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Abstract

Measured rainfall data from rain gauges, though available as point
data, has been a valuable input parameter for analysis in climate
studies, soil moisture studies, watershed management and so
on. However, data requirements for such studies had surpassed
conventional monitoring strategies and moved towards finer
resolutions, both in time and space scales. As it is not feasible
to locate rain gauges at all locations, values from neighbouring
rain gauge stations can be used to estimate the rainfall amounts
at unrecorded sites by various techniques and ultimately use it
to develop rainfall maps. In this study, 5 years daily precipitation
data from January, 2011 to December, 2015 was obtained for
Hassan district in Karnataka. The performance of Inverse Distance
Weighting (IDW), Spline, Trend and Kriging interpolation techniques,
was compared. Thirty eight rain gauge stations (28 for interpolation,
10 for validation) were used in the study. Interpolation was carried
out using the Automated Rainfall Mapping Tool, developed by using
Python 2.7, PyQT, Wxpython and ArcGIS. Cross validation results
are reported in terms RMSE and R2 error values. The interpolation
of 5 year annual average rainfall gave best concordance with the
actual values for universal kriging with quadratic drift, yielding an
RMSE of 132 mm and R2 value of 0.906. Besides, kriging performed
well (RMSE= 0.6 to 1.7.

mm, R2=0.91 to 0.96) during rainy months while IDW performed
relatively better than the other techniques on consideration of all
60 months. Exceedance probability curves showed that 10% of the
total (60) months considered, kriging and spline give R2 of greater
than 0.9, while considering only the rainy months, it was noticed
that kriging, spline and IDW give R2 values of more than 0.8 about
60% of the total time. Interpolation of daily rainfall revealed high
variability in performance of the interpolators for each day, making it
difficult to choose one technique as the best amongst others.
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Introduction

Measured rainfall data using rain gauges, although point
information, is highly valuable. To effectively capture spatial
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variability of rainfall over a region requires setting up of a number
of such measuring instruments, which necessitates huge installation
and operational costs, especially when the area concerned is large. In
order to overcome this problem, GIS and geostatistical interpolation
techniques are very promising. The rainfall data of different time
scales for the area of interest of a given period, from a finite number of
stations, can be subjected to interpolation to obtain spatial information
[1]. The spatially interpolated dataset can then be developed into
aerial telemetry maps. This technique could provide accurate and
reliable estimates of data at locations where no measurements are
available. The precipitation data finds itself of vital use in prediction
and modelling of floods, droughts, cyclones, climate studies [2,3],
agricultural and natural resources management [4], and soil moisture
studies [5] , rainfall-runoff estimation [6] and so on.

As rainfall is a highly variable parameter, both in space and time,
reliable spatial interpolation of rainfall is inherently more difficult
to carry out compared to the interpolation of other parameters [7].
Coarse spatial and temporal resolution of measured rainfall makes
the utility of interpolation techniques limited [4]. It is important
to note that the performances of the interpolation techniques are
usually region-specific. This means that different techniques have
different accuracies for different places, depending on meteorological,
topographical and environmental conditions. Therefore, it is crucial
to select the best interpolation technique for a given area to obtain
reasonably accurate results. Inverse Distance Weighting (IDW)
method, Kriging, nearest neighbour, Spline, and trend are some
of the methods used to interpolate the attribute data to unsampled
locations. IDW technique implements the assumption that the value
of an attribute at an unknown location is inversely related to the
distance of a known point from it. Thus, points closer to an estimating
location will have a higher weight (as a function of the distance
between the two points) assigned to it, as compared to a point that
is farther away from the estimating point [8]. Kriging technique
uses a variogram to characterise the spatial correlation and produce
a combination of measured values, based on the type of variogram
[9,10]. Nearest neighbour interpolation assigns the measured values
of the nearest rain gauge to the estimating point [11]. Spline is a type
of deterministic method that uses a polynomial to fit the measured
values and produce a smoothly varying surface. The estimating value
by spline is obtained from a specific point, defined by a radius and
these points are adapted to the values at the measured location [12].
Trend surface interpolation uses a linear equation to fit the measured
values into a smooth surface.

Numerous experiments have been conducted to interpolate the
rainfall averages over different time scales, in different regions [13].
Compared the spatial interpolation techniques (kriging with its
variants, IDW, spline, trend and natural neighbour) for their accuracy
in interpolating 30-year mean annual rainfall for the Mysuru and
Chamarajanagar Districts in Karnataka, India. They reported that,
for the regions with similar characteristics to that of their study area,
ordinary kriging works best, followed by IDW and universal kriging.
Another study conducted in Tunisia to interpolate the annual rainfall,
reported that ordinary kriging yields RMSE of 3.443 and Mean error
(ME) of 0.038 for 75 samples [14,15]. Mapped annual precipitation
in the middle Ebro Valley (Spain) and concluded that regression
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based models performed better than the local interpolators, especially
when they use four geographic and topographic variables. Among the
deterministic methods, spline gave low RMSE values making it more
suitable for the study area compared to IDW and trend interpolation.
Scientific literature suggests that the spatial interpolation techniques
perform better when the precipitation data is supplemented with
auxiliary variables such as elevation and temperature [16] investigated
the performance of simple kriging with varying local means, kriging
with an external drift, and co-located cokriging, when a digital
elevation model is incorporated into the estimation. They found that
kriging with varying local means performed best for interpolation
of monthly rainfall data and kriging with external drift gave slightly
better results than the more complex cokriging for interpolating
annual rainfall. However, it is not always true that use of elevation
data will enhance the performance of geostatistical techniques
to interpolate rainfall. Comparison of ordinary kriging, ordinary
cokriging and kriging with external drift to produce monthly and
annual rainfall maps for the Hawaiian Islands showed that ordinary
kriging outperformed the other techniques, considering the months
from January 1920 to December 2012 [17]. Their overall cross-
validation results indicated that for the sample months considered,
ordinary kriging did not significantly differ from the techniques that
incorporated a secondary “elevation” variable.

All interpolation models have a fundamental requirement that the
dataset is complete on a spatial and temporal basis. Spatial interpolation
techniques developed for specific data types or variables can be applied
to various disciplines like environmental sciences, hydrology, mining
engineering, meteorology, etc. With change in atmospheric conditions,
the time scale chosen to evaluate the interpolation techniques becomes
crucial, as the validity of an interpolation technique changes annually,
monthly, seasonally and also on a daily basis.

The objectives of this study were to perform spatial interpolation
on continuous time series of precipitation data using IDW, Trend,
Spline and Kriging, and cross-validate to assess the accuracy of these
techniques at different temporal scales.

Study Area

The study area chosen is the Hassan District in Karnataka, India
Figure 1. It is one of the 30 Districts located in the south-western part
of Karnataka, lying between 12013 and 13033 north latitudes and
75033 and 76038 east longitude. It has a total area of 6826.15 km?, with
the greatest length of about 129 km extending from south to north
and greatest width of about 116 km from east to west. The District has
8 taluks: Hassan, Alur, Arkalgud, Arsikere, Belur, Channarayapatna,
Holenarasipura and Sakaleshpura Figure 1, 38 hoblies and 2369
villages. Annual average rainfall in the study area is about 1031mm
and the major agricultural crops grown are coffee, paddy, sugarcane,
black pepper and potato. Hassan District lies partly in the “Malnad”
(hilly land) tract and partly in the southern “Maidan” (plains) tract.

By considering the topography and climate, the District can
be divided into three regions: the southern malnad, semi-malnad
and southern maidan. Western and north-eastern portions of the
Belur taluk, western and central parts of Alurtaluk and the whole
of Sakaleshapura taluk constitute the “southern malnad’ region.
The central parts of the Arkalgudtaluk, the western portion of the
Hassan taluk, the eastern portion of the Alurtaluk, the central and
eastern parts of the Belurtaluk and the western parts of the Arasikere
taluk form the “semi-malnad” region. The southern maidan region
includes the whole of the Holenarasipura and Channarayapatna
taluks, eastern parts of the Arasikere and Hassan taluks and the
south-eastern portions of the Arkalgudtaluk. The southern malnad is
a forest-clad hilly region with heavy rainfall.

Materials And Methodology

Rainfall data

The daily rainfall data from 38 telemetric rain gauge (TRG)
stations in the Hassan District was obtained from the Karnataka State
Natural Disaster Monitoring Centre (KSNDMC), Bengaluru, for the
time period from 1°* January, 2011 to 31 December, 2015.

India Hassan District P N
- A
(*
"_,_J !
1 4
. ARASKERE {
1o )]
S Ve ] L\I i
o - )
{ " g e
S BELUR e aL(‘“\ a
s (ot = ¢
Y f-. ﬁ;r‘\ 1\7,‘) L.
] = J R,
pt iy "I‘v. { }
.\;’j gl ~  Wassam | -
Karnataka e i—{-, CHANNARATAPATNA
L y " AR My {
< e | N ¢ [ = 1
el ) v~ SAKALESHPUR ~ » {
LN ? LT e,
‘V} Nt P { Ul will i
T - fooof BLE NARASIPURA <
Ny ) { @ 7
o 2 1 b
\ J\?: fy,p: L ] o/ ARaKALGUD i !
O, | /
L W~ [ t T — A
\ £ L 5 Lt
t:\’! 5 \SC 7 : \/}.‘ =
!"r;"{,, o) - mhadt -
Y‘--,‘;\( Qir, 0 10 20 20 Km e
Figure 1: Hassan District, Karnataka.
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Preliminary statistical analysis

A traditional summary of statistics, that is, calculation of mean,
standard deviation and plotting of frequency distribution curves and
histograms is an essential step as the final conclusion cannot be more
reliable than the dataset they rely on. The objective of preliminary
data analysis is to gain insight into the variability contained within
the data, identify the general pattern of the dataset and to detect any
strange observations which mayrequire further processing and follow-
up. A useful way to start is to describe the overall averages, standard
deviation, ranges and counts. Histograms are proficient in spotting
outliers as they help in visualizing the shape of the distribution. In
this study, preliminary data analysis included determining the rainfall
averages, plotting histograms and calculating the standard deviation
for daily, monthly and annual time series of rainfall data.

Interpolation techniques

The spatial interpolation techniques carried out to interpolate
the precipitation data for Hassan District, Karnataka, over different
temporal scales are IDW, Spline, Trend, and Kriging.

Temporal scale

For the purpose of this study, temporal scales considered for
spatial interpolation techniques are

a)
b) Monthly rainfall for all months from 2011 to 2015
<)

Cross-validation

5-year annual average rainfall from 2011 to 2015

Daily rainfall values for June, July and August of 2011 to 2015

Cross-validation helps to make an informed decision about the
technique which performs better. The computed statistics serve as
diagnostics that tell us whether interpolator and the interpolated
value are reasonable or not. Cross-validation uses all the data to

estimate the autocorrelation model. It removes the data location
and its corresponding value, one at a time and estimates the rainfall
value for that location using the generated surface. For all the points,
cross-validation compares the measured and estimated values. If the
predictions are unbiased, the mean prediction error must be zero.
The root-mean-square error must be minimum to indicate that the
estimated rainfall values are close to the actual values.

In this study, 10 stations out of 38 stations were chosen for
cross validation, which means, only 28 stations were selected for
interpolation Figure 2. Care was taken that the selected 10 stations
were distributed fairly uniformly across the study area. Interpolated
value from each of the methods was then compared with the actual
value at each of these validation stations. Accuracy of interpolated
value was assessed using RMSE and R? for all the temporal scales
considered. Exceedance probability curves are also plotted to
understand the probability, of each interpolation technique, of
achieving/exceeding a particular accuracy value.

Results and Discussion

Pancreatic recovery depends on a perplexing communication
between the cells that give vital recovery signals and cells that are
responsive to those the signs. As talked about here, the level, nature
and the seriousness of injury are three significant boundaries that
decide whether recuperation is accomplished. B-cell recovery is shown
to be more delicate to the idea of injury than the acinar recovery. At
long last, the level of the injury figures out which cell types would
react to these regenerative signs.

Data exploration

While annual rainfall values of all five years considered are more
or less floating around the same mean, it is evident that 2012 has the
lowest rainfall average of 930.67 mm and 2014 has the highest rainfall
average of 1475.88 mm. The monthly rainfall for 5 years from 2011
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Figure 2: Hassan District map showing the location of 38 selected rain gauge stations (28 for interpolation (triangles) and 10 for validation (circles)).
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to 2015 is also represented in the form of a bar graph Figure 3 to
understand the seasonal variability in data. From Figure 4, it is clear
that the peak rainfall occurs in the months of June/July or October.
This is concordant with the seasonal rainfall variation in the region.
A frequency table is developed for the monthly rainfall data, which is
used to develop a histogram, indicative of the number of months in
the span of 5 years that fall under a particular class of monthly average
rainfall. Figure 4 shows that in 5 years, highest rainfall of greater than
300 mm occurs in July. In the span of 5 years, 25 months have rainfall
between 0-45.81 mm and about 11 months have a monthly rainfall
between 91.62-137.43 mm. These months primarily occur between
December and May.

Interpolation using 5-year annual average rainfall

In order to capture the spatial variation of rainfall over Hassan
District, 5-year annual rainfall averages for all the 28 rain gauge
stations within the District were used to develop interpolated maps.
All the interpolation techniques are based on the principle that closer
things are more related than farther things. This principle yields
different outcomes for different interpolation techniques owing to the
variability in the different models that the techniques employ.

Considering the area of interest in the current study, it is known
that rainfall increases as we move towards the south-western region of
the Hassan District. This is due to the influence of “malnad” region in
the District. Interpolation by IDW gives the effect of higher localised
variation in rainfall around the actual points, as a result of assigning
larger weight to validation points closer to it and a smaller weight to
the points that are farther away. Spline interpolation produces gently
varying surfaces where there is higher density of rain gauge stations.
This is attributed to the fact that spline uses a regression equation
to adapt the values at unknown points, by defining a radius around
the measured point. The trend interpolator gives uniformly varying
surfaces, using a linear mathematical function.

In order to indicate the level of concordance between the actual
value and interpolated value, R? and RMSE values were computed for
the chosen 10 validation points. The results of this computation are
shown in Table 1.

From Table 1, itis evident that the lowest RMSE value of 148.9 mm
and higher R*value of 0.914 is obtained for spline interpolation. On
the contrary, the least suitable method with the high RMSE of 364.6
mm and lowest R? value of 0.488 is obtained for trend interpolation.
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Figure 3: Monthly Rainfall in Hassan District between 2011 and 2015.
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Figure 4: Exceedance probability for Monthly rainfall.
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This can be attributed to the fact that the trend interpolation assumes
a single polynomial to fit the sample points over the whole surface,
thereby reducing the accuracy of the estimation. On the contrary,
spline interpolation consists of a set of third-degree polynomials
which describe pieces of lines or surfaces and they are fitted together
to form a smooth surface. The ordinary kriging interpolator uses a
spherical model and gives RMSE of 176.7 mm, which is similar to
the RMSE obtained for IDW (173.6 mm). While the R? value gives an
overall sense of how well the interpolated rainfall estimates correlate
with the actual measured values, the RMSE tells us by how much our
estimations deviate, on an average, from the actual values.

Interpolation of Monthly Rainfall

Monthly rainfall data obtained by adding daily rainfall over
a month, for all 60 months spanning January, 2011 to December,
2015 were interpolated, facilitated through the Automated Rainfall
Mapping Tool. Cross- validation results are tabulated in Tables 2 and
3. The R? and RMSE values reveal that all the techniques performed
relatively better during the rainy months (June, July, August) by
yielding low RMSE (22 mm to 150 mm) and high R2 values (0.5 to
0.96), compared to the non-rainy months. The exceedance probability
curve Figure 5 for all 60 months, indicates that for 10% of the total
months considered, kriging and spline give R2 of greater than 0.9,
while for 50% of the total months considered, IDW performed better
than the other 3 methods, givingan R*value 0f 0.4. Trend interpolation
technique appears to perform relatively poorly for all the months.
Considering only the rainy months, it was noticed thatkriging, spline
and IDW give R* values of more than 0.8 about 60% of the time Figure
6. While the three techniques appear to show similar behaviour at
most of the times, one-on-one comparison indicate that kriging gives
a R?value between 0.53- 0.96, spline takes on a value between 0.45-
0.94 and IDW gives a value between 0.46 to 0.94. The exceedance
curve Figure 6 for the rainy months shows that more than 70% of
the time, kriging and IDW perform better than spline, with the two

techniques showing very similar variation. However, performance of
all 4 techniques degrades considering non-rainy months in the region
Table 3. The exceedance probability curve Figure 7 shows that only
for 10% of the time, the R? value reaches about 0.8 and for more than
50% of the time the R?value is less than 0.4. IDW and kriging have
a relatively higher R* value compared to the other 2 techniques, for
most part of the time period considered. A single technique does not
consistently perform well for all months. This may be attributed to the
highly variable nature of rainfall parameter and can also be due to the
influence of topography and meteorological parameters.

Interpolation of daily rainfall during monsoon months

The exceedance probability for daily rainfall Figure 7 shows that
throughout the time span considered, trend interpolator performed
poorly compared to other techniques. IDW, spline and kriging are
more or less homogeneous in their behaviour while interpolating the
daily rainfall values during monsoon season. For 50% of the time, the
3 methods are alike and give R? value of 0.7, while trend gives R? value
of 0.4. On considering more than 60% of the days, IDW and kriging
have a relatively higher R? value of about 0.6, compared to spline
and trend. The reason for IDW and kriging to perform better than
spline may be attributed to the way the techniques model the spatial
variability. IDW causes the interpolated value to be more similar to
the measured value when it is close to it and the interpolated value
decreases as we move farther away from the measured values, due to
decrease in distance weights. Like IDW interpolation, kriging forms
weights (which come from a semivariogram that is developed by
viewing the spatial structure of the data) from surrounding measured
values to predict values at unmeasured locations, where the closest
measured values usually have the most influence. Spline performs
a smoothing function to fit the measured points. It is a fairly well-
established fact that kriging and IDW show maximum level of
concordance for daily interpolation in the rainy months. During
the non-rainy months, the techniques show large variability in their

Table 1: R? and RMSE values obtained for different interpolation techniques.

TECHNIQUE R?
IDW 0.876
Spline 0.914
Trend 0.488

Ordinary Kriging-Spherical Model 0.907

RMSE(mm)
1736
148.9
364.6
176.7

Table 2: R? value and RMSE values obtained for different interpolation techniques, during the rainy months.

Month Mean sSD RMSE R
IDW Spline Trend Kriging IDW Spline Trend Kriging
June-11 4.869 3.979 50.38 36.64 86.20 45.00 0.83 0.91 0.59 0.88
July-11 5.006 4.256 45.01 37.61 88.69 27.58 0.92 0.93 0.57 0.96
Aug-11 4.733 3.923 54.73 31.45 84.82 37.21 0.84 0.94 0.52 0.92
June-12 0.928 1.531 40.78 45.96 56.28 44.93 0.46 0.34 0.18 0.43
July-12 3.245 3.393 52.74 42.44 120.86 63.39 0.93 0.86 0.44 0.92
Aug-12 4.800 4.341 106.37 135.98 168.91 130.63 0.59 0.49 0.23 0.53
June-13 5.978 5.212 79.39 67.87 136.87 65.04 0.82 0.86 0.41 0.87
July-13 9.282 7.993 99.35 75.59 180.79 119.42 0.88 0.92 0.68 0.87
Aug-13 4.974 3.679 52.41 49.77 111.20 51.35 0.80 0.86 0.28 0.85
June-14 2.607 1.626 37.65 40.38 48.65 40.67 0.53 0.48 0.37 0.53
July-14 7.611 8.172 168.07 119.52 271.39 171.03 0.72 0.87 0.45 0.78
Aug-14 5.268 3.331 78.66 67.83 105.05 74.54 0.54 0.66 0.39 0.65
June-15 8.415 6.421 53.76 66.25 137.11 37.99 0.94 0.88 0.54 0.96
July-15 1.663 1.594 28.81 22.19 61.07 30.00 0.84 0.86 0.21 0.86
Aug-15 4.079 1.810 38.59 42.86 68.94 39.97 0.58 0.45 0.00 0.57
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Table 3: R? value and RMSE values obtained for different interpolation techniques, during the non- rainy months.

RMSE R?
Month Mean SD
IDW Spline Trend Kriging IDW Spline Trend Kriging

Jan-11 0.008 0.024 1.20 3.12 0.78 0.90 0.07 0.03 0.07 0.03
Feb-11 0.209 0.273 10.67 13.64 10.16 10.66 0.20 0.14 0.07 0.36
Mar-11 0.393 0.526 14.68 20.04 12.64 16.65 0.41 0.24 0.45 0.38
April-11 3.000 1.616 52.83 53.57 52.32 50.04 0.03 0.02 0.02 0.00
May-11 3.734 0.889 30.06 32.15 35.77 34.30 0.03 0.27 0.10 0.00
Sept-11 2.601 2.285 25.52 19.06 52.45 22.59 0.87 0.93 0.51 0.91
Oct-11 5.524 2.015 55.72 73.68 67.53 60.28 0.21 0.27 0.07 0.09
Nov-11 3.559 1.877 38.63 56.77 37.01 38.72 0.58 0.30 0.65 0.53
Dec-11 0.049 0.064 2.02 3.01 2.23 2.53 0.07 0.07 0.00 0.04
Jan-12 0.007 0.015 0.42 0.41 0.48 0.47 0.41 0.34 0.00 0.02
Feb-12 0.009 0.026 0.88 1.12 0.72 0.76 0.07 0.01 0.28 0.00
Mar-12 0.056 0.095 3.28 7.14 2.61 2,97 0.29 0.00 0.34 0.18
April-12 4.299 1.920 56.89 109.90 54.66 57.14 0.06 0.06 0.23 0.27
May-12 1.226 1.105 31.39 36.36 32.16 32.74 0.23 0.14 0.20 0.29
Sept-12 2.490 1.183 40.11 53.12 60.11 49.37 0.33 0.15 0.06 0.20
Oct-12 1.087 0.714 24.68 31.18 24.28 23.92 0.01 0.13 0.03 0.01
Nov-12 1.540 0.685 17.05 18.01 19.50 17.67 0.40 0.25 0.71 0.36
Dec-12 0.097 0.135 3.58 3.39 3.98 3.60 0.31 0.40 0.19 0.35
Jan-13 0.002 0.005 0.59 1.04 0.34 0.36 0.03 0.01 0.00 0.01
Feb-13 0.841 0.554 16.40 21.20 17.88 17.05 0.27 0.05 0.06 0.05
Mar-13 1.279 0.910 13.56 29.84 18.00 16.66 0.80 0.74 0.60 0.67
April-13 0.840 0.489 18.78 24.91 20.93 18.92 0.00 0.02 0.05 0.00
May-13 2.990 1.610 39.78 39.18 51.48 43.86 0.49 0.46 0.20 0.53
Sept-13 4.688 1.121 39.40 49.42 38.58 44.01 0.13 0.32 0.34 0.19
Oct-13 2.929 1.392 46.27 62.67 43.36 44.30 0.00 0.02 0.03 0.00
Nov-13 1.132 1.013 21.10 21.10 22.23 18.26 0.72 0.56 0.55 0.74
Dec-13 0.376 0.272 6.08 11.37 7.50 6.53 0.51 0.00 0.26 0.66
Jan-14 0.005 0.015 0.41 0.26 0.44 0.41 0.40 0.83 0.15 0.45
Feb-14 0.032 0.061 1.58 2.50 1.69 1.68 0.14 0.02 0.06 0.05
Mar-14 0.319 0.384 9.22 9.72 11.04 10.79 0.49 0.48 0.21 0.27
April-14 2112 1.312 39.90 55.20 39.85 41.20 0.06 0.03 0.05 0.03
May-14 4.161 1.460 51.59 64.43 57.60 52.94 0.00 0.13 0.09 0.01
Sept-14 6.323 1.036 24.74 46.27 33.17 26.16 0.58 0.41 0.50 0.58
Oct-14 4.297 1.816 53.60 75.13 57.89 54.33 0.10 0.05 0.03 0.09
Nov-14 0.322 0.337 9.98 15.05 9.13 9.57 0.13 0.03 0.34 0.28
Dec-14 0.665 0.531 14.31 15.30 14.66 14.32 0.36 0.16 0.22 0.32
Jan-15 0.026 0.072 2.32 2.24 2.35 2.35 0.74 0.43 0.11 0.07
Feb-15 0.000 0.000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mar-15 0.861 0.697 23.10 25.72 21.12 23.22 0.11 0.02 0.22 0.09
April-15 2.579 1.487 53.50 64.78 46.22 50.01 0.32 0.09 0.01 0.32
May-15 3.171 1.380 39.96 54.60 43.88 42.15 0.23 0.04 0.04 0.13
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Figure 5: Exceedance probability for monthly rainfall during rainy months (Jun, Jul, and Aug).
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Figure 6: Exceedance probability for monthly rainfall during non-rainy months.
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Figure 7: Exceedance probability for Daily Rainfall values during Rainy months (June,July& August).
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performance for each day and it is difficult to state definitively that
one technique is best over the others.

Conclusion

The 5 years daily precipitation data for Hassan District from

January, 2011 to December, 2015, was obtained from Karnataka
State Natural Disaster Monitoring Centre (KSNDMC). Spatial
interpolation by IDW, Trend, Spline and Ordinary Kriging (spherical
model) method was carried out at temporal scales of 5 year annual
average rainfall, monthly rainfall and daily rainfall data (only during
the monsoon months - June, July and August), by considering 38
rain gauge stations (28 used for interpolation and 10 for validation).
The Automated Rainfall Mapping tool was developed to facilitate
interpolation at monthly and daily time scales, and to generate cross-
validation results for the same. RMSE and R* values were used to
assess the accuracy of the 4 interpolation techniques at the chosen
temporal scales.

The analysis revealed that using spline technique gives best

concordance to interpolate the 5-year annual average rainfall values
over Hassan District, giving a RMSE of 148.9 and R? value of 0.914.
Interpolation of monthly rainfall shows that even though a single
technique does not perform well for all months, kriging, spline and
IDW give R? greater than 0.8 for more than 60% of the time in the
monsoon months, with kriging having higher R?range between 0.53
and 0.96. During the non-monsoon months, for more than 50%
of the time, the R* value of all techniques is less than 0.4. It can be
noted, however, that IDW and kriging perform relatively better than
the other 2 techniques. Considering interpolated daily rainfall values
during the monsoon season, although kriging, IDW and spline were
identical in their performance for half the time, kriging and IDW gave
higher R* value of about 0.6 for 60% of the days considered, compared
with other 2 techniques.

During the non-rainy months, owing to the high variability in

daily rainfall, a single method does not consistently perform well for
each day.

Scope for Future Study

A similar comparison of spatial interpolation techniques can be
carried out for long-term rainfall data (Ex: 30 years precipitation
data) so that it can be of use in climate studies and drought
modelling.

The automated rainfall mapping tool can be made dynamic to
generate rainfall interpolation maps for each day, based on the
value of error estimates for that day.

The performance of the interpolation techniques can be
analysed by incorporating auxiliary variables such as elevation
and temperature data.

The interpolated precipitation data and maps prove to be of

paramount value in computing rainfall at ungauged locations,
irrigation scheduling in agricultural fields and in the detection and
prediction of changes in watersheds. Being region-specific, it is
important to determine the validity of the interpolation techniques in
different regions, as subsequent agricultural or hydrological decisions
depend on the results obtained.
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