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A B S T R A C T

In this study, we introduce a data stream method for dynamic runoff simulation, which allows capturing the
evolving relationship between runoff and its impact factors (e.g., temperature, rainfall). The basic idea is to view
continuously arriving data of runoff and its impact factors as a data stream, and dynamically learn its re-
lationship. To validate the effectiveness of the proposed method, we compare its performance with that of three
data driven models (ANN, SVR, Random Forest) and six representative hydrological models (SWAT, AWBM,
SimHyd, SMAR, Sacramento, and Tank) in simulating monthly runoff. The proposed method performs well with
the best NSE of 0.88, being superior to comparable models. Furthermore, the data stream model also shows its
advantage in the flexibility of combing various impact factors of runoff into the model. The findings demonstrate
that the data stream method provides a promising way to dynamically simulate runoff in a changing environ-
ment.

1. Introduction

1.1. Challenges of runoff response simulation in the changing environment

There have been extensive studies on runoff simulation, yet more
accurate runoff simulation still remains a challenge in the context of a
changing environment (Montanari et al., 2013). In recent decades, the
formation and variation of runoff is suggested to have been con-
siderably impacted by climate change and increasingly intensive human
activities (Wang et al., 2016; Yang et al., 2017). The runoff series and
the rainfall-runoff relationship have exhibited non-stationary features
(Milly et al., 2005), which result in poor performances of many existing
runoff simulation models. So, for non-stationary runoff sequences and
non-stationary rainfall-runoff relationships, how to establish and apply
effective models to simulate runoff response to environment changes
has been one of the forefront and challenging topics in water resources
research (Xu et al., 2013).

At present, the methods for runoff simulation can be broadly cate-
gorized into two groups: data-driven models and hydrologic models. A
data-driven model simulates runoff by constructing a mathematical

relationship between runoff and affecting factors based on data mining
or machine learning techniques, like Artificial Neural Network (ANN)
(Lee et al., 2008), genetic programming (Mehr and Nourani, 2017),
neuro fuzzy inference system (Bartoletti et al., 2018), and Support
Vector Regression (SVR) (Granata et al., 2016). A hydrologic model is a
simplification of a real-world water system in a given basin. It quanti-
tatively simulates runoff by establishing relationship between rainfall
and runoff based on physical mechanisms (Wang et al., 2016). To date,
with the development of hydrology and computer science, numerous
hydrologic models ranging from catchment scale to global scale have
been developed (Li et al., 2015). They include lumped models (e.g.,
AWBM (Boughton, 1995), SimHyd (Chiew et al., 2002)) along with
semi-distributed models (e.g., SWAT (Arnold et al., 1998)) and dis-
tributed models (e.g., VIC (Liang et al., 1994), MIKE-SHE (Refsgaard
et al., 2010)). In spite of different structures, mechanisms, scale and
platforms of the hydrological models, a procedure for runoff simulation
can be summarized into two phases. Firstly, calibrate parameters in a
given hydrologic model based on a certain period of historical data.
Secondly, simulate runoff response over the validation period/future
period by using the calibrated model.

https://doi.org/10.1016/j.envsoft.2018.11.007
Received 21 August 2018; Received in revised form 1 November 2018; Accepted 17 November 2018

* Corresponding author. School of Computer Science and Engineering, University of Electronic Science and Technology of China, No. 2006, Xiyuan Avenue,
Chengdu 611731, China.

E-mail address: Junmshao@uestc.edu.cn (J. Shao).

Environmental Modelling and Software 112 (2019) 157–165

Available online 19 November 2018
1364-8152/ © 2018 Elsevier Ltd. All rights reserved.

T

http://www.sciencedirect.com/science/journal/13648152
https://www.elsevier.com/locate/envsoft
https://doi.org/10.1016/j.envsoft.2018.11.007
https://doi.org/10.1016/j.envsoft.2018.11.007
mailto:Junmshao@uestc.edu.cn
https://doi.org/10.1016/j.envsoft.2018.11.007
http://crossmark.crossref.org/dialog/?doi=10.1016/j.envsoft.2018.11.007&domain=pdf


However, in reality, the relationship between climate, human ac-
tivities and runoff may vary over time (i.e., become non-stationary)
(Milly et al., 2005; Wang et al., 2016). This can be seen in the changes
of dominant factors attributed to runoff variation. (Chang et al., 2015;
Yin et al., 2017). For example, Chang et al. (2015) applied the VIC
model to investigate the impacts of climate change and human activ-
ities on runoff change in Weihe River basin. They reported that climate
change accounted for 36%, 28%, 53% and 10% of runoff change in the
Weihe River in the 1970s, 1980s 1990s and 2000s, respectively.
Thereby, in the non-stationary context, the calibrated model may no
longer suit for the validation periods.

To adapt hydrological models to the instability of rainfall-runoff
relationships, one of feasible strategies is to calibrate models at regular
intervals. But, the work is time consuming and in particularly the in-
terval length is difficult to decide. For instance, Merz et al. (2011) ca-
librated the HBV model for every 5 years based on historical data of 41
years in 273 basins in Austria. They found that both parameters of HBV
and NSE varied obviously with time. Moreover, the selection of cali-
bration periods is also important for hydrological model performance
(Young, 2000; Gibbs et al., 2018). To the best of our knowledge, the
structures and parameters of hydrologic models are rarely updated over
constituent time periods (Xu et al., 2013; Ejigu et al., 2013).

More recently, how to simulate runoff more accurately under the
changing environment conditions has attracted much attention
(Marshall et al., 2006; Meng et al., 2016; Chang and Yeh, 2018; Gibbs
et al., 2018; Qi and Liu, 2018). Data assimilation is a new emerging way
to explore the dynamic properties of runoff simulation. The basic idea is
to combine recent observation(s) with background estimates of a
system variable (Evensen, 2006). For instance, Meng et al. (2016)
proposed to trace parameter changes in hydrological models by using
an ensemble Kalman filter technique with a constrained parameter
evolution scheme. But the findings were based on synthetic experi-
ments, not real practice. Pathiraja et al. (2016a) simultaneously esti-
mated model parameters and states by using the Ensemble Kalman
Filter and further improved runoff prediction for two pairs of experi-
mental catchments in Western Australia (Pathiraja et al., 2016b). In the
context of changing environment, dynamic runoff simulation by taking
non-stationary rainfall-runoff relationship into account, still remains a
challenge.

Beyond, most existing hydrological models are based on physical
mechanisms and require a great deal of designated data. In many cases,
this required data is hard to collect or unavailable. In addition, data
indirectly related to runoff such as population, water withdrawals or
Enhanced Vegetation Index (EVI, one of commonly used vegetation
indices) are difficult to integrate into hydrological models. Therefore,
current hydrological models are themselves limited in their practical
extensions.

Currently, for non-stationary rainfall-runoff relationships in a
changing environment, a new method is required to simulate runoff

response to multiple driving factors in a dynamic manner.

1.2. Introduction to data stream and concept drift

Regarding the challenge of dynamic runoff simulation in a changing
environment, data stream model provides a promising way and a new
perspective. Data stream, different from traditional data, is character-
ized by its continuity, time sequence, huge volume and time evolution
(Shao et al., 2017a). Data stream model aims at handling data streams
especially focusing on dynamic evolution (Cabrera and Sànchez-Marrè,
2018). In this study, the concurrent time series of driving factors (e.g.,
climatic variables) and runoff can be regarded as a data stream. In
addition, the change of relationship between runoff and driving factors
can be viewed as abrupt or gradual changes (concept drift) in a data
stream. From the new perspective, the question of runoff simulation is
transferred to a data stream mining task.

During the past decades, hundreds of techniques have been pro-
posed for data mining (Gaber et al., 2009; Shao et al., 2016, 2017b;
Gomes et al., 2017) and have been widely used in water resources re-
search (Yang et al., 2011, 2015; Yaseen et al., 2015; Tan et al., 2018)
and environment science (Gibert et al., 2018). Here, only the relevant
concept drift detection methods and data stream learning methods are
presented.

Concept drift, is defined as the change of conditional distribution of
the target variable given the input data (Widmer and Kubat, 1996). The
objective of concept drift detection is to capture the changes of data
patterns in a data stream. According to the speed of change, concept
drift can be categorized as gradual concept drift or abrupt concept drift.
To detect the gradual concept drift, the most used methods are the
sliding window model and the decay function. However, the selection
of window size has a decisive effect on the performance of the model.
To identify the abrupt concept drift, two strategies are adopted: the
distribution-based method (Kuncheva, 2008) and the error-rate based
method (Ross et al., 2012). The distribution-based methods detect
concept drifts by dynamically monitoring the change of distributions
between two fixed or adaptive windows of data. For instance, ADWIN
(Bifet and Gavaldà, 2007) maintains a time window of the data stream,
separating the window into two sub-windows, and finally decides
whether to shrink the window by comparing the difference of expected
values of the two sub-windows. Due to the evolving nature of data
streams, it is often difficult to determine the appropriate window size.
Moreover, window-dependent approaches tend to detect and identify
concept drifts in a relatively slow way. The error-rate based methods
identify concept drifts by dynamically monitoring the performance of
data stream prediction and deciding concept drift happens when the
performance gets worse. One typical representative algorithm is DDM
(Gama et al., 2004). However, since the prediction performance also
heavily depends on the presence of noisy instances and the learning
model itself, so the error-rate based method is not always a good option.

Regarding data stream learning, two main strategies have been
proposed: model-based and instance-based strategies. A model-based
strategy is learning from fixed or flexible recent data to update pre-
dictive models (Ikonomovska et al., 2011; Almeida et al., 2013). For
example, Ikonomovska et al. (2011) proposed a decision tree-based
data stream regression algorithm, which can incrementally update the
decision tree to adapt to the concept drift in the data stream. Almeida
et al. (2013) developed a rule-based regression algorithm named AM-
Rules, which can adaptively update models according to the concept of
drift detection, based on the Page-Hinkley test. The results are easier for
interpretation. Alternatively, instance-based strategy mines data stream
patterns by treating the sampling data as instances. Typically, Shaker
and Huellermeier (2012) proposed a lazy learning-based algorithm
(IBLStreams) for data stream regression and classification. Based on the
spatial and temporal correlation and consistency of sampling data,
IBLStreams deletes or adds samples so as to maintain data representing
the current data pattern. Cabrera and Sànchez-Marrè (2018) proposed a
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case-based stochastic learning approach for environmental data stream
mining via a case-based reasoning system.

1.3. Aims and objectives

This study aims to develop a new method for dynamic runoff si-
mulation based on data stream mining, which allows learning the non-
stationary relationship between runoff and its impact factors. The ob-
jectives are as follows.

(1) simulate runoff response to climate and land cover changes in a
dynamic manner;

(2) introduce a new flexible way to integrate various impact factors in
runoff simulation;

(3) taking the Qingliu River catchment as a case study, to verify the
superiority of the data stream model over several representative
data driven models and hydrological models.

2. Study area and data acquisition

2.1. Study area

To demonstrate the procedure of our approach in runoff simulation,
Qingliu River catchment (Fig. 1) is chosen as a representative case
study. The reasons behind the catchment selection include (1) the au-
thors are familiar with the catchment; (2) located in the rapidly de-
veloping south-east of China, the study area is experiencing hydro-cli-
matic change and land use variation (Liu et al., 2010; Zhang and Pu,
2008); and (3) high quality (long term and full) data have been col-
lected for the selected catchment.

The Qingliu River is a secondary-order tributary of the lower
reaches of the Yangtze River. The Qingliu River catchment (32°13′-
32°40′ N, 117°59′-118°25′ E, Fig. 1), covers a drainage area of
1070 km2, receives an average annual precipitation of about 1000 mm
and is subject to a mean annual temperature of about 16.0 °C. Seven
rain gauges and one hydrological station are located in the catchment.
According to the recorded hydrological data, the annual average runoff
in the Qingliu River catchment is about 0.298 billion m3. The land use
in the catchment is dominated by farmland and forest. Only a small
proportion of grassland has been identified.

2.2. Data acquisition

2.2.1. Hydro-climatic data
Daily precipitation, temperature, pan evaporation, wind speed, re-

lative humidity, and solar radiation at seven rain gauges, recorded from
1989 to 2010, are acquired from the China Meteorological
Administration. Monthly runoff data over the period of 1989–2010 and
daily runoff data (with 20% of missing), at the Chuzhou station, are
provided by Nanjing Hydraulic Research Institute. Based on the avail-
able data, the missing data of daily runoff are interpolated and sup-
plemented, which can be further used for hydrological models.

Fig. 2 illustrates the annual runoff coefficient (runoff depth/rainfall)
over the study period of 1989–2010, which also reflects the changes of
the rainfall-runoff relationship.

2.2.2. Landsat data and EVI data
All available Level 1 Terrain (L1T) Landsat 5, 7 and 8 images of the

study area with cloud cover less than 90% and corresponding EVI data
files from 1989 to 2010 are acquired from USGS (United States
Geological Survey). Briefly, the authors classify the land cover into five
categories, namely farmland, forest, water body, residential area and
others. Based on Landsat imagery, Continuous Change Detection and
Classification of land cover (CCDC) algorithm (Zhu et al., 2014) is ap-
plied to yield the continuous classification of land use in the Qingliu
River catchment. Building up on the continuous classification results,

clear pixels (without cloud cover) covered by farm or forest are iden-
tified in each image, and EVI of the identified pixels are averaged to
represent the vegetation coverage level of the study area. Since the time
step of the averaged EVI data is 16 days, monthly EVI time series of the
Qingliu River catchment is constructed by integration and interpola-
tion. It worth noting that the EVI data not only represent vegetation
cover level of the study area, but also partially reflects land cover
change in the catchment. The basic statistical information of EVI can be
identified.

3. Methodology

3.1. Existing hydrologic models for runoff simulation

3.1.1. SWAT model
The SWAT model is a well-established distributed hydrologic model

for assessing water resource and nonpoint-source pollution problems
for a wide range of scales and environmental conditions across the
globe (Gassman et al., 2007). In this study, only the components re-
levant to runoff simulation in SWAT will be introduced. SWAT operates
by dividing a given basin into multiple sub-basins and further deli-
neating sub-basins into hydrologic response units (HRUs). The HRUs
exhibit homogeneous combinations of land use, soil properties and
slope. SWAT model requires a great deal of input data, mainly including
meteorological data, topography, soils, and land use/land cover data.
The meteorological variables commonly refer to precipitation and
temperature. Depending on the potential evapotranspiration (PET)
calculation method selected in SWAT, so wind speed, solar radiation

Fig. 1. River system and the locations of hydro-meteorological stations in the
Qingliu River catchment, Anhui province, China.
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and relative humidity may also be required. More details can be found
in the SWAT theoretical documentation (http://swatmodel.tamu.edu).

3.1.2. Lumped hydrologic models
Five lumped conceptual rainfall-runoff models are selected, namely

AWBM, Sacramento, SimHyd, SMAR, and Tank model. They are in-
tegrated in the Rainfall-Runoff Library (RRL, https://toolkit.ewater.org.
au/Tools/RRL) and are suited for catchments from 10 km2 to
10,000 km2.

The AWBM model (Australian Water Balance Model) is a rainfall-
runoff model based on the principle of water balance (Boughton, 1995).
The model divides a basin into three parts with different surface water
storage capacities. The structure of the model is relatively simple, and
there are 8 parameters that need to be determined. AWBW requires
evapotranspiration (ET) as an input.

In contrast, the Sacramento model (Finnerty et al., 1997; Gan and
Burges, 2006) is relatively complex, using a total of 16 parameters to
simulate the water balance. In the simulation of hydrological process,
the Sacramento model divides the basin into 3 parts: permeable area,
impervious area, and variable impervious area. The soil is vertically
divided into two layers and five stores in the model. Runoff generated
within the Sacramento model consists of three flow components: sur-
face runoff, interflow, and base flow.

SimHyd model is a simplified lumped conceptual rainfall-runoff
model on daily time step with 7 parameters (Chiew et al., 2002). It has
been widely used in simulating runoff across Australia and worldwide
(Chiew et al., 2009; Zhan et al., 2014). One advantage of the model is
that it takes into account two types of flow generation mechanisms,
namely saturation excess runoff and infiltration excess runoff. The
model estimates river runoff generation from three contributions: in-
filtration runoff, interflow (and saturation excess runoff), and base
flow.

The Soil Moisture Accounting and Routing (SMAR) model was
proposed by Professor O'Connell and Nash of the National University of
Ireland in the 1970s (Tan and O'Connor, 1996). After continuous im-
provement, it has been widely used around the world. The SMAR model
has 9 parameters and consists of two parts: water balance and sink
calculation. The mechanism of runoff generation in the model is based
on saturation-excess.

The Tank model (Sugawara, 1974) treats the catchment as one or a
few tanks. The advantage of the model is its simple principle, but the
relatively large number of parameters is the major drawback of the
model. In total, there are 18 parameters needing to be determined in
the model.

3.2. Selected data-driven models

Support vector regression (SVR), proposed by Vapnik et al. (1997),
is a regression technique based on Support Vector Machine (SVM). The

performance of SVR depends on kernel functions, such as linear kernel,
polynomial kernel, and radial basis kernel. The basic ideas underlying
SVM for regression and function estimation can be found in Smola and
Schölkopf (1998).

Random forest, proposed by Breiman (2002), is an ensemble
learning based on bagging. It constructs many diverse regression trees
via random sampling and determines output for predictions by majority
voting.

Artificial neural network (ANN) (Lawrence, 1994) is a structure of
interconnected units or nodes of large number of artificial neurons. It
can learn about the nonlinear relationships between the inputs and
outputs without a detailed understanding of its physical processes. ANN
has been extensively used in runoff simulation and prediction in recent
years (Nourani et al., 2014).

3.3. Dynamic runoff response simulation with a data stream method

In the following sections, we start with the detection of evolving
relationship, and afterwards, introduce an instance-based data stream
regression to model the dynamic runoff response to a changing en-
vironment. Fig. 3 presents the framework of the instance-based data
stream model.

3.3.1. Evolving relationship detection and adaptation
In the context of changing environment, the relationship between

runoff and its influencing factors may change smoothly or abruptly,
which corresponds to gradual concept drift and sudden concept drift in
data stream mining, respectively.

In handling gradual concept drift, instead of using recent data in a
sliding fixed-size window to re-train the model, we employ an instance-
based learning model, called IBLStreams (Shaker and Huellermeier,
2012), to optimize the composition and size of the relevant instances
autonomously. In instance-based learning, instead of taking time to
build a global model, the target function is approximated locally by
means of selected instances. The inherent incremental nature of in-
stance-based learning algorithms and their simple and flexible adap-
tation mechanism makes this type of algorithm suitable for learning in
complex dynamic environments (Shao et al., 2014). Specifically, for a
time step i, a new incoming example (Xi, Yi), where Xi = (Ri, Ti, Ei),
Yi = Qi, and Ri, Ti, Ei, Qi represent the rainfall, temperature, evapora-
tion and runoff, respectively, is first added into a relevant base set.
During the learning process, the relevant base set is dynamically up-
dated, where some redundant data or outliers will be removed to make
it better characterize the current relationship between runoff and its
influencing factors. To this end, a set C of examples within a neigh-
borhood of Xi are considered as candidates. Afterwards, the kc youngest
examples in the neighborhood set C are used to determine a confidence
interval as follows.

Fig. 2. Runoff coefficient over the period of 1989–2010.

Fig. 3. Framework of the data stream method.
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where ȳ is the average target value (i.e., Yi) for the youngest kc ex-
amples and is the standard deviation; is the significance level and
is set as 0.001 in this study. A candidate example in C is removed if it
falls outside this confidence interval and is not one of the youngest kc
instances.

For abrupt concept drift, old instances in the relevant base set
should be removed instantaneously since the relationship between
runoff and its affecting factors has changed significantly. To detect
sudden concept drift, a statistical test (Gama et al., 2004) is applied.
Specifically, we maintain the mean absolute error e and standard de-
viation s for the last 50 training instances. Let emin denote the smallest
among these errors and smin be the associated standard deviation. A
change is detected if the current value of e is significantly higher than
emin with standard Z-test. Once such an abrupt change is detected, the
relative increase of error is used to determine the percentage of old
examples to be removed.

3.3.2. Runoff simulation with evolving relationship learning
Building upon the evolving relationship detection and adaptation,

the instance-based learning in the form of the nearest neighbor classi-
fier is employed for runoff simulation. The most simple and typical way
is to use the weighted mean of the neighbor's outputs as a prediction.
Formally, given an input vector =X X X( , , )i i i

m1 , where m is the
number of impacting factors that will be considered in this study and i is
the number of observations, its output Yi can be estimated as follows.
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To gain a better prediction performance, here we assume that the
relationship between runoff and its impacting factors can at least be
approximated sufficiently well with a locally weighted linear regression
function as follows.
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j is the j-th dimension of an example Xi, and = { , , }T
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is the corresponding coefficients of Xi, which can be estimated as
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Here W is a diagonal weight matrix diag w w( , , )k1 , where wi is
defined as follows.
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where d X X( , )j i is a metric function and Euclidean distance is used in
this study.

Once ^ is computed with Eq. (4), the estimated runoff Yi
est can be

directly obtained based on Eq. (3). In case X WXT is singular and its
inverse does not exist, the weighted average in Eq. (2) is used for
prediction instead.

In addition, the performance of a nearest neighbor classifier is af-
fected by the number of neighbors. With an initial value of K, K is then
automatically updated by checking whether the parameter benefits by
increasing or decreasing the current value by 1. To this end, the mean
error in a window formed by the last 100 instances with K− 1 and K+
1 neighbors is considered. Whenever one of these two variants performs
better in terms of the mean error, the current K is adapted corre-
spondingly (Shaker and Hüllermeier, 2012).

3.4. Evaluation metrics

To evaluate the performance of different (environmenta) models,
please refer to literature published by Bennett et al. (2013). In this
study, the Nash–Sutcliffe model efficiency coefficient (NSE), mean ab-
solute error (MAE), root mean square error (RMSE), Relative volume
error (RE), Akaike Information Criterion (AIC) (Akaike, 1974), and
Bayesian Information Criterion (BIC) (Schwarz, 1978) are selected as
the evaluation criteria (equations (6)–(11)).
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where Yi
est is the simulated runoff by the model at time i, Yi represents

the observed runoff at time i, Yi indicates for the average value of ob-
served runoff, N means the number of observations, k is the number of
parameters of the model, and L is the maximum of the likelihood
function.

4. Experiments

4.1. Synthetic data

For better illustration, a synthetic data stream is generated, which
consists of both stationary part and non-stationary part. For non-sta-
tionary part, it further includes the gradual concept drift and sudden
concept drift. Specifically, a linear function y= w1*x1 + w2*x2 + w3 is
considered. For illustration, x is only two-dimensional input data, y is
the output. For stationary part, one thousand 2-dimensional points are
randomly generated, and w is fixed as [0.5, 0.2, 2.5]. Namely: H1:
y= 0.5*x1 + 0.2* x2 + 2.5 + N (0, 0.001), where N (u, sigma^2) is the
Gaussian noise. To generate a data stream with gradual concept drift, w
is gradually changed as follows. w1 = w1 + 0.1*i/1000 + N (0, 0.001),
w2 = w2 + 0.1*i/1000 + N (0, 0.001), where i = 1, …, 1000. In this
way, the relationship between x and y is slowly changed over time.
Finally, H1 is slowly changed to H2: y = 0.6*x1 + 0.3*x2 + 2.5 + N
(0, 0.001). For sudden concept drift, w1 and w2 are changed
(w1 = −0.5, and w2 = 0.4), making the relationship vary significantly
(i.e., H3: y = −0.5*x1 + 0.4*x2 + 2.5 + N (0, 0.001)). The corre-
sponding synthetic data stream is plot in Fig. 4. Here 3000 examples are
given, and the first 1000 example are in a stationary environment (H1),
from the point of 1001–2000, the relationship gradually changed from
H1 to H2; at the point of 2001, a sudden concept drift occurs, and the
relationship is changed to H3.

From Fig. 4 (d), it can be observed that there is no abrupt change
found for both stationary period and the period with gradual concept
drift, and a sudden concept drift is detected at the 2008th point. For
stationary period, it is relatively easy to model the relationship among y
and x (x1, x2). For the period with gradual concept drift, according to
the oldness of instances and the prediction performance, only important
instances representing current concept are kept, making the data stream
approach being able to model the evolving relationship effectively. For
sudden concept drift, the proposed approach allows quickly detecting
the change (with seven instances delay), and then the model is quickly
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updated to learn the new relationship and support high simulation
performance later.

4.2. Real data

To verify the efficiency of the data stream model, we conduct ex-
periments on real data (the Qingliu River catchment) to compare its
performance with that of other data driven and hydrological models.
The statistical information of the data set on monthly scale is illustrated
in Table 1. Different models have different requirements for input data
with respect of amount, temporal scale, spatial resolution, category,
and format. Considering the data availability and to keep the con-
sistency of time scale of all available input variables, the comparisons
with the hydrologic models are on monthly scale. Finally, to make the
comparison more distinct and straightforward, we provide Fig. 5 to il-
lustrate the experimental setup.

The SWAT model requires a digital elevation model (DEM) with
30 m resolution from Geospatial Data Cloud of China, land use classi-
fication data (e.g., forest, farm land, water body, bare land and re-
sidential area) in 1989, derived from Landsat imagery. It also requires
soil data from Harmonized World Soil Database (HWSD V1.1), daily
meteorological data (rainfall, temperature, wind speed, relative hu-
midity, and sun radiation) from the Chinese Meteorology
Administration. Data is used to set up and run SWAT in ArcSWAT 2012.
The FAO-Penman-Monteith method (Allen et al., 1998) is selected to
calculate PET. Data from the period 1989–1999 is used for calibration
(with one year for warm up), while data from 2000 to 2010 is selected
for validation. The SUFI2 algorithm in SWAT-CUP is used for model
calibration and NSE is taken as the objective function. The statistics of
the input and output data over the two periods are presented in Table 1.

Five lumped models are implemented on the platform of the Rainfall
Runoff Library (RRL). Model parameters are optimized by the Shuffled
Complex Evolution (SCE-UA) algorithm against the objective function
of NSE. Data segmentation used for calibration, warm up and validation
is the same as that used in SWAT.

The input data for the data-driven models are monthly rainfall,
temperature, pan evapotranspiration, and EVI. Data between January
1989 and December 1999 are used for training, and the rest of data
(Jan. 2000–Dec. 2010) are used for testing. For the data stream method,
the required input data and the training data are same with those in the
data-driven models, while the rest of the monthly data enter the model
one by one for runoff simulation in each month. The selected data
driven models and the data stream model are implemented with Java
on a PC with Windows 10 operating system.

To evaluate the runoff simulation under different conditions (e.g.,

climate change or climate and land cover changes), the data stream
model is run with or without EVI data, respectively (as shown in
Table 2). Considering that the important parameter K (i.e., the number
of initial neighbors) in data stream model may affect the performance
of the model, we run the model with different K values ranging from 30
to 60 with an interval of 5.

5. Results and discussion

5.1. Runoff simulation result with the data stream model

With different inputs data and K values in the data stream model,
the corresponding runoff simulation results are summarized in Table 2.
These suggest that the model shows a stable and good performance with
high NSE and low errors. Specifically, NSE ranges from 0.85 to 0.88 or
from 0.83 to 0.85 for the data stream model with or without EVI, re-
spectively. The insensitivity of parameter K suggests the data stream
model may suit many cases where only a limited length of data is
available.

Noticeably, on average the results demonstrate that the data stream
model with EVI achieved better runoff simulation results than that
without EVI, with respect to all evaluation metrics. This finding implies
EVI is an important contributor to runoff change and should be in-
cluded during runoff simulation. This can be explained from two as-
pects: (1) EVI, representing for vegetation cover, may impact runoff via
evapotranspiration and interception processes (Marques et al., 2007).
(2) EVI variation, partially representing land use change (as mentioned
in section 2.2.2), may influence runoff generation via changing soil
storage capacity (Rogger et al., 2017). In addition, relative error (RE) of
the data stream model with EVI is negative, while that without EVI is
positive. This means that runoff in the former model is under estimated
and runoff in the latter model is over-estimated.

Taking the best result of runoff simulation (i.e., NSE = 0.88,
MAE = 4.03, RMSE = 6.7, RE =−0.04) as an example, where K= 30
and EVI is taken into consideration, Fig. 6 illustrates the modelled and
observed monthly runoff at Chuzhou station during 2000 and 2010. It is
intuitively noted that the data stream model simulates runoff response
well, being able to capture the trend of runoff variation and evolution of
the rainfall-runoff relationship.

5.2. Comparison with the existing models

To further test the data stream model, three data-driven models and
six hydrological models are selected for comparison. Table 3 presents
the best performances of different models for runoff simulation in terms

Fig. 4. Synthetic data stream and the simulation result.

Table 1
Basic statistics of the data on monthly scale over the whole (1989–2010),
training (1989–1999) and validation (2000–2010) periods, respectively, for the
Qingliu River catchment.

Variable Period Unit Min Mean ± SD Max

Temperature Whole
Training

°C 0.65
0.65

16.13 ± 8.83
15.75 ± 8.78

30.58
30.58

Validation 1.23 16.51 ± 8.89 29.71
Precipitation Whole

Training
mm 0

0
83.93 ± 82.42
82.65 ± 80.63

643.80
495.00

Validation 1.35 85.22 ± 84.45 643.80
Pan-Evaporation Whole

Training
mm 19.13

19.59
74.78 ± 34.55
74.45 ± 34.66

157.94
155.03

Validation 19.13 75.12 ± 34.57 157.94
EVI Whole / 0.08 0.30 ± 0.14 0.57

Training 0.08 0.28 ± 0.14 0.51
Validation 0.10 0.31 ± 0.14 0.57

Runoff Whole m3/s 0 9.73 ± 19.97 182.00
Training 0 10.08 ± 20.74 176.00
Validation 0.34 9.38 ± 19.25 182.00

Note: Sampling number: 264. EVI: enhanced vegetation index. No missing data.
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of NSE, MAE, RMSE, RE, AIC, and BIC. In general, data stream model is
superior compared to other comparable models with respect of all
evaluation metrics except for MAE. Specifically, no matter whether EVI
is included in the model, the data stream model gains the best results in
term of NSE, RMSE, and RE compared with other comparable models.
SWAT model also achieved relatively good results for runoff simulation,
with NSE of 0.82 and with the smallest MAE value of 3.97. In contrast,
the five lumped hydrological models and SVR produced relatively
worse results with low NSE and/or high errors.

5.3. Advantages, limitations and future work

To present, hydrological models have been widely used in runoff
simulation. However, more and more data-driven models have been
proposed in recent years (Montanari et al., 2013; Gibert et al., 2018).
To the best of our knowledge, both kinds of methods come with ad-
vantages and disadvantages. For hydrological models, since they are
based on the physical mechanism, the pros are thus obvious: they are
easy to understand and can be used to interpret hydrologic processes.
However, the factors affecting runoff are diverse and the relationships
between these factors are complicated. Hydrological models may not be
easy to consider all affecting factors (direct or indirect) based on phy-
sical mechanisms. Thereby, the flexibility to incorporate new affecting
factors may be limited and the performance of runoff simulation or
prediction may suffer. Regarding data-driven model, its main desirable
property is high simulation or prediction performance via mining all
kinds of available data. However, for most existing data-driven models,
the results are hard to interpret.

Traditional hydrological models are good at simulating the sta-
tionary relationship between runoff and its affecting factors (Xu et al.,
2013), but fail to capture the dynamic relationship. The advantages of
the data stream model are highlighted by its dynamics and flexibility.
Regarding the dynamics, taking non-stationary rainfall-runoff re-
lationships into account, the data stream model can dynamically si-
mulate runoff response to environmental changes by detecting the re-
lationship changes and updating the model. Although the data stream
model is designed for non-stationary conditions, it also works for sta-
tionary scenarios. In terms of flexibility, when more impact factors
related to runoff are included, namely land cover or population, they
can be easily coupled into the data stream model once their data series
are identified. As described in Equation (3), m represents the number of
impact factors. The high flexibility allows for a wide range of applica-
tions of the data stream method. However, the data stream model lacks
interpretation of physical mechanisms of driving changes in the hy-
drological process.

As a data-driven model, the data stream method provides a good
supplementary tool for runoff simulation on monthly scale in a chan-
ging environment. Nevertheless, if the daily scaled data of runoff and its
impact factors are available, the proposed approach can also be used for
runoff simulation on daily scale via adjusting different K values.
Therefore, the proposed data stream approach is useable for catchments
in which long observational datasets exist.

Although the data stream can include more driving factors, in this
study only EVI data is extended and tested. To better understand such
interactions, quantitative attribution of factors leading to runoff change

Fig. 5. Experimental setup for runoff response simulation comparison among
different models.

Table 2
Performance of the data stream model with different values of parameter K for
runoff simulation during 2000–2010 in the Qingliu River catchment, China.

Without EVI With EVI

NSE MAE RMSE RE NSE MAE RMSE RE

K = 30 0.83 4.42 7.90 0.05 0.88 4.03 6.70 −0.04
K = 35 0.83 4.40 7.86 0.05 0.86 4.11 7.07 −0.04
K = 40 0.85 4.31 7.55 0.05 0.87 4.09 6.87 −0.04
K = 45 0.85 4.30 7.54 0.05 0.86 4.23 7.14 −0.04
K = 50 0.85 4.23 7.45 0.04 0.86 4.29 7.14 −0.04
K = 55 0.85 4.21 7.39 0.04 0.86 4.39 7.31 −0.05
K = 60 0.85 4.28 7.51 0.04 0.85 4.54 7.48 −0.05
Mean 0.84 4.31 7.60 0.05 0.86 4.24 7.10 −0.04

Note: EVI, enhanced vegetation index; NSE, Nash–Sutcliffe model efficiency
coefficient; MAE, mean absolute error; RMSE, root mean square error; RE,
Relative error. Fig. 6. Observed and simulated monthly runoff with data stream model at

Chuzhou station during 2000 and 2010.
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needs to be determined. In the future, more impact factors such as
population, water withdrawals (total and by sector), and reservoir ca-
pacities could be integrated into the model for more comprehensive
study. In addition, the data stream model has the potential to be used
for environment-related applications, such as water quality or air
quality simulation.

6. Conclusions

In this study, a data stream method is introduced to simulate runoff
response to environmental changes, where the data series of runoff and
its impact factors (e.g., rainfall, temperature) are regarded as a data
stream. Taking non-stationary rainfall-runoff relationships into ac-
count, the data stream method can dynamically simulate runoff re-
sponse to historical climate and land cover changes by detecting re-
lationship changes and updating the model. The Qingliu River
catchment is used as a case study to verify the effectiveness of the data
stream method. Model performance is compared with that of three
data-driven models (SVR, ANN, Random Forest) and six internationally-
used hydrological models (SWAT, AWBM, SimHyd, SMAR, Sacramento,
and Tank). The results demonstrate that the data stream model achieves
a stable and good performance with mean NSE over 0.84, being su-
perior to all the comparable models. Additionally, the data stream
model with EVI (NSE ranging from 0.85 to 0.88) outperforms that
without EVI (NSE ranging from 0.83 to 0.85). The data stream approach
provides a promising way for dynamic runoff simulation, in the context
of a changing environment. Furthermore, the findings will be beneficial
to local water resources management and planning.
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