
 

 

 

Abstract— In this study the novel stochastic gradient boosting 

(SGB) combination method is addressed for producing daily river 

flows from four different rain-runoff models of Ohinemuri 

catchment, New Zealand. The selected rainfall-runoff models are two 

empirical black-box models: linear perturbation model and linear 

varying gain factor model, two conceptual models: Soil Moisture 

Accounting and Routing model and Nedbør-Afrstrømnings model. In 

this study, the simple average combination method and the weighted 

average combination method were used as a benchmark for 

comparing the results of the novel SGB combination method. The 

models and combination results are evaluated using statistical and 

graphical criteria. Overall results of this study show that the use of 

combination technique can certainly improve the simulated river 

flows of four selected models for Ohinemuri catchment, New 

Zealand. The results also indicate that the novel SGB combination 

method is capable to develop a multi-model combination system of 

the Ohinemuri river catchment in New Zealand. 

 

Keywords—Multi-model combination, rainfall-runoff modeling, 

stochastic gradient boosting 

I.  INTRODUCTION 

HERE are numerous rainfall-runoff models of varying 

degrees of sophistication and complexity. However, there 

is no superior rainfall-runoff model providing river flow 

forecasts which is better, under all circumstances than those of 

other competing models [23][24]. Each individual rainfall-

runoff model provides many important information sources, 

which may be different from each model. Thus, an alternative 

approach for improving the forecasting accuracy and 

reliability is to combine the information from these different 

sources [23][24][16][10]. In this study, two types of rainfall-

runoff models available were used to simulate river flows as 

they may make efficiently combine in the combination 

method. The selected rainfall-runoff models are two empirical 

black-box models: linear perturbation model (LPM) and linear 

varying gain factor model (LVGFM), two conceptual models: 

Soil Moisture Accounting and Routing (SMAR) model and 

Nedbør-Afrstrømnings Model (NAM). 

There are a number of a linear, non- linear neural network 

and fuzzy based combination methods, which can be used for 

producing the combined river flows [26]. Nevertheless, none 

of these methods propose a stochastic gradient boosting 
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combination method. Stochastic gradient boosting (SGB) 

proposed by Friedman [11]. It is a standard classification tree 

to improve the accuracy of a predictive function by applying 

the function repeatedly in a series of trees. However, the use 

of SGB in hydrology and water resources is limited. 

Therefore, a novel SGB combination method was used to 

produce the simulated river flows from four selected rainfall-

runoff models for Ohinemuri catchment, New Zealand in this 

study. The simple average method (SAM) and weighted 

average method (WAM) are the most popular combining 

techniques used for combined river flows [25][3][16][12][9]. 

Therefore, the SAM and the WAM were used as a benchmark 

for comparing the results of the novel SGB combination 

method in this study. 

However, the research on the combination technique in the 

context of rainfall-runoff modelling has never been applied to 

New Zealand catchment in the literatures. Consequently, this 

study has applied this technique, which can participate in 

improving the accuracy of river flow simulation in New 

Zealand and draw guidance about the use of combination 

technique in New Zealand for future research. The objective 

of this study is to improve the simulated daily river flows from 

four selected rainfall-runoff models using the combination 

technique. The simulated river flows from four models were 

produced using three combination methods: the SAM, the 

WAM and the SGB combination methods. The statistic and 

graphical criteria were used to evaluate the model 

performance. This paper starts with the details of the study 

catchment and data used in this paper are described. Secondly, 

a brief description of the methodology used in this study is 

described. Thirdly, the details of model efficiency evaluation 

criteria used for assessment of model efficiency are explained. 

Finally, the conclusions obtained from the results are 

discussed. 

II.   STUDY CATCHMENT AND DATA 

In this study, the Ohinemuri river catchment was used for 

testing multi-model combination system. The catchment area 

is about 285.39 km
2
. It located in the North Island of New 

Zealand (see Fig. 1). Land use types in the Ohinemuri river 

catchment are mostly forest (49 %). It includes agriculture (1 

%), pasture (48 %), urban and rural residential (1.5 %) and the 

rest consist of swamp. Eight different soil types within 

Ohinemuri river catchment consist of clay loam (96 %), urban 

land (2%), brown clay loam 1% and the rest consist of rock. 

The topography of the catchment varies from 19 m above sea 
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the attenuation and the diffusive effects of the catchment by 

routing the different generated runoff components of the water 

balance part through linear storage systems. A schematic 

diagram of the SMAR model [23] is presented in Fig 4.  

 

 

Fig. 4 Schematic diagram of SMAR model [23] 

D. The Nedbør-Afrstrømnings Model (NAM) 

NAM is the abbreviation of the Danish "Nedbør-

Afstrømnings-Model", meaning precipitation-runoff-model 

[8]. Nam is conceptual rainfall-runoff model, it was originally 

developed by the Department of Hydrodynamics and Water 

Resources at the Technical University of Denmark. The NAM 

structure is based on physical structures and equations used 

together with semi-empirical ones. The NAM simulates the 

rainfall-runoff process by continuously accounting for the 

water content in four different and mutually interrelated 

storages that represent different physical elements of the 

catchment. These storages are snow storage, surface storage, 

lower or root zone storage and groundwater storage (see Fig.   

5). In this study, the snow component is not relevant and so 

the parameter corresponding to this process is set to zero. The 

model structure is presented in Fig 5. 

 

 
Fig. 5 Structure of the NAM 

IV. COMBINATION METHODS 

The first combining method has addressed in economic 

forecasting by Bates and Granger [5]. Since the combination 

methods showed the ability method for improving the 

performance of forecasts to combine the single model. The 

results of combination methods in the literature reviews 

indicate that in many cases the combined forecasts outperform 

the single model [6][16][23][24[3]. In this study, the results 

from four selected rainfall-runoff models were combined 

using three combination methods for improving the accuracy 

and reliability of simulated river flows of Ohinemuri 

catchment, New Zealand. The description of the combination 

methods is given in the following section below. 

A. Simple average method (SAM) 

SAM is the most popular combined methods on forecasting, 

which is the simple method provides forecasts that are more 

accurate than the complex method [4]. The SAM involves 

computing the average of the combining the outputs of 

different individual models. Many of published studies have 

shown that the simple average provides an alternative can 

perform better than the individual forecasts [17][7][23][25]. 

The SAM combination method can be expressed by the 

following equation; 

 

      
 

 
∑     

 
                                                           (2) 

 

where Qci is a combined estimate of discharge of the jth 

rainfall-runoff models for the ith time period, Qj,i is the 

simulated discharge of the jth rainfall-runoff models for the ith 

time period. 

B. Weighted average method 

Bates and Granger [5] were the first to apply the WAM for 

combining forecasts. After, Makridakis and Winkler, 1983 

[17] advised the weighted average method was used to 

combine the forecasts perform better that the individual 

forecasts. The WAM utilizes the multiple linear regression 

technique to combine the simulated outputs. The WAM 

Parameter Description 

Z The combined water storage depth capacity of the layers [>0 in mm]. 

T A parameter (less than unity) that converts the given evaporation 

series to the model-estimated potential evaporation series [0 to 1]. 

C The evaporation decay parameter, facilitating lower evaporation rates 

from the deeper soil moisture storage layers [0 to 1]. 

H The generated ‘direct runoff’ coefficient [0 to 1]. 

Y The maximum infiltration capacity depth [>0 in mm/timestep]. 

n The shape parameter of the Nash gamma function ‘surface runoff’ 

routing element; a routing parameter [>0]. 

nK The scale (lag) parameter of the Nash gamma function ‘surface 

runoff’ routing element; a routing parameter [>0]. 

g The weighting parameter, determining the amount of generated 

‘groundwater’ used as input to the ‘groundwater’ routing element [0 

to 1]. 

Kg The storage coefficient of the ‘groundwater’ (linear reservoir) routing 

element;  

a routing parameter [>0]. 
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combination method can be expressed as; 

 

      ∑          
 
                             (3) 

 

Where Qj,i is the observed discharge of the ith time period, 

aj is the weight assigned to the jth model estimated discharge,  

Qci and ei is the combination error term. The sum of the model 

weights are constrained to be always positive and to be equal 

to unity. The weights are calculated by the ordinary least 

square technique. 

C. Stochastic gradient boosting 

The stochastic gradient boosting (SGB) proposed by 

Friedman [11], is a regression analysis for improving the 

accuracy of a predictive function by applying the function 

repeatedly in a series of trees. The final predicted value 

combines the output of each function with weighting, as a 

result that the total error of the prediction is minimized [21]. It 

is developed to improve the accuracy of decision trees models. 

SGB method is the functionally similar to decision trees 

because it creates a tree ensemble. The treeboost uses SGB to 

increase the predictive accuracy of decision tree model. The 

mathematically of a treeboost-SGB method can be described 

as: 

 

                                               (4) 

 

where F0 is the starting value for the series (the median 

target value for a regression model), X is a vector of “pseudo-

residual” values remaining at this point in the series, T1(X), 

T2(X) are trees fitted to the pseudo-residuals and B1, B2, etc. 

are coefficients of the tree node predicted values that are 

computed by the treeboot algorithm.  

V.  EVALUATION OF MODEL PERFORMANCE 

To access the accuracy of the models, the most common 

evaluation criteria: root mean squared error (RMSE), 

coefficient of determination (R
2
) and the Coefficient of 

Efficiency, CE [20] used in hydrology were applied in this 

study. Gupta et al., 2009 [14] proposed a recently method the 

Kling and Gupta Efficiency (KGF), which can help to reduce 

model calibration problem for river flow forecasting.  The 

KGF was applied in this study. For further details of the KGE 

and its components see Gupta et al. 2009 [14]. The value of 

CE ranges from   to 1, in which the value closer to 1 

represents a better fit of model. The RMSE provides different 

types of information about the predictive capabilities of the 

model. It is a non-negative metric that has no upper bond and 

for a perfect model the RMSE value is close to zero. For a 

perfect model, the KGE values are close to zero, which is 

similar to R
2
 and CE. The graphical criteria, namely, the 

hydrograph plots were used in assessing the model 

performance. The equation used for calculating these statistics 

are shown below. 

Coefficient of efficiency, CE is stated as: 

     
∑        
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Root mean square error, RMSE is stated as: 
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Coefficient of Determination, R
2
 is stated as: 
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King-Gupta Efficiency, KGE is stated as: 
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Where Qi  is the observed runoff value at time i (m
3
/s), Si is 

the simulated runoff at time i (m
3
/s), Q is the mean of the 

observed runoff data, S is the mean of the simulated runoff 

data and n is the number of data points.  

VI. RESULTS AND DISCUSSION 

In this study, the four selected rainfall-runoff models: the 

LPM, LVGFM, the SMAR model and NAM were applied to 

the daily data of Ohinemuri catchment in New Zealand. They 

are used to simulate river flows at the outlet of an Ohinemuri 

river gauge (see Fig. 1). For model evaluation, the input data 

was split into two parts. The first part is 2/3 of the available 

data, which was used as the calibration period. The remaining 

1/3 was used as the verification period (i.e. testing the 

consistency of the calibrated model on an independent set of 

data). All models were calibrated the catchment to determine 

the optimum set of the parameter values.  

This study used three combination methods: SAM, WAM 

and SGB to produce the simulated river flows from four 

selected rainfall-runoff models of the Ohinemuri catchment, 

New Zealand. The SGB is a novel combination method in the 

context of rainfall-runoff modelling. On the other hand, the 

SAM and WAM are the most popular combining techniques 

and the methods were used to compare with other combination 

methods [16]. In this study, the SAM and WAM were used as 

a benchmark for comparing the results of the novel SGB 

combination method. The SAM is the simplest method, which 

assigns the same weight to each the component model output. 

The WAM assigns different weights to each of the component 

model outputs. The SGB was used to set up regression tree 

model for improving model outputs. In this study, DTREG 

software [21] was used to develop the SGB model. The SGB 

model was trained using 1334 data sets of the total results of 

individual rainfall-runoff model. The 80% of the total data sets 

were used for training the networks, and the remaining 20% 

data sets were used for testing the networks. This data set is 

used to avoid overfitting during the training process. The 

initial number of the tree is incremented by 1 up to a 

International Conference on Innovations in Engineering and Technology (ICIET'2013) Dec. 25-26, 2013 Bangkok (Thailand)

http://dx.doi.org/10.15242/IIE.E1213619 278



 

 

maximum number of 1,000. The optimal number of the trees 

is determined when the value of the pseudo-residuals is 

minimal based on the influence trimming factor. Table I 

shows the ranking of the performance model of three 

combination methods and four selected rainfall-runoff models 

applied to the Ohinemuri river catchment, New Zealand. 

Analysis of the table indicates that, in the calibration period 

and verification period, the SGB method for combining four 

model outputs has better performance than that of the 

individual models and two combination methods. However, in 

the verification period, the LPM, in terms of KGE, is superior 

to all four individual rainfall-runoff modes and those of three 

combination methods. Figure 6 shows the observed and 

simulated flood hydrographs for the Ohinemuri river 

catchment produced the best individual model (LVGFM) and 

three combined models: SAM, WAM and SGB. The results in 

figure 6 show that the SGB fits the observed data value better 

than other models and the SGB is able to capture the flood 

peaks. 
<, 

VII. CONCLUSION 

This study is the first research has been addressed the use of 

stochastic gradient boosting combination method in the 

context of rainfall-runoff modelling. Overall results 

demonstrate that the proposed method has better performance 

than other individual simulation models and other two 

combination methods. The results obtained in this study also 

indicate that the use of combination technique can certainly 

improve the simulated river flows of four selected rainfall-

runoff models for Ohinemuri catchment in New Zealand. 

Moreover, results indicate that the SGB is capable to develop 

a multi-model combination system of the Ohinemuri river 

catchment in New Zealand. 

Fig. 6 Comparison of the observed and simulated flood hydrographs 

of the best model and three combination methods 
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