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Abstract— The present study aims to utilize an Artificial 

Neural Network (ANN) for modeling the rainfall runoff 

relationship of Machhundri catchment area located in 

Junagadh district, Gujarat, India. An Artificial Neural 

Network (ANN) methodology was employed to predict 

monthly runoff as a function of precipitation, temperature, 

evaporation losses, infiltration losses and humidity. The 

paper illustrates the applications of the feed forward 

network for the Runoff prediction with various algorithms 

and accordingly, different structures of ANNs were used and 

their efficiencies in terms of the mean squared error ‘MSE’, 

training and validation determination coefficients ‘R’ to 

select better predicted Runoff data were examined. The 

monthly hydrometric and climatic data of Machhundri 

Watershed in ANN were ranged from 1991 to 2016 and 

analyzed in order to calibrate the given models. Efficiencies 

of the Back-Propagation (BP), conjugate gradient (CG) and 

Levenberg-Marquardt (L-M) training algorithms are 

compared to improving the computed performances and 72 

models were prepared to select a best model having mean 

square error ‘MSE’ nearer to zero and co-relation factor ‘R’ 

nearer to unity. The results revealed that the best model is 

composed of the feed-forward networks, trained by the 

Levenberg-Marquardt algorithm and considering only one 

hidden layer. The results extracted from the comparative 

study indicated that the Artificial Neural Network method is 

more appropriate and efficient to predict the river runoff 

than classical regression model. The ANN model provides a 

more systematic approach, reduces the length of calibration 

data, and shortens the time spent in calibration of the 

models. 
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I. INTRODUCTION 

In many parts of the world, rapid population growth, 

urbanization, and industrialization have increased the 

demand for water which have resulted in altered watersheds 

and river systems, which have contributed to a greater loss 

of life and property damages due to flooding. It is becoming 

increasingly critical to plan, design and manage water 

resources systems carefully and intelligently. For many 

years, hydrologists have attempted to understand the 

transformation of precipitation to runoff, in order to forecast 

Runoff for purposes such as water supply, flood control, 

irrigation, drainage, water quality, power generation, 

recreation, and fish and wildlife propagation. The rainfall-

runoff relationship is one of the most complex hydrologic 

phenomena to comprehend due to the tremendous spatial 

and temporal variability of watershed characteristics and 

precipitation patterns and the number of variables involved 

in the modeling of the physical processes. Since the 1930s, 

numerous rainfall-runoff (R-R) models have been developed 

to predict Runoff. Rainfall-runoff models play an important 

role in water resource management planning and therefore, 

different types of models with various degrees of 

complexity have been developed for this purpose. These 

models, regardless to their structural diversity generally fall 

into three broad categories; namely, black box or system 

theoretical models, conceptual models and physically-based 

models. Black box models normally contain no physically-

based input and output transfer functions and therefore are 

considered to be purely empirical models. Conceptual 

rainfall-runoff models usually incorporate interconnected 

physical elements with simplified forms and each element is 

used to represent a significant or dominant constituent 

hydrologic process of the rainfall-runoff transformation. 

There has been a tremendous growth in the interest of 

application of ANNs in rainfall-runoff modeling in the 

1990s. ANNs were usually assumed to be powerful tools for 

functional relationship establishment or nonlinear mapping 

in various applications. Cannon and Whitfield, found ANNs 

to be superior to linear regression procedures. Shamseldin, 

examined the effectiveness of rainfall-runoff modeling with 

ANNs by comparing their results with the Simple Linear 

Model (SLM), the seasonally based Linear Perturbation 

Model (LPM) and the Nearest Neighbor Linear Perturbation 

Model (NNLPM) and concluded that ANNs could provide 

more accurate discharge forecasts than some of the 

traditional models. The ability of ANNs as a universal 

approximator has been demonstrated when applied to 

complex systems that may be poorly described or 

understood using mathematical equations; problems that 

deal with noise or involve pattern recognition, diagnosis and 

generation; and situations where input is incomplete or 

ambiguous by nature. The formation of ANN model inputs 

usually consists of meteorological variables, such as rainfall, 

temperatures, evaporation, infiltration, humidity and 

geomorphological properties of the catchment, such as 

topography, vegetation cover and antecedent soil moisture 

conditions. The frequently used inputs to ANNs also include 

observed runoff at nearby sites or neighboring catchments. 

In many cases, network inputs with or without time lags 

may also be considered in scenario analysis. The nonlinear 

ANN model approach is capable of providing a better 

representation of the rainfall-runoff relationship than the 

conceptual model. Therefore, instead of using ANNs as 

simple black box models, the development of hybrid neural 

networks has received considerable attention. The hybrid 

neural networks has shown the potential of obtaining more 

accurate predictions of process dynamics by combining 

mechanistic and neural network models in such a way that 

the neural network model properly accounts for unknown 

and nonlinear parts of the mechanistic model. 
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Fig. 1: 

II. ARTIFICIAL NEURAL NETWORKS 

A. Overview:  

An ANN is an information-processing system composed of 

many nonlinear and densely interconnected processing 

elements or neurons which are analogous to the biological 

neurons in the human brain. Neurons in an ANN are 

arranged in groups called layers. Each neuron in a layer 

operates in logical parallelism. Information is transmitted 

from one layer to others in serial operations. A network can 

be composed of one to many layers. The basic structure of a 

network usually consists of three layers: the input layer, 

where the data are introduced to the network; the hidden 

layer or layers, where data are processed; and the output 

layer, where the results for given inputs are produced (see 

Fig. 1). The architecture of an ANN is designed by weights 

between neurons, a transfer function that controls the 

generation of output in a neuron, and learning laws that 

define the relative importance of weights for input to a 

neuron. In a feed-forward network, the weighted 

connections feed activations only in the forward direction 

from an input layer to the output layer. On the other hand, in 

a recurrent network additional weighted connections are 

used to feed previous activations back to the network. The 

structure of a feed-forward ANN is shown in Fig. 1. An 

important step in developing an ANN model is the 

determination of its weight matrix through training. Since 

the ANNs do not consider the physics of the problem, they 

are treated as black-box models; however, some researchers 

have recently reported that it is possible to detect physical 

processes in trained ANN hydrological models.  

B. The Artificial Neural Network Structure:  

Network structure includes input and output dimensions, the 

number of hidden neurons and model efficiency 

calculations. In this study, input dimension includes monthly 

rainfall, average air temperature, humidity, evaporation 

losses & infiltration losses data for time step t. Output 

dimension is the predicted runoff at time t+1. Only one 

hidden layer was used. The appropriate number of neurons 

in the hidden layer is determined by using the constructive 

algorithm, by increasing the number of neurons from 6 to 

20. There is a use of log-sigmoid, tangent-hyperbolic and 

linear activation functions. The ANN model for stream flow 

evaluation was written in the MATLAB environment, 

version 2015, & “nntool” as well as “nftool” were made use 

of. The L-M algorithms were evaluated for network training 

so that the algorithm with better achieved accuracy and 

convergence speed could be selected. In order to provide 

adequate training, network efficiency was evaluated during 

the training and validation stages. In this case, if the 

calculated errors of both stages continue to decrease, the 

training period is increased. This is continued to the point of 

the training stage error starting to decrease, but the 

validation stage error starting to increase. At this point 

training is stopped to avoid overtraining and optimal 

weights and biases are determined. 
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7-12-1 

 

0.996 

 

0.00055 

Where MSE is mean squared error & R is co-relation 

coefficient 

Table 1: Result of Model Performance level 

C. Network Training Algorithms:  

The Back-Propagation (BP) algorithm has been the most 

commonly used training algorithm. The CG algorithm has 

also been used to train ANNs by several researchers. In a 

study by Chiang et al., the CG algorithm was found to be 

superior when compared with the BP algorithm in terms of 

the efficiency and effectiveness of the constructed network. 

In more recent studies the L-M algorithm is also being used 

due to its superior efficiency and high convergence speed. 

All commonly used algorithms for network training in 

hydrology, i.e. BP, CG and L-M algorithms apply a function 

minimization routine, which can back propagate error into 

the network layers as a means of improving the calculated 

output. The L-M algorithm is viewed as a very efficient 

algorithm with a high convergence speed.  

III. STUDY AREA 

The proposed methodologies were applied to the 

Machhundri Catchment for the prediction of runoff. The 

Machhundri Catchment, whose latitude is 20o 49' 23'' and 

longitude is 71o 01' 25'' and whose catchment area is 376.25 

sq.km. is located in Junagadh district in Gujarat, India. This 

site is located on the river Macchundri near Una city, Una 

Bhavnagar road. And the date of establishment of first rain 

guage station named "Macchundri@Una" was 01-Jun-1963. 

The max monthly precipitation is as high as 774 mm 

observed in July-2009. Duration of these recorded data was 

26 years from 1991 to 2016. A number of ANN models 

were designed and evaluated for their capability on Runoff 

prediction. Computational efficiencies of the BP, CG and L-

M algorithms and the effect of enabling/disabling of input 

parameters were also evaluated.  
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IV. METHODOLOGY 

For each one of the developed models, available data were 

separated as 70% for training, 15% for validation & 15% for 

testing. Data usage by an ANN model typically requires data 

scaling which is also known as normalization. This may be 

due to the particular data behavior or limitations of the 

transfer functions. In the present paper, the data were scaled 

in the range of 0 to +1, based on the foll. Equation 

pn =  
𝐩𝐨−𝐩𝐦𝐢𝐧

𝐩𝐦𝐚𝐱−𝐩𝐦𝐢𝐧
 

in which pn is the normalized value, po is the 

observed value and pmax & pmin are the maximum and 

minimum observed values. Finally, the network output was 

un-normalized and a regression analysis was carried out 

between the measured data and their corresponding un-

normalized predicted data.  

 
Fig. 2: 

A. Evaluation Criteria for ANN prediction:  

The performances of the ANN are measured with two 

efficiency terms. Each term is estimated from the predicted 

values (outputs) of the ANN and the measured discharges 

(targets) as follows:  

The correlation coefficient (R-value) has been 

widely used to evaluate the goodness-of-fit of hydrologic 

and hydrodynamic models. This is obtained by performing a 

linear regression between the ANN-predicted values and the 

targets. A case with R equal to 1 refers to a perfect 

correlation and the predicted values are either equal or very 

close to the target values whereas, Intermediate values 

closer to 1 indicate better agreement between targets and 

predicted values.  

R =  
∑ 𝐭𝐢𝐩𝐢
𝐧
𝐢=𝟏

√∑ 𝐭𝐢
𝟐𝐧

𝐢=𝟏 √∑ 𝐩𝐢
𝟐𝐧

𝐢=𝟏

 

Where R is the correlation coefficient, n is the number of 

samples, ti = Ti – T; pi = Pi – P in which Ti & Pi are the 

target and predicted values for i = 1 to n and T & P are the 

mean values of target and predicted data set respectively. 

The ability of the ANN-predicted values to match 

measured data is evaluated by the Root Mean Square Error 

(RMSE).  

RMSE = √
𝟏

𝐍
∑ (𝐓𝐢 − 𝐏𝐢)

𝟐𝐧
𝐢=𝟎  

Overall, the ANN responses are more precise if R, 

MSE and RMSE are found to be close to 1, 0 and 0, 

respectively. In the present study, MSE is used for network 

training, whereas R and RMSE are used in the network-

validation phase. 

V. RESULTS AND DISCUSSION 

A. Model structures :  

Three model structures were developed to investigate the 

impact of variable enabling/disabling of input dimension on 

model performance.  

1) Model 1 is enabled for rainfall, minimum & maximum 

temperature data as input dimension.  

2) Model 2 is enabled for rainfall, min & max temperature,   

evaporation losses & stream flow data as input 

dimension 

3) Model 3 is enabled for rainfall P(t), P(t +1), max & min 

temperature, humidity, evaporation losses, infiltration 

losses and stream flow data as input dimension. 

Equations 1 to 3 represent Model 1 to Model 3, 

respectively.  

Q(t +1) = f { P(t), Tmax, Tmin }   (1) 

Q(t +1) = f { P(t), Tmax, Tmin, Eloss,  Q(t)  }  (2) 

Q(t +1) = f { P(t), P(t +1), Tmax, Tmin, Eloss, Iloss, H,  Q(t) }  (3) 

where; Q(t +1) is predicted run off, for the time step 

of t+1; {Q} is monthly runoff data; {P} is monthly rainfall 

data for the time step of t, T(t) is average monthly air 

temperature data, Eloss is Evaporation loss, Iloss is the 

Infiltration loss and H is the humidity. 

 
Fig. 3: 

B. Model performance levels:  

Table 1 shows individual model performance levels as 

measured by MSE and R and individual model architecture 

as represented by the number of neurons in the input, output 

and hidden layers. Furthermore, computed rainfall-runoff by 

individual models are compared with the corresponding 

observed values and illustrated by their graph (Fig. 2, 3, 4, 5 

& 6) which is indicated by the results. It can be concluded 

that Model 1 resulted with the lowest achieved performance 

levels. Model 2 resulted in a considerable improvement of 

the performance levels & Model 3 has highest achieved 

performance levels with R = 0.996 & least MSE of value 

0.00055. Also its clearly observed by using time-series tool 

(ntstool) of MATLAB that when short prediction intervals 

of t+1, t+2 & t+3 are considered, the Runoff simulated by 

this network has a high accuracy. The correlation 

coefficients that indicate the strength of the relationship 

between observed and predicted data are higher than 0.9 for 
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the first 3 delays i.e. t+1, t+2 & t+3, but the prediction is 

less reliable thereafter from t+4 onwards. 

 
Fig. 4: 

VI. CONCLUSION 

The Artificial Neural Network (ANN) models show an 

appropriate capability to model hydrological process. They 

are useful and powerful tools to handle complex problems. 

 
Fig. 5: 

In this study, the results show clearly that the 

artificial neural networks are capable of modeling rainfall-

runoff relationship. In this research, the influences of 

training algorithm efficiencies and enabling/disabling of 

input dimension on rainfall-runoff prediction capability of 

the artificial neural networks was applied. A watershed 

system of Machhundri catchment located in Junagadh 

district, Gujarat, India was selected as case study. The used 

data in ANN were monthly hydrometric and climatic data 

with 26 years duration from 1991 to 2016. For the 

mentioned model, 18 year's i.e. 70 % data were used for its 

training but for the validation/testing of the model 8 years 

i.e. 30 % data were applied. Three types of model structures 

were developed to investigate the probability impacts of 

enabling/disabling rainfall-runoff, temperature, humidity, 

evaporation losses & infiltration losses input data.  

Efficiency of model 1 is enabled for Rainfall, Min 

& Max temperature data as input dimension, model 2 for 

rainfall minimum & maximum temperature, evaporation 

losses & stream flow data as input data and model 3 for 

rainfall, max. & min. temperature, humidity, evaporation & 

infiltration losses and stream flow data as input dimension. 

Computational efficiencies, i.e. better achieved accuracy and 

convergence speed, were evaluated for the Back-

Propagation (BP), Conjugate Gradient (CG) and Levenberg-

Marquardt (L-M) training algorithms. So under each Model 

category, by applying above 3 algorithms & by changing 

number of nodes in the hidden layer from 6 to 20, 24 

Models were developed. Totally 72 Models were prepared 

for selecting the Best Model for this catchment. The L-M 

algorithm proved to be more efficient than the CG and BP 

algorithm. Based on the results, validation stage of Mean 

Square Error (MSE) and coefficient of determination (R) 

measures were: 0.02482, 0.942 (Model 1); 0.00524, 0.983 

(Model 2); 0.00055, 0.996 (Model 3) as indicated in Table-

1. As indicated by the results, model 3 provided the highest 

performance.  

 
Fig. 6 

The charts for the best Model are mentioned in fig. 

2, 3, 4, 5 & 6. This was due to enabling of the rainfall, 

average temperature and stream flow data, resulting in 

improved training and thus improved prediction. Also its 

clearly observed by using time-series tool (ntstool) of 

MATLAB that the neural network provides a high accuracy 

of prediction for the next 3 delays i.e.  t+1, t+2 & t+3, but 

then onwards the accuracy of prediction decreases from t+4 

onwards. The results of this study has shown that, with 

combination of computational efficiency measures and 

ability of input parameters which describe physical behavior 

of hydro-climatologic variables, improvement of the model 

predictability is possible in artificial neural network 

environment. 
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