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Abstract 
 

Rainfall data can be regarded as the most essential input for various applications in 

hydrological sciences. Continuous rainfall data with adequate length is the main 

requirement to solve complex hydrological problems. Mostly in developing countries 

hydrologists are still facing problems of missing rainfall data with inadequate length. 

Researchers have been applying a number of statistical and data driven approaches to 

overcome this insufficiency. This study is an application of neuro-fuzzy system to infill the 

missing rainfall data for Klang River catchment. Pettitt test, standard normal homogeneity 

test (SNHT) and Von Neumann Ratio (VNR) tests were performed to check the 

homogeneity of rainfall data. The neuro-fuzzy model performances were assessed both 

in calibration and validation stages based on statistical measures such as coefficient of 

determination (R2), Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). To 

evaluate the performance of the neuro-fuzzy system model, it was compared with a 

traditional modeling technique known as autoregressive model with exogenous inputs 

(ARX). The neuro-fuzzy system model gave better performances in both stages for the 

best input combinations. The missing rainfall data was predicted using the input 

combination with best performances. The results of this study showed the effectiveness of 

the neuro-fuzzy systems and it is recommended as a prominent tool for filling the missing 

data.  
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1.0  INTRODUCTION 
 

Hydrologists are always dealing with the problem of 

insufficient or missing hydrological time series data. The 

availability of continuous historical data is important to 

plan future use of available water resources and 

improving the calibration and validation of the 

hydrological models. Inadequate length and 

presence of gaps are the common deficiencies in 

hydrological data and usually observed in most of 

developing countries [1]. There may be a number of 

reasons for this deficit like faulty equipment, electric 

shortfall, human ignorance, shortage of finances and 

so on. Rainfall data has been used in a number of 
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studies as it provides useful information for the 

hydrological modeling [2]. The presence of gaps in 

rainfall data is a common issue and hurdle in 

performing many hydrological studies. To infill the 

missing rainfall data a number of approaches can be 

found in literature such as artificial neural network [3, 

4], inverse distance weighting method [5], regression 

method [6], simple arithmetic averages [7] and so on. 

In contrast with previously used techniques, this study is 

an application of neuro-fuzzy systems for filling missing 

rainfall data.  

According to the Nauck [8] definition: “A hybrid 

neuro-fuzzy system is a fuzzy system that uses a learning 

algorithm based on gradients or inspired by the neural 

network theory (heuristical learning strategies) to 

determine its parameters (fuzzy sets and fuzzy rules) 

through the patterns processing (input and output)”. In 

the parallel architecture of neuro-fuzzy systems, a 

neural network and a fuzzy logic-based system are 

integrated appropriately. In this architecture, a layer of 

hidden neurons correspond to each of the task of a 

fuzzy inference system (FIS). This allows visualizing the 

flow of data and error signals through the system. 

Several architectures have been addressed in 

literature including the adapted fuzzy inference 

system, method of implementation, and learning 

algorithm [9].  

Neuro-fuzzy systems are generally classified into two 

main groups. The first group is linguistic neuro-fuzzy 

systems which employ Mamdani-type inference 

system [10] in their structures. In this group of neuro-

fuzzy systems, linguistic output data is produced from 

linguistic input data. The second group is precise 

neuro-fuzzy systems, which employs Takagi-Sugeno-

type inference system [11] and is able to produce 

numerical (non-linguistic) output from input data. 

Neuro-fuzzy systems have been widely used in time 

series modeling in hydrology such as rainfall-runoff 

simulation [12, 13], streamflow forecasting [14-16], 

water quality [17, 18], rainfall forecasting [19] and so 

on. The results of these studies have proven the 

promising potential of the neuro-fuzzy systems in 

prediction and simulation of hydrological time series. 

Adaptive network-based neuro fuzzy system (ANFIS) is 

one of the mostly used neuro-fuzzy modeling 

techniques and has its successful applications in 

diverse fields. ANFIS can also be used with an option 

for model validation as a check for over fitting.  The 

objectives of this study were: (a) to infill the missing 

rainfall data for Klang River catchment in Malaysia; 

and (b) to check the capabilities of ANFIS for infilling 

rainfall data in a tropical catchment. 

 

 

2.0  METHODOLOGY 
 

2.1  ANFIS 

 

Jang [20] implemented Takagi-Sugeno fuzzy rules by 

ANFIS and its architecture consists of five layers as 

illustrated in Figure 1. The actions of these layers are: 

Layer 1 generates fuzzy membership values for input 

variable; Layer 2 multiplies the incoming signals from 

the previous layer and calculate the firing strength of 

the rule (T-norm operation); Layer 3 computes the 

normalized firing strength; Node k in this layer 4 

calculates the contribution of the kth rule in the model 

output based on first-order Takagi-Sugeno rules; and 

Layer 5 calculates the weighted global output of the 

system. 

 

 
 

Figure 1 Architecture of ANFIS 

 

 

The reason for selecting ANFIS to infill missing rainfall 

data was due to its capability of simulating complex 

input and output relationship. It uses a combination of 

the least-squares method and the back propagation 

gradient descent method for training FIS membership 

function parameters for a given training data set.  

 

2.2  Study Area and Data Used 

 

Klang river catchment is located in the central part of 

Peninsular Malaysia as can be seen in Figure 2. The 

catchment size is 468 km2 and fully urbanized and 

densely populated as it surrounds the capital city of 

Malaysia. Heavy rainfall events are recorded in 

Malaysia because of its presence in tropical zone. 

Peninsular Malaysia receives approximately 2400mm 

rainfall per annum [21].  

 
 

Figure 2 Map of Klang River catchment 

 

 

The northeast monsoon contributes heavy rainfall 

events in the eastern part of Peninsular Malaysia that 
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occur during November-February and the western 

part of Peninsular Malaysia receives southwest 

monsoon during May-August. Peninsular Malaysia 

receives the most rainy days in both monsoons. Klang 

River catchment also receives the inter-monsoon 

period during the months of March-April and 

September-October [22]. Flood events have also been 

recorded and proper planning of drainage remains 

the key concern during the heavy storm events. The 

rainfall data of the presently active rainfall stations was 

arranged from department of irrigation and drainage 

(DID), Malaysia.  

The daily rainfall data of the fifteen stations were 

used in this study. The data provided by the DID was 

varied in terms of record length as some satiations 

were installed lately. Most of the stations had rainfall 

data from 2007 to 2013, so it was decided to perform 

this study to infill the missing rainfall record of the 

fifteen stations for the same period. Table 1 shows the 

detail of the stations with their geographical 

coordinates, record length and percentage missing 

data used for this study.  

Homogeneity is important to check the variability in 

rainfall data as it is always affected by the changes 

made in measurement techniques and environmental 

characteristics. Homogeneity tests were performed on 

all daily rainfall data from the fifteen stations. Three 

commonly used approaches were adopted to 

perform homogeneity tests that included: (a) Pettitt 

test developed by [23]; (b) standard normal 

homogeneity test (SNHT) developed by [24]; and (c) 

Von Neumann Ratio (VNR) test developed by [25]. The 

performance of the tests was evaluated on annual 

mean and annual median.  

After performing the homogeneity tests the 

correlation analysis were performed for each station 

having missing data with all other stations. It was found 

that there is good correlation between the 

neighboring rainfall stations for 3216007 and 3217005. 

On the other hand the correlation for station 3116074 

was not strong compared with neighboring stations. 

This could be because the neighboring stations were 

at longer distance in relation to the others. Based on 

the correlation analyses results, the stations were 

selected to be used as input for developing the ANFIS 

model. Excluding the missing values the rainfall data 

was distributed for calibration and validation datasets.

 

Table 1 Locations, data record length and missing data periods of the rainfall stations in Klang River catchment 

 

Station ID Coordinates  Record length  Missing data Missing data 

 Latitude Longitude  From To  From To (%) 

3114005 3.1947 101.7797 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3114113 3.1938 101.6594 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3114114 3.1660 101.7413 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3116003 3.1514 101.6847 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3116006 3.1833 101.6333 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3116074 3.1126 101.6966 

 

Jan, 2007 Dec, 2013 

 

1/1/2011 8/2/2011 5.60 

       

11/3/2013 16/6/2013 

 3117006 3.2189 101.6833 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3117070 3.1531 101.7489 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3216001 3.2722 101.6861 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3216007 3.2186 101.6336 

 

Jan, 2008 Dec, 2013 

 

1/1/2007 31/12/2007 14.28 

3217001 3.2681 101.7292 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3217002 3.2361 101.7528 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3217003 3.2361 101.7139 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3217004 3.2583 101.7681 

 

Jan, 2007 Dec, 2013 

 

_ _ _ 

3217005 3.2458 101.7153 

 

Jan, 2007 Dec, 2013 

 

23/3/2008 7/6/2008 6.06 

  

      

25/5/2009 15/7/2009 

   

      

1/10/2009 29/10/2009 

  

 

All data to be used in developing ANFIS model 

were normalized. The normalization procedure 

adopted in this study followed [26] which can be 

given by:   

 

xn = Fmin + [
xi−xmin

xmax−xmin
] × (Fmax − Fmin)  (1) 

where Fmin and Fmax are the required minimum and 

maximum of the new domain (e.g. 0.1-0.9); xn is the 

normalized data; xmin and xmax are the minimum and 
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maximum of the observed data respectively; and x i is 

the observed data. 

As different input combination of the neighbouring 

stations were selected based on the correlation 

analyses to find out appropriate antecedents for 

model development. Table 2 shows the detail of 

selected rainfall stations for input and datasets for 

calibration and validation. Table 3 shows the different 

input combinations used for developing ANFIS model 

with their performances in calibration and validation 

stages against them. 

 

Table 2 Input stations for developing ANFIS model 

 

Station ID Training (days) Validation (days) Stations used as input 

3116074 1690 724 3116003(4.511km), 3117070(7.35km), 

3114114(7.74km) 

      

3216007 2192 658 3217003(3.707km), 3217001(2.913km), 

3217002(4.301km), 3117006(4.643km), 

3216001(4.370km) 

      

3217005 2402 721 3114113 (3.972km), 3116006(3.920km), 

3117006(5.520km) 

 
Table 3 ANFIS performances in calibration and validation stages 

 

Station ID  Input Combinations Calibration 

 

Validation 

    R2 MAE RMSE 

 

R2 MAE RMSE 

3116074   3116003 0.89 2.49 4.97 

 

0.91 2.67 5.23 

    3117070 0.76 3.45 6.45 

 

0.82 3.11 5.97 

    3114114 0.81 3.17 6.34 

 

0.84 3.02 5.92 

    3116003, 3117070 0.91 2.42 4.83 

 

0.93 2.43 5.02 

    3116003, 3114114 0.87 2.6 5.12 

 

0.84 2.98 5.72 

    3114114, 3117070 0.83 3.03 6.02 

 

0.85 2.79 5.67 

 

*3116003, 3114114, 3117070 0.94 2.27 5.12 

 

0.95 2.21 4.93 

  

        
3216007   3116006 0.93 2.27 4.91 

 

0.94 2.12 4.53 

    3117006 0.87 2.41 5.23 

 

0.89 2.49 5.03 

    3114113 0.92 2.23 4.63 

 

0.91 2.35 4.89 

    3116006, 3117006 0.89 2.37 5.11 

 

0.91 2.32 4.67 

 

*3116006, 3114113 0.96 1.92 4.21 

 

0.97 1.78 4.16 

    3117006, 3114113 0.87 2.43 5.29 

 

0.85 2.83 5.12 

    3116006, 3117006, 3114113 0.95 2.18 4.42 

 

0.95 1.96 4.32 

    

       
3217005   3217001 0.89 2.82 4.39 

 

0.91 2.23 4.76 

    3217003 0.88 2.89 5.78 

 

0.89 2.45 5.03 

    3217001, 3217002 0.87 3.01 6.02 

 

0.86 2.82 5.64 

    3217001, 3217003 0.89 2.79 5.43 

 

0.92 2.11 4.52 

    3217001, 3217002, 3217003 0.91 2.44 5.02 

 

0.92 2.13 4.59 

 

*3217001, 3217002, 3217003,3216001 0.95 2.02 4.34 

 

0.95 1.98 4.29 

    3217001, 3217002, 3217003, 3216006 0.92 2.33 4.79 

 

0.91 2.22 4.63 

    3217001, 3217002, 3216001, 31176006 0.93 2.23 4.65 

 

0.94 2.04 4.36 

    3217001, 3217003, 3216001, 31176006 0.87 2.92 5.81 

 

0.89 2.49 5.12 

    3217001, 3217002, 3217003, 3216001, 31176006 0.79 3.42 6.34 

 

0.83 3.12 6.04 

* Input combination with best performance 
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2.3  Model performances 

 

The performances of DENFIS model in this study were 

evaluated based on several statistical measures such 

as coefficient of determination (R2), Root Mean Square 

Error (RMSE) and Mean Absolute Error (MAE) 

 

R2 = [
∑ (Pi−P̅)(P̂i−P̃)
n
i=1

√∑ (Pi−P̅)
2n

i=1  × √∑ (P̂i−P̃)
2n

i=1  

]

2

                               (2) 

 

 

RMSE = √∑ (Pi−P̂i)
2n

i=1

n
     (3) 

 

 

MAE =
∑ |Pi−P̂i|
n
i=1

n
      (4) 

 

where n is the total number of the observations, Pi is 

the observed precipitation, P̅ is average observed 

precipitation, P𝑖̂ is the simulated Precipitation rate and 

P̃ is average simulated precipitation. 

 

 

3.0  RESULTS AND DISCUSSIONS 
 
To assess the homogeneity of rainfall data obtained 

from DID for Klang River catchment, the critical values 

were adopted from [27], that are 57, 6.95 and 1.30 for 

Pettitt test, SNHT and VNR respectively. The results of 

homogeneity tests showed that the rainfall data from 

all stations were homogeneous and found suitable for 

further analyses. The initial analysis was done with the 

one neighboring station for each station with missing 

data. The results revealed that two triangular functions 

were appropriate for the development of ANFIS 

model. It was also found that model performance is 

suitable with 40 number of epoch. The model 

performances were first checked with the each 

selected neighboring station as input and later with 

input combination of different neighboring stations to 

select the appropriate combination for prediction of 

missing data. Out of different input combinations used 

for developing ANFIS model the best input 

combination was selected based on their 

performances in calibration and validation stages 

against them. It can be seen from the Table 3 that 

coefficient of determination values were found above 

0.75 for the all stations during model calibration using 

several input combinations. It can also be seen that 

the MAE and RMSE values are less in validation stage 

comparing with calibration stage. This shows that 

model performances were even better in validation 

stage. The missing values were predicted with the 

trained ANFIS model using the input selections with 

best performances in calibration and validation 

stages. The predicted missing rainfall data and 

comparison between observed and simulated values 

can be seen in Figure 3 for the stations 3116074, 

3216007 and 3217005. 

 

 

 
 

Figure 3 Observed, simulated and predicted missing rainfall 

data from ANFIS model for the station: (a) 3116074; (b) 

3216007; (c) 3217005 

 

 

To validate the ANFIS model performances in filling 

missing rainfall data, it was also compared with 

autoregressive model with exogenous inputs (ARX). 

The ARX model was developed with the same input 

combinations which gave better performances in 

calibration and validation phases for ANFIS model as 

the initial selection criteria is same for both models. 

Figure 4 shows comparisons of the ANFIS model and 

ARX model based on model performances for the 

three stations. As can be seen R2 values obtained by 

ANFIS varies widely with those obtained from ARX 

model for all stations. ANFIS model gave much higher 

R2 values comparing with ARX model. Similarly for RMSE 

and MAE the values obtained from ANFIS model are 

much lower than that ARX model.  On basis of all 

statistics it can be said that ANFIS model completely 

out performed ARX model.  
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Figure 4 Comparison of ANFIS model and ARX model in validation stage: (a) R2; (b) RMSE; and (c) MAE 

 

 

4.0  CONCLUSION 
 

The performance of the ANFIS model for filling rainfall 

data for Klang River catchment has been evaluated in 

present study. The ANFIS model was calibrated with 

the neighboring rainfall stations located in the 

catchment. The model performance was evaluated 

by different statistical parameters namely R2, MAE and 

RMSE. The study found that ANFIS model is proficient 

for the prediction of missing rainfall data. More 

investigations on this approach will require the 

confidence of the hydrologists in dealing with the 

problems of filling missing data. The study explored the 

importance of the availability of more numbers of 

rainfall stations to achieve required outcome for 

different hydrological purposes. The availability of long 

period data can make the performance of the ANFIS 

modeling practices more precise. The study 

highlighted the importance of homogeneity tests to 

check the variability of the available rainfall data as 

the doubted stations can effect on the performances. 
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