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Abstract This paper exhibits a strategy to build up a downscaling model using the
artificial neural network (ANN) to obtain a projection of monthly mean precipitation
(MMP) at river basin scale. Moreover, we establish an association between local
climate variables and large-scale variables known as atmospheric circulation vari-
ables using statistical downscaling. National Centers for Environmental Prediction
(NCEP) reanalysis data was applied on the model for calibration and validation for
the time frame of January 1971 to December 2005. Similarly, RCP 4.5 scenario of
CanCM4 was used for future projection till December 2035. The model developed
shows the value of the coefficient of determination as 0.988 for calibration and for
validation 0.883. Therefore, we accept the model and it is used for projection and
forecasting of precipitation till 2035 on the Yamuna river basin.
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1 Introduction

In recent past,many studies have been conducted on finding an appropriate downscal-
ing technique for projection of monthly precipitation at river basin scale [1–3]. The
projected rainfall at basin scale is used for many scientific purposes such as climate
change impact assessment [4], drought analysis [3] and flood frequency analysis
[5]. In the climate change studies, global circulation models (GCMs) is generally
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Fig. 1 a Methodology for ANN downscaling; bMLP model structure

used because it simulates past, present and future time series of all the climate vari-
ables across the globe. The results simulated by the GCM are generated, keeping
all the atmospheric forcing both internal and external, various scenarios for green-
house gases and also the social and economical changes. The resolution of GCM
data is at a coarser resolution, and hence, we cannot use it for studying the climate
change impact assessment on hydrological regime of a river basin. Downscaling, a
statistical and dynamical approach, is used to draw high-resolution information from
coarser resolution variables [6]. In dynamic downscaling, we are able to embed the
regional climatemodel (RCM) intoGCM. This techniquemakes use of the numerical
meteorological model to show that how local weather conditions are affected due to
change in global pattern. There are many advantages of dynamic downscaling but
due to high computational time and its complexity, it is not a very popular method.
Whereas statistical downscaling is a technique in which an empirical relationship is
established between the predictors and predictands. Predictors are the atmospheric
variables which are generated by the GCM, and predictands are regional climate
data. Predictors like mean sea level pressure, specific humidity, geopotential height,
air temperature are related to the point scale variables called predictands like rain
gauge stations as shown in Fig. 1. The relationships established are finally used for
forecasting the information regarding climate for the future period. Wilby et al. [7]
give some implicit assumptions in statistical downscaling. These assumptions are
listed below:

1. The predictors are variables of relevance and are realistically modelled by GCM.
2. The predictors employed fully represent the climate change signal.
3. The relationship is valid under altered conditions.

2 Methodology

The model used for projecting rainfall over the Yamuna river basin in this study is
artificial neural network (ANN). The model used is a non-regression model, and it
helps in establishing a relationship between the predictors and predictands. ANN
model works similar to the biological neural network system.
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ANN model can be trained using backpropagation method. It is generally used
when we need to do supervised learning. This method is more efficient in finding
the gradient of the error function. The methodology of downscaling using the ANN
is shown in Fig. 1a.

2.1 Multilayer Perception Network

MLP is also known as a feedforward network. It is based on themapping input pattern
space to output space. In this method, the information is transferred with the help
of the connections between the neurones in the forward direction only. This kind of
network does not have any feedback or memory. Figure 1b shows three layer MLP.

2.2 Standardisation

Once the potential predictors are selected, they are needed to be standardised. The
main purpose of standardisation is to reduce the systematic biases in the variance
and mean of GCM outputs in correspondence to the observed or NCEP data. Stan-
dardisation is applied before statistical downscaling is applied. Standardisation is
applied on predictor variable for the baseline period by subtracting each data by its
mean and dividing it by standard deviation. This method has a major limitation due
to its consideration of biases only in mean and variances and not in other statistical
parameters.

2.3 Principal Component Analysis

For the development of the empirical or statistical relationship, we cannot use the
data directly. There are mainly two reasons behind this: (i) multidimensionality and
(ii) multicollinearity.

Computational time required for the analysis is increased due to multidimension-
ality. It is observed that there is an increase in the sparseness of the data and this
affects the output. It is really important to know the internal data pattern and its vari-
ability. If the data is reduced without considering the above two, then the accuracy
of the model will reduce. Multicollinearity shows a high correlation between various
predictors and may lead to solving these problems before we establish any statistical
relationship.

PCA is a very important tool used in statistical downscaling studies [8]. It is used
to for reducing the dimensions and multicollinearity of the data. PCA generates prin-
cipal components which have almost similar variability as compared to the original
data by analysing and identifying the patterns in the data.
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3 Study Area and Data Used

The study has been conducted for the Yamuna river basin which is a sub-basin of
Ganga river basin and is located in north-western part of India as shown in Fig. 2a.
Yamuna basin lies between 22.50°N to 32.00°N latitude and 73.20°E to 81.50°E
longitude. The total area covered by the basin is 3,66,233 km2 which is approximately
10.7%ofGanga basin. There is great variation in the elevation of land surface ranging
from 62 to 6288 m above mean sea level. The main source of Yamuna river lies in the
Yamunotri glacier (Mussorie range) in the Uttarakhand, India. The following states
fall in the boundary of the Yamuna basin: Himachal, Haryana, Rajasthan, Madhya
Pradesh, Uttar Pradesh and Uttarakhand. The percentage of the area covered by the
states is shown in Fig. 2b, and the Yamuna basin is shown in Fig. 2c.

Annual rainfall in the Yamuna basin shows variations ranging from 400 to
1200 mm. Moreover, the basin is highly influenced by the event of south-west mon-
soon during months of June and September due to which the basin gets replenished.
Winter rainfall in this region is very less. The rainfall distribution shows an increasing
nature from north-west to south-east direction. The climatic condition of the basin
can be broadly classified into three categories: (a) Humid: for upstream Himalayan
catchment; (b) Semi-Arid: north-west to western catchment; and (c) Sub-Humid:
south-west catchments. Themeanmaximum temperature of the basin is 24 to 42.4 °C
and the mean minimum temperature is −1 to 11.0 °C.

4 Data Used

The global circulation model (GCM) used in the study is developed by Canadian
centre for climate modelling and analysis (CanCM4) [9]. The spatial resolution of
GCM used is 2.8125° × 2.8125°. Data for historical scenarios are extracted for the
period of January 1971–December 2005, and for RCP 4.5, it is extracted for January
2016–December 2035. The GCM is represented in the form of 20 grid points and is
shown in Fig. 3. The list of predictor variables used for downscaling precipitation
data over Yamuna river basin is shown in Table 1. The data is available freely and
can be downloaded from www.ccma.bc.ec.gc.ca.

Predictors used in the study were selected on the basis of the study conducted
by Anandhi et al. [1]. A dataset of the predictors for the period of January 1971
to December 2004 over the area from 22.50°N to 32.00°N and from 73.20°E to
81.50°E is obtained from NCEP. The NCEP data is represented in the form of 12
grid points and is in monthly scale. The resolution of the NCEP data is 2.5° × 2.5°.
The precipitation data is in gridded format with a resolution of 0.5° × 0.5° and it is
taken from IndianMetrological Department (IMD). For the study purpose, we regrid
the GCM data points to NCEP data points.

http://www.ccma.bc.ec.gc.ca
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Fig. 2 a Represents the location of study area in the context of Indian topology; b represents the
area distribution of Yamuna river Basin state-wise; c geographical location of Yamuna river basin

5 Results

5.1 Calibration and Validation

The ANN model was developed for the Yamuna river basin, and the model was
calibrated for the time period (1971–1990), validated for 1991–2005. Maximising
the efficiency of the model is the main objective of the method. The time series
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Fig. 3 Geographical position of NCEP grid points covering the Yamuna basin

Table 1 List of predictor
variables

Predictor variable Pressure level (mb)

Air temperature 1000,850,500,250

Eastward wind 1000,850,500,250

Northward wind 1000,850,500,250

Geopotential height 1000,850,500,250

Surface temperature

Mean sea level pressure

Team, E. W. (n.d.). Physical Sciences Division. Retrieved, from
https://www.esrlnoaa.gov/psd/data/gridded/data.ncep.reanalysis.
html

plot for observed and simulated rainfall for both calibration and validation period is
shown in Fig. 4c, d.

https://www.esrlnoaa.gov/psd/data/gridded/data.ncep.reanalysis.html
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Fig. 4 a Scatter plot for calibration period, b scatter plot for validation period, c observed and
simulated rainfall for 1971–1991, d observed and simulated rainfall for 1991–2005, e projected
rainfall for 2006–2035
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Monthly observed and simulated precipitation was compared at six different loca-
tions in the basin. Comparison for station “X” is shown in this paper. It is observed
that observed and simulated results show a similar trend for both calibration and
validation period. The developed model shows satisfactory results, and the statisti-
cal analysis for the calibration and validation period can be seen in the table. The
coefficient of determination (R2) is calculated, and the result obtained is within an
acceptable range. Due to this, we accept the model and it is used for projection or
forecasting of precipitation till 2035 on the river basin which is shown in Fig. 4e.
Scatter plot for calibration and validation period is shown in Fig. 4a, b.

6 Conclusion

For the present study, we have downscaled GCM output to precipitation at a finer
resolution of 0.5 × 0.5 over Yamuna river basin. This task is achieved by applying
statistical downscaling using the artificial neural network. The results show that
simulated rainfall using ANN for CanCM4 historical scenarios provides a good
match with the observed data. For the future projection under RCP4.5 scenarios,
it is observed that there will be a decrease in rainfall. The projected rainfall may
create a hypothesis that wet area will get wetter and dry area will get drier. The
projection shows a significant trend and shows that there will be a major change in
the magnitude and pattern of rainfall. The model developed simulated satisfactory
results but failed to capture extreme events. This method needs to be modified so that
it will be able to capture extreme events. The reason for this failure might be due to
the use of principal component analysis. PCA neglects few components which show
a small percentage of original variability but these components might be important
for explaining extreme events. The overall contribution of this study is a projection
of rainfall at a finer resolution till the year 2035. Rainfall projection can be used by
policymakers for calculatingwater availability at the regional level and for inter-basin
water transfer. It can further be used for management of agricultural water, hydraulic
structure design. It is advised to use different types of downscaling models, GCM
and emission scenarios when we need to study climate change.
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