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Abstract. In previous literatures, a coupled data-driven rainfall-runoff (RR) model, NU-PEK, 

has been proposed and successfully applied in hourly RR simulation task. However, numerical 

experiments show that its performance for daily RR simulation is unsatisfactory. It is noticed 

that the poor performance is due to the inability of the original model to capture the much 

higher non-linear characteristics contained in the daily data. In order to improve the non-

linearity simulation capability of the original model, an improved model named NU-PKEK and 

its calibration methodology are developed in this paper. The improved model is constituted by 

adding a K-means clustering module and utilizing multiple NU-PEK modules instead of using 

only one NU-PEK model. This study applies the improved model, the Xinanjiang model, and 

the original model for daily RR simulation in Chengcun catchment for intercomparison and 

verification. The simulation results prove that the NU-PKEK performs best, and has better 

simulation and forecasting capability. 

1.  Introduction 

Data-driven hydrological models have been proved to be effective, simple, and concise methods in 

recent years (Piotrowski et al., 2013). They have been used widely in hydrological forecasting, water 

resources management, and environmental simulation (Shouke et al., 2012; Mohammad et al., 2013; 

Vahid et al., 2013). Applications indicate that the data-driven model is an effective and robust method 

for the RR simulation and forecasting on the up-dating mode, which can forecast discharge one-time-

step ahead. On the other hand, multi-time-step simulation is also studied by some hydrologists (Li et 

al., 2014; Kan et al., 2015). 

The recently proposed NU-PEK model (Kan et al., 2015) aims at the implementation of non-

updating RR simulation with higher accuracy and better stability than traditional conceptual models 
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such as the Xinanjiang and the IHACRES models. Nevertheless, numerical experiments show that 

when applying the NU-PEK model for the daily RR simulation tasks, the model performance is 

degraded. For the purpose of ameliorating the non-linearity simulation capability of the NU-PEK 

model and improving model performance in daily RR simulation, an improved model named NU-

PKEK and its calibration methodology are developed in this paper. The NU-PKEK model is 

constituted by adding a K-means clustering module into the original NU-PEK model and utilizing 

multiple NU-PEK modules instead of using only one NU-PEK model. The input vectors are classified 

into several categories by the K-means clustering module to weaken the non-linearity contained in the 

input data. Multiple NU-PEK modules are adopted to simulate their corresponding category of input-

output data to generate more precisely forecasted results. This study applies the improved model, the 

Xinanjiang model, and the original model for daily RR simulation in Chengcun catchment for the 

purpose of comparison and verification. 

2.  Study area and data description 

We carry on the daily rainfall-runoff simulation in Chengcun catchment (290km2), which lies in the 

Qiantang River basin, Anhui province, China. There are ten rainfall gauges located in this area. 

Observed daily rainfall, evaporation, and average discharges range from 1986 to 1994 were utilized as 

the calibration data, while data from 1995 to 1999 were utilized as the validation data. The Thiessen 

polygon map for the Chengcun catchment are shown in Figure 1. 

 
Figure 1. Thiessen polygon map for the Chengcun catchment. 

3.  Methodology 

3.1.  PKEK approximator 

3.1.1.  K-means clustering. The K-means clustering (Grigorios and Aristidis, 2014; Kapageridis, 2015; 

Rehab and Mohammed, 2015) is a famous and widely used partitioning and clustering method 

(MATLAB, 2012). The K-means method is usually calibrated or trained by the iterative method. 

3.1.2.  PEK approximator. The PEK approximator is a hybrid data-driven model and it can be applied 

for the simulation of the multi-input single-output (MISO) system mapping relationship. Detailed 

principle of the PEK approximator can be found in the corresponding literatures (Kan et al., 2015). 

3.1.3.  PKEK approximator. PKEK approximator is an improved version of the previously proposed 

PEK approximator. It is combined by the PMI (partial mutual information) based IVS (input variable 

selection) module, the K-means clustering based input variable clustering module, and the ENN 

(ensemble artificial neural network) and KNN (K-nearest neighbour) simulation module. The PKEK 

approximator can be seen as a hybrid approximator that composed by a K-means clustering module 

and multiple PEK modules. The architecture of the PKEK approximator is demonstrated in Figure 2. 

The simulation and calibration method of the PKEK approximator is as follows: The input 

variables are selected by the PMI-based separate IVS scheme to generate the selected input vectors. 
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After that, each selected input vector is fed into the K-means clustering algorithm to determine which 

category it belongs to. For each selected input vector, we choose a corresponding PEK module to 

calculate the output. In the PEK module, the output is estimated by the ENN, and the output error is 

estimated by the KNN regression. The final simulated output is the sum of the estimated output and 

output error. The calibration of the PKEK approximator is almost the same with the PEK 

approximator. The difference is that we need to calibrate the K-means clustering before calibrate PEK 

modules by an iterative method (Grigorios and Aristidis, 2014; Kapageridis, 2015; Rehab and 

Mohammed, 2015). 

 
Figure 2. The architecture of the PKEK approximator. 

3.2.  NU-PKEK module 

3.2.1.  Non-updating RR simulation of the NU-PKEK model. The non-updating modelling approach of 

the NU-PKEK model is similar to the previously proposed NU-PEK model. The difference is the 

addition of the K-means clustering. The modelling approach of the NU-PKEK model is as follows: 

        1 2
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where 
 _SIMQ

tX
 denotes the candidate simulated antecedent discharge (SAD) input vector; 

 SWCR

tX  

denotes the candidate sliding window cumulative rainfall (SWCR) input vector; 
 SIM

t i
Q

  denotes the SAD; 
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 

t

i
SWCRs  denotes the SWCR with sliding window width i; nQ and nP denote the order of the SAD and 

the SWCR respectively; IVSQ_SIM denotes PMI-based IVS for candidate SAD input vector; 

IVS_SWCR denotes PMI-based IVS for candidate SWCR input vector; 
 S

tX  denotes the selected input 

vector; 
 EST

tQ  denotes the estimated output discharge associated with 
 S

tX ; 
 EST

tE  denotes the estimated 

output discharge error associated with 
 S

tX ; 
 SIM

t
Q

 denotes the simulated output discharge and it is the 

final prediction of the output discharge; FEBPNN denotes the EBPNN discharge estimation; FKNN 

denotes the KNN discharge error estimation; FK-means denotes the K-means clustering. The non-

updating simulation procedure of the NU-PKEK model for each flood event is almost the same with 

the NU-PEK model. The difference is that after the PMI-based separate IVS, the K-means clustering is 

executed to classify the input vector and fed it to different PEK module to calculate the forecasted 

discharge value. 

3.2.2.  Calibration of the NU-PKEK model. The calibration of the NU-PKEK model is almost the 

same with the NU-PEK model. The difference is the addition of the calibration of the K-means 

clustering. The K-means algorithm is calibrated by the iterative method and this calibration process is 

repeated for 100 times with different initial parameters to avoid the local minimum issue. The optimal 

number of classes is determined by the Silhouette value. In this paper, approximately 70% of the flood 

events are utilized to create the calibration data and the remaining events are utilized to create the 

validation data. 

3.3.  Xinanjiang model 

The Xinanjiang model (Zhao et al., 1980, 1984, 1992) is a conceptual RR model which has been 

successfully and widely used in China. The flowchart of the Xinanjiang model is demonstrated in 

Figure 3 (Yao et al., 2009). 

 
Figure 3. Xinanjiang model flow chart (Yao et al., 2009). 

4.  Results and discussion 

4.1.  Calibration of the NU-PKEK and NU-PEK models 

4.1.1.  Input variable selection. Considered that we are studying the daily simulation, we set the order 

of SWCR and SAD (i.e. nP and nQ) equal to 10, and 10 is large enough and rational for daily RR 

simulations. This means that the rainfall will becomes runoff with a lag at most 10 days. After the IVS 

we have found that the lag time of most selected SADs are less than 10. Therefore, this result conform 

that the order of 10 is large enough to describe the mapping relationship between the daily rainfall and 

runoff data of the Chengcun catchment. 

4.1.2.  K-means clustering module. We use the Silhouette value to determine the optimal cluster 

number. The Silhouette refers to a method of interpretation and validation of consistency with clusters 

of data. The technique provides a succinct graphical representation of how well each object lies within 

its cluster (Rousseeuw, 1987). The classification results of the K-means clustering algorithm is shown 

in Figure 4. Figure 4 (A) demonstrates the relationship between the cluster number and the Silhouette 

value. It can be seen from the figure, when we dividing the input samples into 3 clusters, the 
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Silhouette value reaches the maximum value. Therefore, we divide the input sample into 3 clusters. 

Figure 4 (B) shows the Silhouette value distribution when the input samples are divided into 3 clusters. 

We can see that the Silhouette value distributes evenly and the clustering results is rational good and 

acceptable. 

 
Figure 4. The classification results of the K-means clustering algorithm. (A) Relationship between the 

cluster number and the Silhouette value; (B) The Silhouette value distribution when the samples are 

divided into 3 clusters. 

4.1.3.  The PEK module. The PEK module is calibrated by a NSGA-II, Levenberg-Marquardt (LM), 

and leave-one-out cross-validation coupled method. The arithmetic parameters of the NSGA-II 

algorithm are set as: population size pop=90, evolution generation total number gen=1000, crossover 

probability pc=0.85, and mutation probability pm=0.15. The arithmetic parameters of the LM method 

are set as follows: minimum performance gradient min_grad=1-10, initial mu=0.001, mu decrease 

factor mu_dec=0.1, mu increase factor mu_inc=10, and maximum mu mu_max=110. The lower and 

upper boundaries of K for the KNN algorithm are set to 1 and 300. 

   
Figure 5. The optimized Pareto first front of the ENN. (A) The first cluster for the NU-PKEK model; 

(B) The second cluster for the NU-PKEK model; (C) The third cluster for the NU-PKEK model; (D) 

The NU-PEK model. 

The optimized Pareto first front of the ENNs for the NU-PKEK and NU-PEK models are shown in 

Figure 5. Because we divide the input samples into 3 clusters, we construct three PEK modules for the 

NU-PKEK model. Figure 5 (A), (B), and (C) demonstrate the Pareto first front for the first, second, 
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and third cluster. Figure 5 (D) demonstrates the Pareto first front for the NU-PEK model. The 

objective function used for the NSGA-II algorithm is mean squared error (MSE), mean squared value 

of the network parameters (MS), and hidden layer neuron number. As we can see, all of the four 

Pareto fronts distribute evenly which means that the optimization results is reasonable. It can be seen 

that the configuration of the Pareto fronts in (D) seems like a combination of Pareto fronts in (A), (B), 

and (C). This fact implies that the improved model ((A) + (B) + (C)) contains the simulation capability 

of the original model (only (D)) and can simulate more precisely by utilizing three Pareto fronts. 

4.2.  Calibration of the Xinanjiang model 

The Xinanjiang model parameters are optimized by the SCE-UA (Duan et al., 1992, 1993, 1994) 

method. The algorithmic parameters are set as: p (number of complexes)=15, maxn (maximum 

number of objective function evaluations)=100000, kstop (number of shuffling loops in which the 

objective function must improve by the specified percentage pcento)=10, pcento (percentage by which 

the objective function must change in the specified number of shuffling loops kstop)=0.1, and peps 

(minimum parameter space allowed)=0.001, respectively. 

4.3.  Model performance comparison 

We use the scatter plots of the observed and simulated discharges and the regression R values to 

inspect the overall performance of the three models (see Figure 6). 

 
Figure 6. The scatter plots of the observed and simulated discharges and the regression R values: (A) 

NU-PKEK model, (B) Xinanjiang model, (C) NU-PEK model. 

As demonstrated in Figure 6, as for the calibration period, the NU-PKEK model obtains the best 

result (R = 0.9634), the NU-PEK model obtains the moderate result (R = 0.9539), and the Xinanjiang 

model obtains the worst result (R = 0.9197). It can be noticed that the data scatters of the NU-PKEK 

model intensively lie close to the 45 degree line. The distribution of the data scatters of the NU-PKEK 

model is relatively more uniform for small, middle, and large discharge values. These results indicate 

that the NU-PKEK model generates the best result and obtains the most stable performance in the 

calibration period. 

6th Digital Earth Summit IOP Publishing
IOP Conf. Series: Earth and Environmental Science 46 (2016) 012029 doi:10.1088/1755-1315/46/1/012029

6



 

 

 

 

 

 

As for the validation period, the NU-PKEK model obtains the best result (R = 0.9296), the 

Xinanjiang model obtains the moderate result (R = 0.9169), and the NU-PEK model obtains the worst 

result (R = 0.8912). As demonstrated in the Figure 6, the data scatters of the NU-PKEK model 

distributed normally around the 45 degree line. This result indicates that the simulation results of the 

NU-PKEK model do not have bias to be larger or smaller and shows a very stable property. However, 

the simulated discharges of the Xinanjiang model is smaller than the observed values, while the 

simulated discharges of the NU-PEK model is larger than the observed values. This phenomenon 

becomes more obvious especially for large discharge values. 

After analyzing the accuracy in calibration and validation period, the accuracy declination is also 

compared. The Xinanjiang model obtains the best accuracy declination value (0.9169/0.9197 = 

0.9970), the NU-PKEK model obtains the moderate accuracy declination value (0.9296/0.9634 = 

0.9649), and the NU-PEK model obtains the worst accuracy declination value (0.8912/0.9539 = 

0.9343). The results show that although the NU-PKEK model obtains worse accuracy declination 

value than the Xinanjiang model, it outperforms the original NU-PEK model and generates better 

forecasted results. 

The analysis of the three models shows that the NU-PKEK model can generate better overall 

results than the original NU-PEK model and the Xinanjiang model. Especially for peak values, the 

NU-PKEK model is much better than other two models. The comparison results indicate that the NU-

PKEK model outperforms other models in Chengcun catchment and prove its satisfactory accuracy 

and stability. 

5.  Conclusions 

An improved hybrid data-driven model, named NU-PKEK, is proposed in this paper to overcome the 

disadvantages of the previously proposed NU-PEK model in daily RR simulation. For the purpose of 

comparing performances of different models, the NU-PKEK, Xinanjiang, and NU-PEK models are 

applied to daily RR simulation in Chengcun catchment. It can be remarked that the NU-PKEK model 

is able to simulate generally much better runoff hydrograph than other models. From the application 

and analysis of the NU-PKEK model, we can conclude that: 

(1) The NU-PKEK model have all the advantages of the previously proposed NU-PEK model, 

including better calibration and validation non-updating simulation accuracy, automatic calibration 

without much impact from human experiences, good compromise between the sufficiency and 

parsimony of the input data, and good compromise between the simulation accuracy and topology 

complexity, and so on. 

(2) Compared with the original NU-PEK model, the performance of the NU-PKEK model 

becomes much better for the daily RR simulation. The improvement in the goodness-of-fit to the 

observed discharge of the NU-PKEK model is owed to the addition of the K-means clustering method 

combined with the utilization of multiple PEK modules. With the clustering method and multiple PEK 

modules, the NU-PKEK model can simulate the characteristics of the RR relationship much precisely 

and it’s forecasting capability and stability becomes better. 
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