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Abstract The ﬁrst detailed validation of maximum temperature of Modern‐Era Retrospective analysis
for Research and Application Version 2 (TMERRA‐2) against Indian Meteorological Department (TIMD) has
been carried out for 35 years (1981–2015) over India. For this purpose, India has been divided into seven
different zones, i.e Western Himalaya (WH), Northwest, North Central, Northeast (NE), West Peninsula
India, East Peninsula India, and South Peninsula India. The descriptive statistics and correlation between
TMERRA‐2 and TIMD have been determined for monthly, seasonal, and annual basis. A signiﬁcant correlation
(>0.9) has been found for monthly TMERRA‐2 and TIMD with a root‐mean‐square error value closer to 1
except for WH where a high root‐mean‐square error value of 18.2 is obtained. Seasonal analysis also
indicates a signiﬁcant correlation for all the zones except for WH and NE with a correlation value of <0.3
during monsoon season; this may be due to sparse network, cold climate, and heterogeneity due to
topography. Percent bias indicates that TMERRA‐2 generally overestimates the TIMD monthly observations for
all the zones, that is, Northwest, North Central, NE, West Peninsula India, East Peninsula India, and South
Peninsula India by 4.1%, 2.4%, 1.6%, 0.5%, 0.2%, and 0.8%, respectively, except WH where an
underestimation (−82.5%) is determined. Thus, after calibration, MERRA‐2 Reanalysis maximum
temperature may be used for further study of extreme weather events.
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Preindustrial time had less emission of greenhouse gases (GHG), mainly CO2, into the atmosphere resulting in minor variation of temperature. Since the industrialization, there has been a noticeable increase in
the emission of GHGs in the atmosphere, raising the surface air temperature of the atmosphere. Therefore,
monitoring and analysis of surface air temperature on regional as well as global scale has gained special
importance. Houghton et al. (2001) reported that the surface air temperature on the global and regional
scales has increased signiﬁcantly in the former century and distinct warming of climate has taken place
in the past four decades. Global mean temperature has increased by about 0.4 °C/100 years over India during 1901–1982 (Hingane et al., 1985). Kothawale and Rupa Kumar (2005) studied that the mean maximum
and minimum temperature over India has increased by 0.2 °C/100 years during 1971–2003. Hu et al. (2010)
concluded that continuous increase in the concentration of GHG and changes in atmospheric circulation
and climate forcing may causes the average increase of regional warm nights for all studied reanalysis products. The Intergovernmental Panel on Climate Change (IPCC) recorded the continuous increase of global
mean surface air temperature by 0.6 °C in its third assessment report (IPCC, 2001) , by 0.74 ± 0.18 °C during the last century (1906–2005) in the fourth assessment report (IPCC, 2007), and by 1.5 °C at the end of
the 21st century with respect to 1850–1900 in the ﬁfth assessment report (IPCC, 2014).
The long‐term trend and variation of global surface air temperature has been reported in several scientiﬁc
studies. Surface temperature (ST) variation has been studied by Jones et al. (1982), Hansen et al. (1981),
which helped to understand the heat island analysis and also contribute in the prediction system of regional
level climatology as well as the trend analysis of the temperature variation at annual and seasonal scales. All
these studies have pointed to the warming of the Northern Hemisphere. Global land and ocean
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measurements of ST obtained through radiometers on satellites and ground‐based observatories have made
a contribution to climate research.
Satellite products are important tools for climate prediction and future climate change. Lai et al. (2012) compared the Moderate Resolution Imaging Spectroradiometer (MODIS) land ST with ground‐based observed
air temperature in complex topography. Liu et al. (2017) analyzed the MODIS land ST (Ts) with meteorological observed and ERA‐Interim Reanalysis product over South China and obtained the root‐mean‐square
difference value of 9.5–19.4 K between the MODIS Ts and the in situ Ts for all land types. According to
the authors, these uncertainties may arise due to different land classes, topography, soil moisture, and surface water. Also, satellites cannot accurately describe the temperature variation due to their coarse resolution and low temporal resolution. Ground‐based measurements are very good, but they are too limited in
spatial resolution. There is a need of collecting information by promoting the interdisciplinary and multisensor research by using a combination of satellite retrievals, numerical models, reanalysis products, and also
ground‐based in situ measurements. Models have good simulation ability for the global and regional scales
in measurement of precipitation and temperature.
The systematic overestimation or underestimation of climatic variables by any climate model is known
as bias and may rely on climatological and geographical factors and also on the choice of the climate
model (Hagemann et al., 2011; Maity et al., 2019; Mao et al., 2015; Maraun et al., 2017). Fan and
Van den Dool (2008)) in their study found the biases between reanalysis product against observed, that
is, the Global Historical Climatology Network version 2 + Climate Anomaly Monitoring System, which
vary according to season and with global domain. Various methods are used to calibrate the meteorological parameters. Bias correction is a statistical adjustment of the modeled or reanalysis products
toward the reference products. It can be done by following various procedures. One of the ways is to
develop a transfer function in order to match the cumulative distribution function (CDF) of observed
and modeled/reanalysis data sets from large‐scale variables (such as precipitation and temperature),
such as equidistant CDF matching method and CDF transform method (Guo et al., 2018). CDF transform method is used in many scientiﬁc studies to do bias correction of temperature and precipitation
of different regions of the world and has gained better results such as in Michelangeli et al. (2009),
Lavaysse et al. (2012), Flaounas et al. (2013), and Vigaud et al. (2013). Li et al. (2010) introduced the
equidistant CDF matching method on the basis of equidistant quantile mapping in doing bias correction
of temperature and precipitation in northern Europe. Hoffmann et al. (2016) in their study for climatological bias as well as interannual variance correction introduced bias and variance correction method,
which applies a simple algorithm especially in the tropics region. A vast number of variables such as
state and availability of water, solar angle, radiative properties of atmosphere, albedo, type and formation of clouds, and wind movement are associated with the surface air temperature in the lower atmosphere (Willmott, 1987).
Modern‐Era Retrospective analysis for Research and Application Version 2 (MERRA‐2) represents the modiﬁed version of MERRA and was recently released by NASA's Global modeling and Assimilation ofﬁce
(Gelaro et al., 2017). MERRA‐2 having an ongoing near‐real‐time climate analysis gained a signiﬁcant
improvement in compared to its predecessor, that is, MERRA. It included an update to the Goddard Earth
Observing System model and analysis scheme which helps in climate analysis. It also considered the future
Integrated Earth System analysis that includes aerosol data assimilation and improved representation of the
cryosphere and stratosphere including ozone. This ongoing development addresses several other improvements in MERRA‐2 version, that is, assimilation of satellite observations, reduction in certain biases, and
water cycle imbalances.
The MERRA‐2 data sets have been analyzed by several authors previously (Bosilovich et al., 2017; McCarty
et al., 2016). Hearty et al. (2018) compared the AIRS, MERRA, and MERRA‐2 near‐surface air and skin temperature with National Oceanic and Atmospheric Administration temperature at the Summit, Greenland.
The authors found the improvements of MERRA‐2 data over MERRA with a little sensitivity to
temperature inversions.
This is the ﬁrst time that an extensive validation of MERRA‐2 maximum temperature (TMERRA‐2) against the
Indian Meteorological Department (IMD) observed maximum temperature (TIMD) over India has been carried out in detail. The main objective of the study is to compare and analyze the long‐term (35 years)
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Figure 1. Map of India showing the seven selected regions on the basis of temperature homogeneity.

variations of average maximum temperature and to validate MERRA‐2 reanalysis product with ground‐
based IMD data sets over India by considering seven different zones.
The paper comprises ﬁve sections: Sections 1, 2, and 3 deal with detailed description of data extraction, methodology, and site description, whereas section 4 describes the results using different statistical methods. In
section 4.1 different descriptive statistics to quantify the uncertainties of MERRA‐2 with reference to
ground‐based observed data set as a standard are described. Section 4.2 of the study deals with the variation
of observed as well as reanalyzed products for 35 years. Seasonal variations of maximum temperature and
their respective biasness are depicted by spatial patterns in section 4.3, whereas intercomparison of average
maximum temperature of MERRA‐2 and IMD data for different months are shown in section 4.4. Further, a
Taylor diagram and correlation matrix are discussed in sections 4.5 and 4.6, respectively. Finally, section 5
concludes with main points drawn from the study.

2. Data Analysis and Methodology
2.1. IMD Observations
In this study, we have used the daily maximum temperature data sets at 1° × 1° grid resolutions (Rajeevan
et al., 2008) derived from IMD at 2 m height for the period 1981–2015. The observation has been then differentiated as seven different zones of India, that is, Western Himalaya (WH), Northwest (NW), North Central
(NC), Northeast (NE), West Peninsula India (WPI), East Peninsula India (EPI), and South Peninsula India
(SPI) as shown in Figure 1 for a detailed analysis and validation.
2.2. MERRA‐2 Reanalysis Data
Surface air temperature data sets at 2 m height for the period 1981–2015 are obtained from MERRA‐2 which
provides data at 0.5° × 0.625°grid resolution (Gelaro et al., 2017); it is further regridded to 1° × 1° resolution,
the same as for observed IMD data sets.
GUPTA ET AL.
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Seven Zones of India With Their Respective Coordinates
Coordinates
Regions
Western Himalaya (WH)
Northwest (NW)
North Central (NC)
Northeast (NE)
West Peninsula India (WPI)
East Peninsula India (EPI)
South Peninsula India (SPI)

Latitude

Longitude

32.84–35.46°N
24.5–27.5°N
22.25–27.32°N
25.75–27.77°N
16.70–21.07°N
16.70–21.07°N
10.69–16.55°N

74.27–78.88°E
70.8–75.2°E
77.69–83.74°E
92.12–94.9°E
73.20–77.81°E
77.90–82.24°E
75.93–79.74°E
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MERRA‐2 with a horizontal resolution of 0.5° latitude by 0.625° longitude
and 72 vertical layers begins in the year 1980. Because of the advancement
made in assimilation of modern hyper spectral radiance, GPS‐radio occultation and microwave observation data sets of MERRA‐2 enable us to
replace the original MERRA data set. Additional advancement in the
Goddard Earth Observing System atmospheric model (Molod et al.,
2015) and the Grid point Statistical Interpolation analysis scheme (Kleist
et al., 2009) are considered as the key components of the MERRA‐2 model.
During late 2004 it also began to use NASA's ozone proﬁle observations.
In addition to meteorological assimilation, MERRA‐2 is the ﬁrst long‐
term global reanalysis product which assimilates space‐based observations of aerosols in climate system and represents their interactions with
physical processes.

2.3. Methodology
The present paper discusses the validation of MERRA‐2 temperature product (TMERRA‐2) against IMD temperature (TIMD) observations for the period 1981–2015. The maximum temperature data sets are extracted
for MERRA‐2 and IMD for seven different zones of India. According to IMD seasons have been divided as
winter season (January to February), summer season (March to May), monsoon season (June to
September), and postmonsoon season (October to November) for the analysis over India. The details of
descriptive statistics used can be found in Appendix A.

3. Study Area
India is in the Northern Hemisphere lying at 8°4′–37°6′N and 68°7′–97°25′E. India accounts about the
2.4%(about 3.28 million Km2) of the world's total geographic area and ranked at seventh position among
the world countries. India has a diverse and complex type of geographical area. Thus, the effects of climate
change over India are also highly variable. In order to better examine the changes in temperature, India has
been divided into seven different zones on the basis of temperature as shown in Figure 1. These seven zones
(Figure 1) are the WH, NW, NC, NE, WPI, SPI, and EPI. The WH zone covers Jammu and Kashmir and a
part of Himachal Pradesh having low temperature throughout the year and high‐altitude mountains usually
covered with snow. The NW zone covers the state of Rajasthan. This region has mostly semiarid and dry climate. The NC part covers the states of Uttar Pradesh, Madhya Pradesh, some part of Chhattisgarh, and
Jharkhand. The NE zone covers Assam and some part of Arunachal Pradesh and Nagaland. The southern
part of the country known as Interior Peninsula has been divided into three parts: WPI covers the states
of Maharashtra, Goa, and part of Karnataka; SPI includes the states of Tamil Nadu, Kerala, part of
Andhra Pradesh, and Karnataka; and EPI covers the states of Telangana, Chhattisgarh, Orissa, and
Andhra Pradesh. The selection of site from each region is done by covering the maximum area of that region.

4. Results and Discussions
4.1. Statistical Analysis
Different statistical methods (listed in Table 2) are applied for monthly maximum temperature MERRA‐2
data sets over all seven zones, that is, WH, NW, NC, NE, WPI, EPI, and SPI.
Mean absolute error (MAE) is the simplest matrix used to quantify the average magnitude of the errors in a
set of predictions without considering sign. It is observed from Table 1 that the root‐mean‐square error
(RMSE) is always greater than or equal to the MAE. Generally, a high value of MAE and RMSE reﬂects a
bad predictive model or reanalysis product. In this study we ﬁnd low values of MAE and RMSE, that is,
1.02 and 1.25 for SPI, whereas high values of MAE and RMSE (17.9 and 18.2) are reported over WH, which
reveals a large difference between reanalysis and observational values. Furthermore, Willmott and Matsuura
(2006)) in their study have reported that RMSE is dependent on geographic area and time period; it often
increases when these variables increase because greater numbers of outliers are more likely in larger sampling domains. The percentage bias, index of agreement, correlation coefﬁcient, and coefﬁcient of determination matrices are also evaluated. Over NW (4.1%), NC (2.4%), NE (1.6%), WPI (0.5%), EPI (0.2%), and SPI
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Table 2
Statistical Measures of MERRA‐2 Against IMD Observation
Statistical terms

Mathematical expression

Mean absolute error (MAE)

1
n ∑jM−Oj

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
un
u
u∑ ðM−OÞ2
t1

Root‐mean‐square error (RMSE)

Range

WH

NW

NC

NE

WPI

EPI

SPI

0 to ∞

17.9

1.4

1.54

1.4

1.05

1.55

1.02

0 to ∞

18.2

1.6

1.75

1.8

1.27

1.76

1.25

−82.5

4.1

2.4

1.6

0.5

0.2

0.8

n
h
i

100× ∑ðM−OÞ ∑ðOÞ

Percent bias (PBIAS)
Index of agreement (d)

n

d ¼ 1−
Correlation coefﬁcient (r)

∑i¼1 ðOi −M i Þ2
 
2
n 
∑i¼1 M i −O þ Oi −O



n 
∑i¼1 Oi −O M i −M
q
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
2
n 
n 
∑i¼1 M i −M
∑i¼1 Oi −O

0 to ±∞
0≤d≤1

0.51

0.98

0.97

0.93

0.97

0.96

0.96

−1 ≤ r ≤ +1

0.96

0.99

0.96

0.9

0.96

0.95

0.94

(0.8%) positive values of percent bias (PBIAS) are obtained which indicates overestimation of reanalysis data,
whereas in the case of WH (−82.5%) the reanalysis product seems to be underestimated. A better degree of
agreement is found between reanalysis and observed data for NW (0.98), NC (0.97), WPI (0.97), EPI (0.96),
SPI (0.96), and NE (0.93) with poor agreement for WH (0.51). Correlation coefﬁcient is observed to be 0.96,
0.99, 0.96, 0.90, 0.96, 0.95, and 0.94 for WH, NW, NC, NE, WPI, EPI, and SPI, respectively.
Overall, statistics reveal good correlation. Table 2 shows a good correlation of 0.99 for NW zone. The best
RMSE value is close to 0, indicating a perfect ﬁt of the data. In this study the best RMSE is observed for
SPI (1.25), whereas the minimum bias (0.2) is captured for EPI. A closer look reveals that NW has the best
agreement (0.98), while WH has least (0.51).
4.2. Long‐Term Annual Variations
Figure 2 displays the long‐term (35 years) variation in annual maximum temperature of TIMD and TMERRA‐2
data sets. TIMD shows a mean and standard deviation of 21.72 ± 0.63(WH), 28.87 ± 0.59 (NE), 32.93 ±
0.58(NW), 32.03 ± 0.44(NC), 33.15 ± 0.36(EPI), 32.85 ± 0.33(WPI), and 32.14 ± 0.25(SPI). For TIMD the maximum value of standard deviation is observed for WH followed by NE with minimum value for SPI zone.
MERRA‐2 reveals a mean and standard deviation value of 3.89 ± 0.90, 34.28 ± 0.70, 32.81 ± 0.62, 29.38 ±
0.48, 32.99 ± 0.47, 33.21 ± 0.46, and 32.41 ± 0.44 for WH, NW, NC, NE, WPI, EPI, and SPI, respectively.
4.3. Spatial Distribution: MERRA‐2 Versus IMD
This section describes the spatial distribution of long‐term (35 years) average maximum temperature data
sets for four different seasons. From Figure 3a it is observed that during winter, due to high elevation,
WH belt experiences relatively cold temperature, which ranges from −10 to 5 °C as shown in MERRA‐2 data
(upper panel), while it ranges from 10–15 °C for IMD data (lower panel). The NE belt experiences average
maximum temperature that ranges from 5–25 °C as shown in Figure 3a. There is progressive shift of higher
(35 °C) to lower (−10 °C) temperature from the southern to northern part of India as during winter the intensity of the sun is much more pronounced over southern India. Further, from the bias estimation of MERRA‐
2 against IMD (TMERRA‐2‐‐TIMD) (right panel) it is revealed that MERRA‐2 is overestimated over most of the
zones by 1 to 4 °C except over WH and NE where an underestimation within a range of −6 to +1 °C
is observed.
India experiences summer season from March to May. Figure 3b shows that during summer season WH
experiences average maximum temperature between 0 and 15 °C (MERRA‐2 data) and between 20 and
25 °C (IMD data), which indicates underestimation of MERRA‐2 compared to IMD product in WH region.
The central and southern parts of India show average maximum temperature range between 35 and 40 °C.
MERRA‐2 reanalysis data in the central and southern parts of India show overestimation in the range of −1
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Figure 2. Variation of annual maximum temperature during 1981–2015.

to 3 °C, whereas the lower northern plain and regions around the Bay of Bengal depict bias in the range of 2
to 5 °C.
The month of June marks the onset of the monsoon in most of the region; it remains up to the month of
September. Figure 3c shows that during the monsoon, WH and NE experiences milder weather than elsewhere in India with average maximum temperature range of 5–30 °C for MERRA‐2 (upper panel) and
25–30 °C for IMD (lower panel). Toward NW, part of India's monsoon season has average maximum temperature between 35 and 40 °C; it experiences semiarid climate with minimal rainfall in Thar Desert region.
NC and the southern part of India show temperature in the range of 30–35 °C, whereas western coastal
region indicates temperature in the range of 25–30 °C; it may be due to the sea breeze effect. During monsoon season MERRA‐2 and IMD shows uncertainties in the range of −6°C to −3°C(WH) and −6 °C to 1
°C (NE), which indicates underestimation of MERRA‐2 maximum temperature datasets whereas in remaining places it undergoes overestimation.
GUPTA ET AL.
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Figure 3. Spatial plot presenting seasonal variation of maximum ST of MERRA‐2 and IMD data sets and their respective biasness for (a) winter season (b) premonsoon season, (c) monsoon season, and (d) postmonsoon season.

Postmonsoon season is characterized by retreating monsoon, that is, bringing of northeast monsoon with
cool, dry, and dense air masses over maximum parts of India. Figure 3d presents 35 years average maximum
temperature of MERRA‐2 reanalysis and IMD data sets. It is observed that during postmonsoon season the
average maximum temperature varies from −5 to 35 °C over different parts of India. Over WH MERRA‐2
recorded maximum temperature in the range of −5 to 10 °C. Northern Plain as well southern peninsula
depicts temperature range of 25 to 30 °C for both MERRA‐2 and IMD data sets. In NW region maximum
temperature reaches up to 30 to 35 °C. Furthermore, uncertainty studies show underestimation of
MERRA‐2 data in coastal, WH, NE, and some places of central and southern India. Bias within a range of
0 to 3, −2 to 2, and −3 to 1 °C is observed toward the northern, central, and southern regions of India.
4.4. Comparative Analysis: MERRA‐2 Versus IMD
Figure 4 shows a box‐whisker plot of the seven selected zones (WH, NW, NC, NE, WPI, SPI, and EPI).
Figure 4 illustrates the comparative analysis of IMD as well as the MERRA‐2 data. The boxes in each graph
show the range of values and the whiskers represent the standard deviation. The hollow circles placed up
GUPTA ET AL.
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Figure 4. Box plots showing comparative analysis of MERRA‐2 to observe for mean monthly temperature during 1986–
2015. (a) WH, (b) NC, (c) NW, (d) NE, (e) WPI, (f) EPI, and (g) SPI.

and down sides of the whiskers are the outliers. The outliers represent the extreme high and low. The box
plots correspond to 75th percentile (top line), median (middle line), and 25th percentile (lower line) of
temperature values measured by the IMD and MERRA‐2. The steepness in the box toward the median
value is called notch, and it represents the 95% conﬁdence interval of the median. Figures 4a (WH) and
4d. (NE) show similar pattern due to being close to the Himalayan region. WH and NE show a distinct
increase in temperature range from January to July and then further decrease from July to December.
However, in WH zone, IMD and MERRA‐2 values show large variation whereas, in case of NE, IMD and
MERRA‐2 values are not same but very close to each other. The difference in the temperature values in
case of WH may be due to error in measurement. On the other hand the NC and NW, that is, Figures 4b
and 4c, respectively, have similar pattern of temperature trend. Sharp increase in the temperature values
from January to June can be seen and further decrease to August, stable to October and further decrease
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Figure 5. Taylor plot presents statistical correlation for different seasons. (a) WH, (b) NC, (c) NW, (d) NE, (e) WPI, (f) EPI,
and (g) SPI.
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Figure 6. Correlation matrix plot showing correlation coefﬁcient between seven zones of India

to December. The Peninsular regions (i.e., WPI, SPI, and EPI) also show similar trends, with increase in
temperature (30 to 43 °C) from January to May and then gradual decrease of approximately 29 to 27 °C in
July. With the Sun being present in the summer solstice during the month of June, NC and NW have
higher temperature values in comparison to WPI, SPI, and EPI. More energy is trapped by the water
molecule due to hygroscopic growth resulting in increase in the temperature during monsoon season, that
is, from July to September. Over WPI and EPI the maximum temperature is observed during May due to
alignment of the Sun over this region, subsequently fall in temperature is observed from May to July. Sun
being in the winter solstice during the month of December, the sites have the lowest temperature values
as they are in the Northern Hemisphere.
4.5. Taylor Diagram for MERRA‐2 and IMD Observations
A graphical representation of the Taylor diagram helps to quantify the statistical correlation, standard deviation, and center root‐mean‐square difference of two different sets of data. In this section we show correlation
and standard deviation of MERRA‐2 with IMD observed data set during winter, summer, premonsoon, and
postmonsoon seasons. As shown in Figure 5a during winter, summer, and postmonsoon correlation of 0.69,
0.83, and 0.85 is observed over WH, while a lower correlation (<0.02) is found during monsoon seasons. Over
NW region good correlations of 0.96, 0.94, 0.79, and 0.92 are observed for all the seasons. From Figure 5c statistical correlation of MERRA‐2 with IMD observed reveal correlation of 0.9, 0.88, 0.89, and 0.8 during winter, summer, monsoon, and postmonsoon seasons, respectively. It is observed from Figure 5d that over NE a
correlation of 0.80 is found during winter, while a low correlation (<0.55) is observed during all the seasons.
During monsoon WPI, EPI, and SPI zones show a high correlation of 0.89, 0.9, and 0.8, respectively.
Overall, the Taylor plots show that MERRA‐2 has good performance during all seasons over NW, NC, WPI,
EPI, and SPI, while it does not perform well over hilly regions, that is, WH and NE especially during monsoon season. This could be due to heterogeneity in topography which is not reproduced well by reanalysis
data during monsoon season.
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4.6. Correlation Matrix for Different Zones of India
MERRA‐2 (reanalysis data) is intercorrelated and intracorrelated with IMD (observed data) for the seven different zones of India (WH, NW, NE, NC, WPI, EPI, and SPI) as shown in Figures 5 and 6. A symmetrical
square matrix shows the same variables in rows and columns; the diagonal line indicates the perfect correlation of each variable with itself. Correlation below the diagonal line is the mirror image of the above values.
High correlation between IMD and MERRA‐2 can be seen in case of northern India except NE which has the
lowest correlation, that is, 0.37, whereas moderate correlation can be seen in the peninsular region of India
which may be due to lesser distance from sea. NW zone shows the best correlation (i.e., 0.87), and NE shows
the minimum correlation (0.37). The MERRA‐2 reanalysis and IMD observed values are highly intracorrelated (NC_M and NW_M have 0.77, EPI_M and WPI_M have 0.8, WPI_O and EPI_O have 0.89, and
NC_O and NW_O have 0.84 correlation value). The intracorrelation between the adjacent areas shows the
authenticity of the instrument and the intercorrelation between the observed and reanalyzed values shows
the accuracy of the instrument in Figure 6. The symbol M refers to MERRA‐2 reanalysis data while the symbol O refers to the IMD observations in this section or elsewhere.

5. Conclusions
This paper provides the validation of maximum ST MERRA‐2 (TMERRA‐2) against IMD (TIMD) data sets.
Various statistical analyses have been used to validate MERRA‐2 data sets with respect to IMD observations for seven homogenous zones of India during 1981 to 2015. In case of monthly maximum temperature MERRA‐2 data is found to be highly correlated (>0.9) over all chosen zones of India. However,
MERRA‐2 was found to be less correlated with IMD observations especially over WH and NE in seasonal analysis especially during the monsoon season. Percentage bias indicates overestimation of MERRA‐
2 by 4.1%, 2.4%, 1.6%, 0.5%, 0.2%, and 0.8% over NW, NC, NE, WPI, EPI, and SPI, respectively, except
WH where underestimation by −82.5% is determined. The reason for such underestimation might be
the data scarcity problem of hilly regions due to disperse network, cold climate, and
topography heterogeneity.
Additionally, seasonal variation of average maximum temperature for MERRA‐2 and IMD data shows good
result for time period of 1981 to 2015. MERRA‐2 underestimated the temperature within a range of −6 to −3
°C toward hilly region and overestimated the temperature over other parts of India. It has been seen that for
all the zones MERRA‐2 temperature seems to be high as compared to IMD except WH and NE. Further, the
square matrix table depicts correlation between and among the seven different zones of India for both
MERRA‐2 and IMD data sets on annual basis. From the matrix plot it has been concluded that except NE,
all the regions toward northern part of India show good intracorrelation (>0.76); however, a low correlation
(<0.60) is observed over southern zones and vice versa.
Overall, MERRA‐2 maximum temperature data matches well with IMD observed data sets with an uncertainty of ±6 °C. Large difference of uncertainties is however observed over hilly regions especially for
WH, India.

Appendix A
Different statistical methods are used to validate and compare IMD and MERRA 2 maximum temperature
data sets
1. MAE: MAE is an important statistic used to measure average error. To obtain total error it sums the magnitude of the errors and then dividing it by total error by total number of observations, that is, n. It is
expressed as
MAE ¼

1 n
∑ jM−Oj
n 1

2. RMSE: RMSE is the most widely used error reported in the ﬁeld of climatology, regression analysis, and
forecasting. It determines how the data sets are concentrated around the line of best ﬁt, considered as one
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of the best methods to diminish the effect of extreme outliers by taking the difference betwee the model
and actual value. It ranges from 0 to ∞, and a value of 0 indicates a perfect ﬁt of the data.
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n

∑ ðM−OÞ2
1

RMSE ¼

n

3. PBIAS: Percentage bias is used to determine whether the model value is smaller or larger than the
observed ones. Positive values show overestimation of bias, whereas negative values indicate underestimation of model data.
PBIAS ¼ 100×½∑ðM−OÞ=∑ðOÞ
4. Index of agreement (d): Willmott (1984) deﬁned the index of agreement as the ratio of the mean square
error and the potential error (PE) multiplied by N (number of observations) and then subtracted from
1. It varies from 0 to 1; higher value 1 reveals high agreement of model with observed, whereas 0 indicates
no agreement. The index of agreement is calculated as follows:
n

d ¼ 1−

∑i¼1 ðOi −M i Þ2

 
2

n
∑i¼1 M i −O þ Oi −O

Where Oi refers to observation data and Mi shows the prediction or model data.
5. Correlation coefﬁcient (r): Coefﬁcient of correlation is used to measure degree of linear relationship
between two data series. It lies between −1 and +1; r value equal to +1 indicates perfect and positive correlation, whereas negative value of −1 shows negative and perfect correlation. If r is equal to 0 it means
there is no correlation between the variables; they are said to be independent.
Pearson correlation coefﬁcient is calculated as follows:


n 
∑i¼1 Oi −O M i −M
ﬃ
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
q
r ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
2
n 
n 
∑i¼1 Oi −O
∑i¼1 M i −M
where n is the total sets of model data or station‐observed data; O and M are the observed data and model
data, respectively; and M and Ō are the average values of model data and observed data, respectively.
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