ). So, the

impact on RMSE. If ε is large, the length of SV is short and

parameters B, Sm, Kg, Cg, and Ci were adjusted using the

the regression function is simple, the computing speed is fast,

basic genetic algorithm. The other parameters were selected

and the RMSE is large. This is an underﬁtting condition.

from the literature ( Ju et al. ; Lü et al. ). Nangao
Reservoir rainfall–runoff data from 1994 to 2001, a total of

Calibration of the Xinanjiang RR model

eight continuous years, are used for calibration. In this
paper, the parameters in GA are selected as follows:

There are 14 parameters in the Xinanjiang RR model. Some

Psize ¼ 100, Pc ¼ 0.65, and Pm ¼ 0.05 (Gorges-Schleuter

have a range of values, and some have a ﬁxed value (Zhao

). The evolution number of generation Gmax ¼ 2,000.

). Output results are quite sensitive to some of the par-

The GA provides a good objective value when the evolution

ameters, and a little change may bring about a large

number of generation is near 1,000. Table 1 shows the calibrated Xinanjiang RR model parameter values. Figure 6
shows the simulated discharge vs observed discharge
during the calibration for the Xinanjiang RR model. It is
very clear that the Xinanjiang RR model as a traditional
hydrological model still exploits its advantages, and its R
value is 0.999.
Simulation of the SVM model for N ¼ 2
In this study, the rainfall–runoff process from DOY (day of
year) 206 (July 25, 2002) to DOY 288 (Oct. 15, 2002) was
used to test the SVM model, the EnKF þ SVM model, and
the Xinanjiang RR model. The simulated results of the rainfall–runoff process for the three models are compared, and
the advantages and disadvantages for the three models are
analyzed. For the sake of convenience, Figure 7 shows the

Figure 5

|

Calibration results of the SVM model for N ¼ 2 days: comparison between
observed and simulated daily runoff (1994–2001).
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Parameter values of the Xiananjian RR model

Parameter

Physical meaning

Value

UM (mm)

Averaged soil moisture storage capacity of the
upper layer

20

LM (mm)

Averaged soil moisture storage capacity of the
lower layer

60

DM (mm)

Averaged soil moisture storage capacity of the
deep layer

40

B

Exponential of the distribution to tension
water capacity

0.3

Im (%)

Percentage of impervious and saturated areas
in the catchment

0.02

C

Coefﬁcient of the deep layer, that depends on
the proportion of the basin area covered by
vegetation with deep roots

0.15

Sm (mm)

Areal mean free water capacity of the surface
soil layer, which represents the maximum
possible deﬁcit of free water storage

Es

Exponent of the free water capacity curve
inﬂuencing the development of the
saturated area

1.2

Kg

Outﬂow coefﬁcients of the free water storage
to groundwater relationships

0.39

Ki

Outﬂow coefﬁcients of the free water storage
to interﬂow relationships

0.31

Cg

Recession constant of the groundwater
storage

0.992

Ci

Recession constant of the lower interﬂow
storage

0.7

Cs

Recession constant in the lag and route
method for routing through the channel
system within each sub-basin

0.3

L (d)

Lag in time empirical value

0

40

Figure 6

|

Calibration results for the Xinanjiang RR model: comparison between observed
and simulated daily runoff (1994–2001).

Figure 7

|

Recorded precipitation at the Nangao experimental site (DOY 206–288, 2002).

The average daily precipitation in this period was 12.1 mm,
and three major rainfalls occurred, 107 mm on DOY 216,
130 mm on DOY 217, and 100 mm on DOY 230. During
DOY 214 to DOY 224, the number of rainfall days in this

the observed results. The time of the ﬂood peak is accurately

period was 11 days. It was 13% of the total simulated

captured. The maximum precipitation which occurred on

period. The average daily rainfall was 54.6 mm and the aver-

DOY 217 is 130 mm. The time of maximum simulated dis-

age observed runoff was 78.9 m3/s during this period.

charge also occurred on DOY 217. There are small

Figure 8 shows the simulated RR results between DOY

differences between the observed discharge and the simu-

206 and DOY 288, 2002 using the SVM model without

lated discharge after the ﬂood peak. At DOY 217, the

EnKF data assimilation. According to the calibration results,

observed discharge is 263 m3/s, and the simulated discharge

the SVM model for N ¼ 2 days is considered. The parameters

is 336 m3/s. On the other hand, the ﬂood peak discharge is

and the length of the SV are presented in the calibration sec-

overestimated at DOY 230. For the remaining precipitations

tion. The trend of the simulated streamﬂow is consistent with

during the simulation period, the peak discharges are also
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Comparison between observed and simulated daily runoff (DOY 206–288,
2002) using the SVM model for N ¼ 2 days.

overestimated. So the SVM model (N ¼ 2) often overestimates the ﬂood peak. The reasons for overestimating are:
(1) spatial distribution of precipitation is not considered; (2)

Figure 9

|

Comparison between observed and simulated daily runoff (DOY 206–288,
2002) using the SVM (N ¼ 2 days), the SVM-EnKF (N ¼ 2 days, ATS ¼ 1 day), and
the Xinanjiang RR models. The solid line is y ¼ x and the dashed lines are
y ¼ x  100 and y ¼ x þ 100.

TPI (N ¼ 2) may be small. When the TPI (N) is small, the
SVM model does not consider the impact of the baseﬂow

and the Xinanjiang RR model. The simulated period is

on the current discharge. When a storm occurs, the discharge

also DOY 206 to DOY 288, 2002. To compare the differ-

increases rapidly and when the storm ﬁnishes, the discharge

ences between the SVM and the SVM þ EnKF models, we

rapidly regresses; and (3) during the SVM calibration period,

still select N ¼ 2 days for the SVM model. The simulated

the simulations overestimate the streamﬂow for ﬂood peak.

results are calibrated using the EnKF assimilation method.

Thus, the model parameters for SVM reﬂect an overestima-

The assimilation time scale is 1 day (or ATS ¼ 1 day).

tion for ﬂood peak (Figure 5). Hence, during the simulated

ATS ¼ 1 day means the SVM simulation data are assimilated

period, the simulation often overestimated the ﬂood peak.

in the ﬁrst day. The data are not assimilated in the second

After the ﬂood peak, the simulation value is similar to

day. The Xinanjiang RR model is used as a comparison

the observation value. So, the TPI (N) has an important

with the SVM (N ¼ 2 day) model and the SVM þ EnKF

impact on the recession limb in the Luo River Basin. The

(N ¼ 2 day, ATS ¼ 1 day). The parameters of the Xinanjiang

statistical characteristics of the simulated daily runoff

RR model have been calibrated as described in the above

during the whole simulated period are shown in the follow-

section. Figure 9 indicates that the simulation overestimated

3

3

3

ing: Min: 5.17 m /s, Max: 336 m /s, RMSE: 30.6 m /s,

the streamﬂow for all methods. The SVM þ EnKF model

R: 0.928, MBE: 10.9 m3/s, CE: 0.202. It is obvious from

performed better than the SVM model. For the simulated

MBE that the discharges are overestimated during the simu-

discharge of 83 days (the whole test period), all of the scatter

lation period.

plot point for the SVM þ EnKF method fell in the strip

The differences between the SVM model, the SVM þ

for the Xinanjiang RR model, and ﬁve points fell outside

EnKF model, and the Xinanjiang RR model

the strip region or on the boundary of the strip region for

region (Figure 9). Two points fell outside the strip region

the SVM model. The statistical characteristics (Table 2)
Figure 9 shows a scatter plot of the simulated streamﬂow vs

show that the ratios of the RMSE are 30.6 (SVM) vs 13.5

the observed streamﬂow for the SVM, the SVM þ ENKF,

(SVM þ EnKF) vs 20.8 (Xinanjiang RR model). The RMSE
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Statistical characteristics of simulated daily runoff (DOY 206–288, 2002) using
three different methods

Min

Max

RMSE

Method

(m3/s)

(m3/s)

(m3/s)

SVM (N ¼ 2)

MBE
R (–)

(m3/s)

CE (–)

5.17

336

30.6

0.928 10.9

0.202

SVM-EnKF (N ¼ 2, 4.66
ATS ¼ 1)

275

13.5

0.947

4.25

0.839

Xinanjiang

229

20.8

0.876

7.40

0.631

5.50

of the SVM þ EnKF model is the smallest. The R of the three
methods is relatively large with a minimum value of 0.876
for the Xinanjiang RR model. From the MBE analysis, the
three methods overestimated the streamﬂow. The MBE of
the SVM þ EnKF is the smallest. The CE of the SVM þ
EnKF is the largest, the CE of the Xinanjiang RR model is
the second largest, and the CE of the SVM methods is the
smallest. Overall, the SVM þ EnKF model provides the
best simulated results. These results indicate that data assimilation can improve model structure and enhance predicting
precision.
The SVM model and the Xinanjiang model only consider the calibrated parameters using past data to simulate
the future rainfall–runoff process. The SVM þ EnKF model
is adjusted by using current observed data. Thus, the simulated results of the SVM þ EnKF model during the test
period are better than those from the other methods.

Figure 10

|

Comparison of the simulated results (DOY 206–288, 2002) among the SVMEnKF model for N ¼ 2 days, ATS ¼ 2, 3, and 5 days: (a) simulated streamﬂow
during the period from DOY 216 to 218; (b) simulated streamﬂow during the

The impact of the ATS on the SVM þ EnKF

period from DOY 229 to DOY 231; (c) simulated streamﬂow during the period
from DOY 206 to day 290; (d) scatter plot in the simulated period. The solid
line is y ¼ x and the dashed lines are y ¼ x  50 and y ¼ x þ 50.

In the actual study of rainfall–runoff simulation using the
SVM þ EnKF model, data assimilation is only performed

plot. The statistical characteristics for the simulated results

on the occasions when the observations are available. Due

are shown in Table 3. From Figures 10(a) and 10(c), we

to various conditions, the observations are not always avail-

ﬁnd that the simulations of the ﬁrst ﬂood peak at DOY

able. Therefore, in the following experiments, we assume the

217, 2002 are very close to the observations for all of the

observations on every ATS day (ATS ¼ 2, 3, 5 days) are non-

cases, but slight overestimates still exist. For example, the

existent. Thus, ATS days with available observations and

actual discharge is 263 m3/s, the simulated values are

ATS days void of observations alternate regularly. Figure 10

274 m3/s for ATS ¼ 2 days, 291 m3/s for ATS ¼ 3 days and

shows simulated results of three cases for the SVM þ EnKF

264 m3/s for ATS ¼ 5 days. For the other ﬂood peak

model at N ¼ 2 days and ATS ¼ 2, 3, or 5 days. Figures 10(a)

(Figure 10(b)) occurring at DOY 230, 2002, the runoff is

and 10(b) describe the simulated results around two larger

also overestimated. The observation is 48 m3/s, but the simu-

peaks. Figure 10(c) shows the hydrograph in the entire simu-

lation is 128 m3/s for ATS ¼ 2 days, 161 m3/s for ATS ¼ 3

lation period (DOY 206–288, 2002). Figure 10(d) also

days, and 152 m3/s for ATS ¼ 5 days. The SVM model is

expresses the simulated results of three cases by a scatter

known to often overestimate discharge. If the ﬂood peak
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to determine model parameters using historical data is constrained. The SVM has a strict theoretical foundation, good
generalization capability, and no local minima. The SVM

ATS

RMSE (m3/s)

R (–)

MBE (m3/s)

CE (–)

2

13.9

0.959

4.35

0.834

can solve multi-dimensional problems. Thus the SVM is

3

12.7

0.961

3.95

0.863

attractive, and becomes a focus of machine learning after

5

11.7

0.948

2.69

0.884

neural network, and is used to solve the system identiﬁcation
problem after its successful application in pattern recognition,
regression, and control theory. Recent developments of

occurs at the period of assimilation, the ﬂood peak is slightly

ensemble-based techniques and ﬁltering strategies for sequen-

overestimated. If the ﬂood peak occurs at the non-assimila-

tial data assimilation make it possible to implement

tion period, the ﬂood peak is often overestimated. When

techniques that properly account for data (input and

ATS ¼ 2, 3, DOY 217 belongs to the period of assimilation,

output), state variables, parameters, and model structural

the discharge is slightly overestimated. When ATS ¼ 5, DOY

uncertainties, although the details of how the implemen-

217 belongs to the period of non-assimilation, but, DOY

tations can be achieved are still an active area of research.

211–215 belongs to the period of assimilation, the model

In this paper, the SVM RR models (N ¼ 2 days) are

can be improved after a continuous 5 days’ assimilation.

established to simulate the streamﬂow at the Nangao Reser-

So, the simulated ﬂood peak is very close to the observed

voir. Eight years of RR data sets are used to train the SVM

ﬂood peak at DOY 217. For the second peak, DOY 230

model. An 83 day RR data set (DOY 206, 2002 to DOY

belongs to the period of non-assimilation, and the simulated

288, 2002) is used to test the SVM model. The grid search

discharge overestimated the observed discharge.

method is employed to obtain the SVM parameters. Then,

The ATS has an obvious impact on the simulation

the coupled SVM and the EnKF (SVM þ EnKF) models

results. The statistical analysis (Table 3) shows that the

are used to simulate the RR process at the same catchment

errors of simulation using the SVM þ EnKF model with

and the same time period (DOY 206, 2002 to DOY 288,

different ATS (ATS ¼ 2, 3, 5 days) vary. The R values

2002). For the SVM þ EnKF, different assimilation time

range from 0.948 to 0.961. The ratio of the RMSE is

scales (ATS ¼ 1, 2, 3, 5 days) are considered. The simulation

13.9 m3/s vs 12.7 m3/s vs 11.7 m3/s, and the ratio of the

results are compared with the SVM model. A traditional RR

CE is 0.835 vs 0.863 vs 0.884 for ATS ¼ 2, 3, 5 days. These

model (Xinanjiang RR model) is used as a reference of the

results indicate that all cases of AST ¼ 2, 3, and 5 days can

SVM model and the SVM þ EnKF model. The parameters

effectively simulate the streamﬂow in the study area. How-

of the Xinanjiang RR model are optimized by the GA

ever, the case of ATS ¼ 5 days is the best. The reason is

method. The calibration period and the test period are the

that the continuous calibrated time (ATS ¼ 5 days) is

same as for the SVM model. RMSE, MBE, R, and CE are

longer than that for the other cases, so the model structure

applied to evaluate the models.

is improved. This improves signiﬁcantly the simulation

During the calibration period, the grid search method is

results. The SVM þ EnKF model for any assimilation time

used to obtain a group of suitable SVM model parameters.

scale behaves better than the SVM model.

The number of SV in the SVM model is maintained at
about 50%. The GA method also is applied to obtain a
group of suitable parameters for the Xinanjiang RR model.

CONCLUSIONS

During the training period, the R is very high.

Within the watershed scale, the rainfall–runoff process is very

models show that the discharges of the ﬂood peak are over-

complex. Although there are many RR models which are

estimated. The simulation is affected by the training data

widely applied to predict stream ﬂow, due to nonlinearities

and the length of the SV. A comparison of the SVM

and frequent human activities, uncertainty in the model par-

model (N ¼ 2 days), the SVM þ EnKF model (N ¼ 2 days,

ameters forces data uncertainty, and the traditional method

ATS ¼ 1 day), and the Xinanjiang RR model shows that

During the simulation period, the results of the SVM
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the streamﬂows are overestimated by all of the models. The
SVM þ EnKF model provides the best simulated results.
These results indicate that data assimilation can improve
model structure and enhance predicting precision. For the
SVM þ EnKF model (N ¼ 2 days and ATS ¼ 1 day), the
simulation results show the SVM þ EnKF model is better
than the SVM model. That is to say, the assimilation for
the SVM model can improve the simulation results. The
SVM þ EnKF model (N ¼ 2 days and ATS ¼ 2, 3, 5 days)
shows that: (1) the SVM þ EnKF model for any assimilation
time scale is better than the SVM model; and (2) the assimilation time scale has an important impact on the simulated
results. The case for N ¼ 2 days and ATS ¼ 5 days is better
than the other cases. If the continuous calibrated time is
long, the model structure is improved and the simulation
results are signiﬁcantly improved.
The TPI (N) also affects the simulation results. When the
TPI (N) is small, the impact of the past precipitation on the
current discharge is not considered completely in the SVM
model. When a storm occurs, the simulation discharge
increases rapidly. After the storm ﬁnishes, the discharge
rapidly regresses. Thus, the TPI (N) has an important impact
on the recession limb in the watershed hydrology model.
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