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Abstract:  Covering an approximate total length of 520 km and a drainage area of approximately 34,000 sq. km. up to the 
confluence of the River Brahmaputra, the river Subansiri is considered as the largest tributary of the river 
Brahmaputra. Recently, a series of hydropower dams have been planned on the river Subansiri. Considering the 
construction of these important projects, it is necessary to evaluate the possible impact of climate change on the flow 
scenario of the river. Rainfall plays an important role in the variation of discharge of the river. In this study, an 
attempt has been made to downscale rainfall at different locations of the Subansiri river basin using multiple linear 
and non-linear regression based statistical downscaling method and by Artificial Neural Network model. Asian 
Precipitation Highly Resolved Observational Data Integration Towards Evaluation of Water Resources 
(APHRODITE) gridded rainfall data available at 0.25˚x0.25˚ resolutions from 1960 to 2007 at 24 different points 
have been used as the predictand and climatic parameters of HadCM3 GCM of resolution 2.5˚x3.75˚ (latitude by 
longitude) have been used as the predictors. The predictor selection has been done by Pearson correlation. The 
forecasting ability of these models has been assessed on the basis of Mean Absolute Error (MAE), Root Mean Square 
Error (RMSE), Coefficient of determination (R2), Mean Absolute Percentage Error (MAPE) and Root Mean square 
Percentage Error (RMSPE). It has been observed from this study that outcome of multiple non-linear regression based 
statistical downscaling technique is better than those of multiple linear regression method and Artificial Neural 
Network model. 
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1. INTRODUCTION 

Originating in the Himalayas beyond the Great Himalayan range, Subansiri river, a north bank 
tributary of the river Brahmaputra, flows through middle and sub Himalayas of Arunachal Pradesh 
to the plains of Assam before meeting the river Brahmaputra. Recently few hydropower projects 
have been planned on the river amongst which, construction of 2000 MW Lower Subansiri Hydro 
Electric Project at Gerukamukh in Assam - Arunachal border is in its advanced state of completion. 
There is great concern because of the location of the dam which is in a highly seismic zone (zone 
V) and because an earthquake of 8.6 in the Richter scale has already rocked the region in 1950 with 
the epicenter very near to the dam site. It has been opined by many social organizations that the 
construction of big hydropower dams will alter the flow scenario of the river at downstream and 
will disturb the ecological balance of the downstream area.  

Construction of the dam would certainly affect the hydrology of the basin and hence it becomes 
essential to study the impact of climate change on the basin hydrology. Rainfall is an important 
component of the hydrologic cycle and has a major effect on the discharge of a river. In this study, 
an attempt has been made to downscale the rainfall at 24 different APHRODITE’s rainfall points in 
the Subansiri basin by taking HadCM3 GCM climatic parameters as the predictors. The word 
APHRODITE stands for Asian Precipitation Highly Resolved Observational Data Integration 
Towards Evaluation of Water Resources (APHRODITE’s Water Resources). The APHRODITE 
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project develops state-of-the-art daily precipitation datasets with high resolution (0.5˚ and 0.25˚) 
grids for Asia (New et al., 1999, Mitra et al., 2003, Rajeevan et al., 2006). The basic algorithm 
adopted by them is based on Xie et al., 2007. Climatic parameters of General Circulation Model 
(GCM) have been used as the predictors in this study. GCM is a mathematical model of the general 
circulation of the planetary atmosphere or ocean and simulates the time series of climate variability 
globally accounting for effects of greenhouse gasses. Despite limitations that lead to uncertainties, 
global climate models (GCMs) have consistently provided a robust and unambiguous picture of the 
climate system (Carmen et al., 2013). There is considerable confidence in Global Climate Model 
simulations mainly because GCM principles are based on well-established fundamental laws of 
physics such as conservation of mass, energy and momentum (Pitman and Perkins, 2008). In 
addition, another source of confidence lies in the models’ ability to simulate important aspects of 
the current and past climates as well as their changes (Randall et al., 2007). However, there is a 
mismatch between the grid resolution of climate models (generally hundreds of kilometers), and the 
resolution needed by environmental impacts models (typically ten kilometers or less). Downscaling 
is the process of transforming information from the climate models at coarse resolutions to a fine 
spatial resolution. Downscaling techniques are used to convert the coarse spatial resolution of the 
GCM output to a fine resolution, which may involve generation of point/station data of a specific 
area by using climatic output variables from GCMs (Wilby and Dawson, 2012). The problem of 
‘downscaling’ output from General Circulation Models to obtain information for localized areas has 
received increasing attention in recent years (Wilby and Wigley, 1997). The approaches, which 
have been proposed for downscaling GCMs could broadly be classified into two categories: 
dynamic downscaling and statistical downscaling. In the dynamic downscaling approach, a 
Regional Climate Model (RCM) is embedded into GCM. The RCM is essentially a numerical 
model in which GCMs are used to fix boundary conditions. The major drawback of RCM, which 
restricts its use in climate impact studies, is its complicated design and high computational cost. 
Statistical downscaling, on the other hand involves deriving empirical relationships that transform 
large-scale features of the GCM (predictor) to regional-scale variables (predictand) such as 
precipitation, temperature and stream flow. Statistical downscaling models are based on statistical 
relationship and hence require less computational time. Regression method is one of the most 
widely used statistical techniques (Driver and Tasker, 1990; Saget, 1994; Mendelhall and Beaver, 
1994). Multiple regression analysis is a multivariate statistical technique used to examine the 
relationship between a single dependent variable and a set of independent variables. The objective 
of the multiple regression analysis is to use independent variables whose values are known to 
predict the single dependent variable. If a regression function is linear in the parameters we term it a 
linear regression model. Otherwise, the model is called non-linear. 

Another technique of downscaling which has gained wide recognition owing to their ability to 
capture non-linear relationships between predictor and predictand is the Artificial Neural Network 
(ANN) based downscaling techniques (Wilby et al., 1998; Sailor et al., 2000; Schoof and Pryor, 
2001; Olsson et al., 2004.) The neural network is one of the tools used for methodological analysis 
of hydrological forecasting. It can be thought of as a computational pattern that involves searching 
and matching procedures, which permits forecasting without an intimate knowledge of the physical 
process. The neural network seeks the relationship between input and output data and then creates 
its own equations to match the pattern in an iterative manner. 

In the present study, all the three techniques of downscaling i.e. both multiple linear and non-
linear regression based statistical downscaling techniques as well as Artificial Neural Network 
based downscaling technique have been applied to downscale the rainfall in Subansiri basin at 24 
different points. The outcomes of these three methods were then compared to get the best method of 
downscaling. That method can further be used for prediction of rainfall and to determine its effect 
on future hydrology of the basin. 
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2. STUDY AREA 

The Subansiri is the largest north bank tributary of the river Brahmaputra. It originates in the 
south of the Po Rom peak (Mount Pororu) in the Tibetan Himalaya. After flowing through the 
upper and lower Subansiri districts in Arunachal Pradesh, the river enters into the plains of Assam 
through a gorge near Gerukamukh. In the state of Assam, India, its catchment area falls in 
Lakhimpur and Dhemaji districts. The total catchment area of the basin is approximately 34,246.19 
km2

 and the approximate drainage density is 0.29 km/km2. Geographic coordinate of Subansiri river 
head is 28°24'18.2"N, 91°37'32.93"E, elevation of the river head is 5030 m, geographic coordinate 
of the Subansiri river mouth is 26°57'44.2"N, 94°00'00"E, elevation of the river mouth is 87m, 
elevation difference is 4943m and catchment centre is 27°56'14.2"N, 93°56'48.38"E. Average 
annual rainfall in the catchment is 1000 mm. The contribution of Subansiri River is estimated to be 
about 10 percent of the total discharge of the river Brahmaputra at Pandu near Guwahati. It has an 
average annual runoff of 57,296 mm (Rao, 1979). The river length is approximately 126 km from 
the dam site to the confluence with Brahmaputra near Jamuguri (Bakalial et al., 2014). Relative 
humidity is always high throughout the year except in the winter months being slightly less humid. 
Fig. 1 shows the Subansiri river basin with its flow direction and longest flow path. The basin has 
been delineated from Shuttle Radar Topographic Mission Digital Elevation Model (SRTM DEM) 
of 90m resolution. 

 

Figure1. Subansiri Catchment showing Flow direction and the longest flow path 

3. METHODOLOGY 

3.1 Data and software used 

APHRODITE’s daily gridded rainfall data of spatial resolution 0.25˚ x 0.25˚ from 1960 to 2007 
has been used as the predictands. Twenty four such points were selected for the entire Subansiri 
River Basin. Table 1 gives the geographic coordinates of these rainfall points. All the 24 points for 
which the rainfall data has been downloaded are shown in Fig. 2. Monthly climatic parameters of 
HadCM3 (Hadley Center Coupled Model Version 3) GCM of A2 scenario, available at a spatial 
resolution of 2.5˚ x 3.75˚ (latitude by longitude), have been used as the predictors. The GCM data 
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were downloaded from Intergovernmental Panel on Climate Change in two different assessments: 
Third Assessment Report (AR3) and fourth Assessment Report (AR4). The time period of the third 
assessment is 1890-2099 and fourth Assessment is from 2001 to 2100. HadCM3 model was 
selected since it has the highest ‘skill scores’ for both precipitation and temperature of all the 
models used for the AR4 (Cai et al., 2009). This model does not require flux adjustment and has 
higher resolution compared to other models. There is only one HadCM3 point that falls inside the 
study area. Three other HadCM3 points have also been selected that fall outside the basin area. The 
geographic coordinates of these four GCM points are, 90˚E, 27.5˚N, 90˚E, 30˚N, 93.75˚E, 27.5˚N 
and 93.75˚E, 30˚N (Fig. 3). 

 

Figure 2. Map showing the APHRODITE’s points taken for the study 

Table 1. Geographical Coordinates of the 24 APHRODITE’s points 

APHRODITE Points Coordinates 
1 91.875˚E, 28.625˚N 
2 92.125˚E, 28.375˚N 
3 94.125˚E, 27.625˚N 
4 92.375˚E, 27.875˚N 
5 92.375˚E, 28.125˚N 
6 94.375˚E, 27.375˚N 
7 92.375˚E, 28.625˚N 
8 92.375˚E, 28.875˚N 
9 92.625˚E, 28.625˚N 

10 92.875˚E, 28.625˚N 
11 93.125˚E, 27.875˚N 
12 93.125˚E, 28.625˚N 
13 93.375˚E, 27.375˚N 
14 93.375˚E, 27.875˚N 
15 93.625˚E, 27.625˚N 
16 93.875˚E, 28.375˚N 
17 94.125˚E, 28.125˚N 
18 94.375˚E, 28.125˚N 
19 94.625˚E, 27.625˚N 
20 94.875˚E, 27.875˚N 
21 92.625˚E, 28.375˚N 
22 93.125˚E, 28.125˚N 
23 93.375˚E, 28.375˚N 
24 93.625˚E, 28.125˚N 

 
The XLSTAT2014 has been used for the regression analysis. XLSTAT is a data analysis and 

statistical solution for Microsoft Excel. The XLSTAT statistical analysis add-in offers a wide 
variety of functions to enhance the analytical capabilities of Excel. XLSTAT relies on Excel for the 
input of data and the display of results, but the computations are done using autonomous software 
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components. The use of Excel as an interface makes XLSTAT a user-friendly and highly efficient 
statistical and multivariate data analysis package. The ANN toolbox available in MATLAB is used 
to develop the ANN model. 

 

Figure 3. Map showing the HadCM3 GCM points that fall in and around the study area 

3.2 Selection of Predictors 

The predictor selection has been done using Pearson Correlation. It shows a linear relationship 
between two sets of data. The correlation coefficient ranges from –1, a perfect negative relationship, 
through zero (no relationship), to +1, a perfect positive relationship. The correlation coefficients 
between rainfall and climatic parameters have thus been determined at all the 24 APHRODITE’s 
points separately. The climatic parameters taken in this study are, downward short-wave flux 
(dswf), near surface relative humidity (hurs), geopotential height at 200 hPa (zg200), geopotential 
height at 500 hPa (zg500), maximum temperature at near surface, minimum temperature at near 
surface, air temperature at 500 hPa (ta500), air pressure at sea level (mslp), soil moisture, 
precipitation rate, wind speed height above ground and relative humidity at 850 hPa (hur850). The 
weighted average values of these parameters have been considered for analysis and these values 
were calculated by inverse distance method. The correlation coefficient values determined by 
Pearson Correlation method at all the 24 APHRODITE’s points are shown in Table 2a and Table 2b 
respectively. The predictors selected for each APHRODITE’s point are shown in Table 3. 

3.3 Model Calibration and Validation for Regression Analysis 

Calibration is a test of a model with known input and output information that is used to adjust or 
estimate factors for which data are not available. Generally, a model is calibrated by minimizing the 
distances between calculated and measured values. The sum of the squared errors is one of the 
criteria mostly used for calibration. The use of a least squared errors approach infers constancy of 
error variance for all observations. In practice, the models are generally used for predictive 
purposes. Good match of calibration data does not guarantee that future predictions will be good. 
To increase confidence in prediction ability of a model, validation is performed. ‘Validation is 
concerned with determining whether the conceptual simulation model (as opposed to the computer 
program) is an accurate representation of the system under study’ (Law and Kelton, 1991). To carry 
out calibration and validation properly, large datasets are required. In the present study, the 
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available rainfall data from 1960 to 2007 have been split into two parts i.e. data from 1960 to 1985 
has been chosen for calibration and data from 1986 to 2007 has been chosen for the validation. The 
daily rainfall has been summed up to get the monthly rainfall. The precipitation model has been 
developed for all the 24 APHRODITE points. 

 
Table 2a. Correlation coefficient calculated for APHRODITE (points 1-12)  

Predictors APHRODITE Points 
 1 2 3 4 5 6 7 8 9 10 11 12 

dswf -0.07 -0.03 -0.10 -0.06 -0.02 -0.07 -0.13 -0.32 -0.13 -0.12 -0.05 -0.09 
Near surface 
relative humidity 

0.52 0.50 0.54 0.53 0.50 0.53 0.55 0.63 0.54 0.55 0.56 0.54 

Geopotential ht at 
200hPa 

0.81 0.80 0.82 0.81 0.80 0.81 0.82 0.81 0.80 0.83 0.83 0.84 

Geopotential ht at 
500 hPa 

0.74 0.74 0.75 0.73 0.74 0.75 0.74 0.70 0.73 0.76 0.75 0.78 

Maximum 
temperature 

0.79 0.80 0.79 0.79 0.81 0.79 0.78 0.68 0.77 0.79 0.81 0.82 

Minimum 
temperature 

0.83 0.83 0.84 0.83 0.83 0.84 0.83 0.78 0.82 0.84 0.86 0.86 

Air temperature at 
500 hPa 

0.82 0.82 0.83 0.82 0.82 0.82 0.82 0.78 0.81 0.84 0.84 0.85 

mslp -0.85 -0.85 -0.86 -0.86 -0.86 -0.86 -0.85 -0.80 -0.83 -0.85 -0.87 -0.87 
soil moisture 0.62 0.63 0.66 0.66 0.65 0.66 0.68 0.68 0.68 0.71 0.72 0.73 
precipitation rate 0.76 0.77 0.76 0.76 0.77 0.76 0.75 0.68 0.73 0.75 0.74 0.75 
Wind speed ht 
above ground 

-0.59 -0.57 -0.60 -0.58 -0.57 -0.59 -0.61 -0.63 -0.59 -0.62 -0.61 -0.62 

Relative humidity 
at 850 hPa 

0.58 0.57 0.61 0.58 0.56 0.59 0.62 0.69 0.61 0.63 0.61 0.62 

 
Table 2b. Correlation coefficient calculated for APHRODITE (points 13-24) 

Predictors APHRODITE Points 
 13 14 15 16 17 18 19 20 21 22 23 24 
dswf -0.14 -0.03 -0.01 -0.05 -0.04 -0.05 -0.02 -0.06 -0.08 -0.06 -0.08 -0.01 
Near surface 
relative humidity 

0.58 0.57 0.56 0.55 0.56 0.56 0.55 0.56 0.54 0.55 0.56 0.53 

Geopotential ht at 
200 hPa 

0.85 0.83 0.84 0.84 0.84 0.84 0.83 0.84 0.81 0.83 0.84 0.83 

Geopotential ht at 
500 hPa 

0.76 0.75 0.75 0.78 0.77 0.78 0.76 0.77 0.75 0.76 0.77 0.76 

Maximum 
temperature 

0.80 0.81 0.79 0.84 0.83 0.83 0.82 0.83 0.79 0.82 0.83 0.83 

Minimum 
temperature 

0.85 0.86 0.86 0.87 0.87 0.87 0.86 0.87 0.84 0.86 0.87 0.87 

Air temperature at 
500 hPa 

0.85 0.84 0.84 0.86 0.85 0.85 0.84 0.85 0.82 0.84 0.86 0.84 

mslp -0.88 -0.88 -0.87 -0.88 -0.88 -0.88 -0.87 -0.88 -0.85 -0.87 -0.88 -0.88 
soil moisture 0.73 0.71 0.71 0.74 0.73 0.73 0.70 0.72 0.69 0.71 0.73 0.72 
precipitation rate 0.75 0.72 0.66 0.75 0.72 0.73 0.71 0.72 0.74 0.74 0.75 0.74 
Wind speed ht 
above ground 

-0.63 -0.61 -0.62 -0.62 -0.62 -0.62 -0.60 -0.62 -0.59 -0.61 -0.62 -0.60 

Relative humidity 
at 850 hPa 

0.65 0.61 0.59 0.62 0.62 0.62 0.60 0.62 0.60 0.62 0.63 0.59 

3.3.1 Multiple Linear Regression Model 

The objective of the multiple regression analysis is to use independent variables whose values 
are known to predict the single dependent variable. The effect of independent variables on the 
response can be expressed mathematically as: 

𝑦 = 𝑓 𝑥!, 𝑥!,… , 𝑥!;𝛽!,𝛽!,… ,𝛽!   (1) 
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where, Y is the dependent variable i.e. the precipitation, β1, β2,…, βn are the regression parameters 
which are unknown and x1,x2,…,xn are the predictors. In this case these are the HadCM3 GCM 
climatic parameters selected by Pearson Correlation method as shown in Table 3. 

 
Table 3. Predictors selected for the APHRODITE points 

APHRODITE Points Predictand Selected Predictors 

1, 2, 4, 5, 6 Rainfall Geopotential ht at 200 hPa 
Geopotential ht at 500 hPa 
Maximum temperature 
Minimum temperature 
Air temperature at 500 hPa 
Mslp 
Soil moisture  
 precipitation rate 

9, 21 Rainfall Geopotential ht at 200 hPa 
Geopotential ht at 500 hPa 
Maximum temperature 
Minimum temperature 
Air temperature at 500 hPa 
Mslp 
soil moisture  
precipitation rate 
Wind speed ht above ground 

15, 24 Rainfall Geopotential ht at 200 hPa 
Geopotential ht at 500 hPa 
Maximum temperature 
Minimum temperature 
Air temperature at 500 hPa 
Mslp 
soil moisture  
precipitation rate 
Relative humidity at 850 hPa 

3, 7, 8, 10, 11, 12, 13, 14, 16, 

17, 18, 19, 20, 22, 23 

Rainfall Geopotential ht at 200 hPa 
Geopotential ht at 500 hPa 
Maximum temperature 
Minimum temperature 
Air temperature at 500 hPa 
Mslp 
soil moisture  
precipitation rate 
Wind speed ht above ground 
Relative humidity at 850 hPa 

 
The regression model for the observed response variable can be written as: 

𝑧 = 𝑦 + 𝜀      (2) 

where 𝜖 is the error in observed value z. 
To determine the unknown regression parameters, least squares method has been applied: 

𝐸 𝛽!,𝛽!,… ,𝛽! =  (𝑧! − 𝑦!)!!
!!!           (3) 

where 𝐸 𝛽!,𝛽!,… ,𝛽!  is the error function or sum of squares of the deviations. Our primary goal is 
to determine the best set of parameters, such that the model predicts experimental values of the 
dependent variable as accurately as possible. 

3.3.2 Multiple Non-Linear Regression Model 

The linear least squares method fits a straight line or a flat plane to a bunch of data points. 
Sometimes the true relationships that we want to model may not be linear. For fitting a non-linear 
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function, we need to use non-linear regression method. Non-linear regression is a form of regression 
analysis in which observational data are modeled by a function which is a non-linear combination 
of the model parameters and depends on one or more independent variables. Orthogonal polynomial 
non-linear regression model has been applied in this study with a maximum polynomial degree in 
one variable as 3. The equation for the non-linear regression developed in XLSTAT is as follows: 

𝑦 = 𝛼 + 𝑝!𝑥! + 𝑝!𝑥! +⋯+ 𝑝!𝑥! + 𝑞!𝑥!! + 𝑞!𝑥!! +⋯+ 𝑞!𝑥!! + 𝑟!𝑥!! + 𝑟!𝑥!! +⋯+ 𝑟!𝑥!! (4) 

where Y is the dependent variable i.e. the precipitation, α, p1, p2,…pn, q1,q2,…,qn,r1,r2,…,rn are the 
regression parameters and x1,x2,…,xn are the predictors i.e. the HadCM3 GCM climatic parameters 
selected by Pearson Correlation method (Table 3). 

3.4 Downscaling using Artificial Neural Network 

An Artificial neural network (ANN) is a massive parallel distributed information processing 
system that has certain performance characteristics resembling a biological neural network of the 
human brain. Typically, a neural network is characterized by its architecture that represents the 
pattern of connection between neurons, the method of determining the connections weights and the 
activation function used in a neuron. Fig. 4 shows the ANN with its functions. ANN is an 
established technique with a flexible mathematical structure (Vu et. al., 2015). ANN based transfer 
functions have been used for downscaling large scale climatic variables (Fistikoglu and Okkan, 
2011). 

 

Figure 4. Artificial neuron showing its functions 

As in the regression analysis, in the ANN model, the data was also split into two parts. The first 
part was used for training and the second part was used for validation. In the training phase, the 
output is linked to as many of input nodes as desired and a pattern is defined. The network is 
adjusted according to this error. The validation dataset is used to ensure that the model was not over 
trained. The most useful neural network in function approximation is multilayer perception (MLP) 
(Sharda and Patil, 1990). It consists of an input layer, hidden layer(s) and an output layer. This type 
of neural network is known as a supervised network as it requires the desired output in order to 
learn. The goal of this type of network is to create a model that correctly maps the input to the 
output using historical data so that the model then can be used to produce the output when the 
desired output is unknown (Maliki et al., 2011). The inputs are fed into the input layer and get 
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multiplied by the interconnection weights as they are passed from the input layer to the hidden 
layer. Within the hidden layer, they get summed and then processed by a non-linear function. 
Finally, the data are multiplied by interconnection weights and then processed one last time within 
the output layer to produce the neural network output (Maliki et al., 2011). To perform any task, a 
set of experiments of an input output mapping is needed to train the neural network. These data are 
one of the most important factors to obtain reliable results from any trained ANN. Thus, the training 
sample data have to be fairly large to contain all the required information and must include a wide 
variety of data. During the training phase, the weights and biases of the network are optimized using 
an optimization algorithm. The most popular algorithm is the error back-propagation (BP) neural 
network (BPNN) model. It uses a gradient based optimization method to minimize the network 
error function. In fact, the name back propagation comes from the error term, which is propagated 
back through the network during learning and used to change the weights of the equation. The 
weights are changed using the following equation. 

∆𝑤!" = −𝜂 𝛿𝐸
𝛿𝑤!" +𝑚∆𝑤!" 𝑛 − 1    (5) 

In this equation, η and m are known as learning rate and momentum coefficient respectively. 
While downscaling rainfall by ANN model, in this study, a multilayer perception neural network 
(MLP) with Back Propagation (BP) training algorithm is implemented. Back Propagation networks 
are the most widely used ANN model. Models with more number of neurons take more time for 
training. Also, very high number of neurons does not help in generalization of the model. Hence, 
the optimum numbers of neurons at which network performs at its best has to be determined. 
Selection of optimum numbers of neurons is essential part of ANN model development. Trial and 
error method has been applied for achieving the same. The numbers of neurons that performed the 
best were found to be 20. When the input variables are selected according to the best correlation, 
they are used as input parameters. Thus, input parameters vary from 8 to 10. The number of hidden 
layer is one. The transfer function from input to hidden layer is Tan-sigmoid transfer function 
(tansig) and from hidden layer to output layer is linear transfer function (purelin). Using the values 
of observed and simulated rainfall, the Mean Absolute Error, Root Mean Square Error, Coefficient 
of determination (R2), Mean Absolute Percentage Error and Root Mean Square Percentage Error 
(RMSPE) were determined for both the regression analysis and the Artificial Neural Network 
method at each of the 24 APHRODITE’s rainfall point and were compared to get the best method 
amongst them.  

4. RESULTS AND DISCUSSION 

In this study, two techniques have been applied for modeling and forecasting the monthly rainfall 
of Subansiri catchment area: both linear and non-linear regression based statistical downscaling 
method and downscaling by Artificial Neural Network technique. The HadCM3 GCM climatic 
parameters have been used as the predictor and the appropriate predictors were selected by Pearson 
correlation method at all the 24 APHRODITE points. Each of the predictor selected has shown a 
very good correlation with precipitation. 

The calibration and validation graphs for multiple linear regression and multiple non-linear 
regression for the APHRODITE point 91.875°E; 28.625°N are shown in Fig. 5a,b. Similarly, at all 
other 23 APHRODITE’s rainfall points, both multiple linear and non-linear regression analysis has 
been performed. The performance of ANN model at point 91.875°E; 28.625°N can be evaluated 
from Fig. 6 where the regression curves for training and validation are shown.  

By applying all these above three techniques, the rainfall has been simulated at the 24 
APHRODITE’s precipitation points. The observed and simulated rainfall were then used to 
determine the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Coefficient of 
determination (R2), Mean Absolute Percentage Error and Root Mean Square Percentage Error 
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(RMSPE) and based on these errors, the forecasting ability of the models has been assessed. The 
average error values of all the 24 points are shown in Table 4. 

 

Figure 5. Calibration and Validation graphs for (a) multiple linear regression and (b) multiple non linear regression at 
the APHRODITE point 91.875°E; 28.625°N 

 

Figure 6. Regression curves for training and validation for the ANN model at the APHRODITE point 91.875°E; 
28.625°N 

Table 4. Average values of MAE, RMSE, R2, MAPE and RMSPE 

Downscaling Methods Errors 
             MAE                 RMSE            R2                  MAPE        RMSPE 

Linear Regression 41.88 58.33 0.79 33.81% 48.22% 
Non-linear Regression 37.71 55.04 0.83 29.49% 44.21% 
Artificial Neural Network 40.99 56.99 0.81 32.55% 46.23% 
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It is observed from Table 4 that MAE, RMSE, R2, MAPE and RMSPE were minimum in case of 
multiple non-linear regression analysis while it is maximum for multiple linear regression analysis. 
Hence multiple non-linear regression based statistical downscaling technique can efficiently be used 
for further analysis including future prediction of rainfall at Subansiri river basin. Approximately, 
from last two decades, Artificial Neural Networks has emerged as a powerful computing system for 
highly complex and nonlinear systems. ANN belongs to the black box time series models and offers 
a relatively flexible and quick means of modeling. A few studies reported poor performance of 
ANN model in comparison with conventional ones. For example, Gaume and Gosset (2003) 
compared feed forward ANNs with the linear model and conceptual model. They concluded that 
their conceptual model outclassed the linear and ANN models. 

Although the field of neural networks is very diverse and opportunities for future research exist 
in many aspects, including data pre-processing and representation, architecture selection, and 
application (Azoff, E.M., 1994; Bishop, B., 1995; Swales and Yoon, 1997), yet the non-linear 
regression technique applied here showed better result compared to Neural Network. This may be 
attributed to the fact that the non-linear equation used here has minimized the possible errors in the 
method and eventually lead to a better simulation of rainfall. 

Subansiri Lower Hydro Electric Project (2000MW) is the largest under construction hydropower 
initiative in India. Due to geographical condition of Subansiri River, the downstream area of 
Subansiri Lower Project falls in plain terrain in the state of Assam. Accordingly, people living in 
the vicinity of project area especially on the downstream have apprehensions related to downstream 
impact due to the project. The downstream area of the project is quite prone to flood. Methods 
applied in this study can be used to predict the future precipitation. Various rainfall-runoff models 
are available which can be applied to predict the future runoff of the river Subansiri. Any change in 
precipitation would cause change in runoff which in turn would influence the erosion rate of the 
river as well as flood in the downstream. Since floodplain formation is a long and continuous 
process, morphological changes in the floodplain are significant due to change flow regime 
downstream. 

5. CONCLUSIONS 

In this paper, both multiple linear and non-linear regression techniques as well as ANN model 
have been used to downscale rainfall at 24 different selected APHRODITE’s points in the 
catchment of Subansiri river basin. The APHRODITE’s rainfall has been used as the predictand and 
the HadCM3 GCM climatic parameters as the predictors which have been selected using Pearson 
correlation method. The forecasting ability of these models has been accessed on the basis of MAE, 
RMSE, R2, MAPE and RMSPE. It has been observed that multiple non-linear regression-based 
statistical downscaling method outperformed linear regression and Neural Network in forecasting. 
The construction of 116m high concrete gravity dam on Subansiri will unquestionably change its 
discharge in near future. The change in climate would also have a profound impact on the change in 
discharge. Flood is a major problem in the lower part of the Subansiri Sub-basin in Assam. Every 
year devastating flood occurs in this part of the basin causing extensive damage to the crops. Heavy 
rainfall during monsoon season is one of the main causes of flood in this part of the basin. The 
methods applied in this study may be used for simulation of rainfall in future and thus, it would be 
helpful to understand the effect of rainfall on discharge and occurrences of flood events.  
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