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Abstract: The change in future climate will have a prominent impact on crop production and
water requirement. Crop production is directly related to climatic variables. Temperature, solar
radiation, wind, precipitation, CO2 concentration and other climatic variables dictate crop yield. This
study, based on long-term historical data, investigates the patterns and changes in climatic variables
(precipitation, temperature, and solar radiation) that would most significantly affect the future crop
production in many parts of the world, and especially in India, where most farmers depend on
rainfall for rice production. Statistical analyses—box and whisker plot, mean absolute error, Taylor
diagram, double mass curve, Mann–Kendall trend test, and projected climate change—were used
to assess the significance of the climatic factors for the purpose of agricultural modeling. Large
variability in precipitation may cause the flash floods and affect the farming, and at the same time,
increase in temperature from baseline period will lead to high water requirement by crops, and may
cause drought if rainfall does not occur. Decrease in solar radiation will affect crop growth and
development, and thus, would hamper the crop production. The results of this study would be useful
in identifying the negative issues arising from climate change in future agricultural practices in Bihar,
India. Furthermore, the results can also help in developing management strategies to combat the
climate change impact on crop production.

Keywords: climate change; global climate models; climate change scenarios; statistical analysis;
crop production

1. Introduction

The occurrence of climate change is being recognized all across the world [1]. The
change in climate will potentially impact the global population by altering agricultural
production [2,3]. Since the weather is a decisive factor for agricultural production, change
in climate will affect the crop growth, yield, and water requirement. The future climate
projection for South Asia by the Intergovernmental Panel on Climate Change presents
that the average annual temperature will increase by 3–6 ◦C and 2–3 ◦C with worst case
scenario (RCP 8.5) and low emission scenario (RCP 2.6), respectively, by the end of the 21st
century [4], and the change in precipitation will depend upon the location of any study [5].

The process of assessing the impact of climate change on agriculture depends on the
climate data (precipitation, maximum and minimum temperature, and solar radiation),
apart from environmental, social and economic aspects [6]. The future conditions, called
future scenarios, are the central decision-making situations used by the policy and decision
makers to explore the change in the climate first, and then use those trends to develop
strategies for climatic resiliency. These scenarios are defined based on population growth,
economic development, social aspects and advancement in new technologies [7–9]. There-
fore, climate scenarios will continue to change during each generation and need to be
modified by policymakers and scientists at a certain interval. The Intergovernmental Panel
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on Climate Change (IPCC) 5th report [10] included advanced sets of climate scenarios
that have considered all the aspects mentioned above, which have been expressed as
the Representative Concentration Pathways (RCPs) and replaced all the scenarios from
previous reports.

With an ever-increasing global population, the demand for increasing food production
has increased substantially [11]. However, the patterns of change in climatic variables pose
challenges in not only increasing crop production level, but even maintaining the current
yield levels [12–14]. The problem intensifies for regions where majority of the people
depend on agriculture, and climate change has already disrupted current agricultural
production practices [15,16]. The degree of climate change in India varies from one region
to another and will, thereby, affect agricultural production [17]. Our study focused on
the State of Bihar in India, where the livelihoods of more than 80% of people rely on
agriculture. The future climate will govern crop production, and thereby, livelihood of
its people [12]. Recent frequent droughts, flooding, crop damage, and uncertainties in
precipitation amount and timing have posed significant challenges in sustainability of
the farming system in Bihar [18]. Bihar and its agricultural practices are unique. Farmers
are mostly marginal and have no control of changing their rice production practices [19].
The state is facing severe water and climate crises, and hence, this study was aimed at
investigating the climate change parameters specific for this study area, and recommending
if the production practices need to be shifted/changed in order for a sustainable farming
community. Our study will provide the rationale for employing the outcomes of this study
to analyze the impact on agricultural production for the state of Bihar and to develop
strategies for future production practices.

Therefore, in this study, we focused on how change in climate data can be assessed for
agricultural management policies. We used the baseline observed climate data of Agricul-
tural Model Intercomparison and Improvement Project (AgMIP) Modern-Era Retrospective
Analysis for Research and Applications (AgMERRA), suitable for agricultural studies,
with current climate change scenarios provided by IPCC 5th assessment report, and the
simulated climate data through General Circulation Models (GCMs) of Coupled Model
Intercomparison Project (CMIP5). Thus, the objectives of this study were set to (i) analyze
the variations in climate data simulated by various General Circulation Models (GCMs),
(ii) establish a relationship between observed and model-simulated data, and to observe
the future climate trend from all the four used GCMs and (iii) project a total climate change
from the ensemble mean of all the GCMs, in order to use with any crop production model,
and to make the crop production and water management strategies.

2. Material and Methods
2.1. Study Area Description and Agricultural Dataset for Crop Modeling

The study area, state of Bihar, is shown in Figure 1 with its elevation. The river Ganges
divides the state into two parts, flowing from west to east. The climate of Bihar is Humid
Sub-Tropical with an average annual rainfall of 1297 mm, mainly received in the monsoon
season (June to September).

2.2. Climatic Datasets and Correction Methodology

The climate data for this study were obtained from the website of Climate Change,
Agriculture and Food Security (CCAFS) (www.ccafs-climate.org/data/ (accessed on
31 May 2021)), developed by Consultative Group on International Agricultural Research
(CGIAR), under a research program addressing the climate change impact on agricultural
production. The AgMERRA, a high-resolution (0.25◦ × 0.25◦) daily time-series climate
dataset, has been used in CCAFS data portal to simulate future climate data through CMIP5
GCMs, for the purpose of agriculture modeling [20–23]. Therefore, the AgMIP Modern-Era
Retrospective Analysis for Research and Applications (AgMERRA) baseline (historical)
data from 1980–2004 (25 years) were used as an available observed data on this website
to generate the simulated baseline, and future climate data of 40 years (2020–2059). Four

www.ccafs-climate.org/data/
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Figure 1. Topography map of the study area, Bihar, located in India, showing elevation.

Based on recent recommendations of future climate change scenarios, Representative
Concentration Pathways (RCPs)—RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 by IPCC 5th
assessment report—we selected all four of them for our investigation in this study.

Before using the GCMs’ produced climate data for crop modeling, errors and biases need
to be corrected in order to avoid the ambiguity in climate change impact results [24]. The
methods of correcting these errors and biases from the climate data are called “bias correction
methods,” those are based on adjusting the long-term mean and variability of GCM simulated
outputs using observed data as the benchmark for the correction [20]. There are several bias
correction methods; however, in this study, we used the quantile mapping method to correct
the GCMs’ output data, to remove the biases and systematic errors through minimizing the
differences between observed and predicted variables, based on the established relationships
between cumulative density functions. The flow chart of obtaining climate data is illustrated
in Figure 2. This has been described in detail by Jha et al. [12].
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Figure 2. Flowchart for obtaining and processing of the climate data.

2.3. Ensemble Mean Method

In order to study the overall approximate change in climate, the ensemble mean of
climate data of four selected GCMs was estimated. This method led us to compute the
average of all four climate models’ projection with all the four climate change scenarios.
This ensemble mean of climate data was used for assessing the variation in climate with
box and whisker plot, and to estimate the projected climate change with all the four climate
change scenarios.

2.4. Statistical Analysis of Climate Data
2.4.1. Box and Whisker Diagram (Variation in Historical Simulated Data)

To investigate the distribution of historical simulated data from 1980–2004, box and
whisker plots for all the climatic factors were developed. The plots were developed on a
monthly basis from the ensemble mean of all the four models. The visualization of the box
and whisker plot provided information about the central tendency (median), variability
range, skewness and extremity of the data [25]. The extreme values at both ends of the
scale, called outliers, indicated the extension from a larger range of the data. The purpose
of using the box and whisker plot was to show the variability in the data, free from the
assumptions of the normal distribution.

2.4.2. Mean Absolute Error (Evaluation of Models’ Performance)

Mean absolute error, a useful statistical measure, was used to evaluate model’s perfor-
mance. We used both, MAE and RMSE, to study the models’ performance for simulation
of climate data. RMSE was shown in the plot of the Taylor diagram, while the MAE was
computed independently. Distribution of weight to all errors are equal in MAE, while
RMSE gives more weight to errors with large absolute values compared to errors with
smaller absolute values [26]. It was calculated from Equation (1).

MAE =
1
n

n

∑
I=1

∣∣Xi − Xi
∣∣ (1)

where n = number of errors,
∣∣Xi − Xi

∣∣ = absolute error.
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2.4.3. Taylor Diagram (Association between Observed and Simulated Climate Data)

The Taylor diagram established a statistical relationship between observed and GCMs’
simulated data to show their performance for simulating the climatic variables [27]. The
graphical illustration of the association between observed and simulated data was assessed
in terms of their correlation, centered root-mean-square error and the standard deviation.
An abbreviated name was assigned to each model, after computing the statistics for all the
four GCMs. The position of each abbreviated name on the plot quantifies how closely the
models’ simulated data for each variable match with the observation data. In a quadrant,
the values represented on the dashed arc show the correlation. The climate models lie
on or between the straight line coming from corresponding arc values demonstrate the
correlation between observed and simulated data. The radial distance from the origin
presents the standard deviation between observed and simulated data, and distance from
the observed point on the x-axis illustrates the centered root-mean-square error (CRMSE).

The statistics that provide the degree of correspondence between simulated and
observed data in the Taylor diagram were calculated using the formula below:

The correlation coefficient, R (Equation (2)), between observed and simulated climate
data was estimated from Equation (2).

R =
1
N
(
Sn − S

)(
On − O

)
σs − σo

(2)

The centered root mean square error (CRMSE) between observed and simulated
climate data was computed using Equation (3).

CRMSE =

√√√√ 1
N

N

∑
n=1

[(
Sn − S

)
−
(
On − O

)]2 (3)

The standard deviations of the simulated (σs) and observed (σo) climate data were
estimated from Equations (4) and (5).

σs =

√√√√ 1
N

N

∑
n=1

(
Sn − S

)2 (4)

σo =

√√√√ 1
N

N

∑
n=1

(
On −O

)2 (5)

where Sn and On are simulated and observed values at nth days; N is the total number of
days; S and O are the average values of the total period.

2.4.4. Mann–Kendall Trend Test (Establishing a Trend in Future Climate Data)

The Mann–Kendall trend test [28,29], a non-parametric rank-based procedure, as
a most appropriate test, was used to determine the positive or negative trends in the
climatic variables [30]. This method is also suitable for finding the trend with non-normally
distributed time series data, which contain outliers and nonlinear trends [31]. A confidence
limit of 95% was used as a monotonic trend test for this study. The null hypothesis (Ho)
for the assessment assumed that there was no trend in the climatic variables for the future
period (2020–2059). Thus, the null hypothesis was rejected if p < 0.05. The alternate
hypothesis (H1) assumed a significant positive or negative trend in climate data. The steps
followed to compute trend in the climate are as follows:

The Mann–Kendall statistic, S, of the data series, x, was calculated using Equation (6).

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
xj − xi

)
(6)
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where sgn is the signum function, and n is the total number of data. The standard deviation
associated with S was calculated from Equation (7).

SD [S] =

√√√√ 1
18

[n(n− 1)(2n + 5)−
k

∑
j=1

tj
(
tj − 1

)(
2tj + 5

)
(7)

where k represents the number of tied groups in the data set, and tj is the number of data
points in group j. However, in this case, n (40 years) was greater than 10, and thus, SD [S]
was calculated using the given Equation (8).

SD [S] =

√
1

18
[n(n− 1)(2n + 5) (8)

The presence of statistically significant trend was evaluated using the Z value obtained
from Equation (9).

Z =

0

S−1
SD[S] if S > 0

if S = 0
S+1

SD[S] if S < 0
(9)

A positive value of Z indicated an increasing trend in the data series, while a negative Z
represents a decreasing trend. Then, the Theil-Sen’s slope approach [32], a non-parametric
procedure, was applied to quantify the trend in data series. The slope Q between any two
values of a data series x was estimated using Equation (10).

Q =
xj − xk

j− k
, j 6= k (10)

where xj and xk represent the data values at time j and k (j > k), respectively. The
Sen’s slope for the complete dataset would be the median of all the N values of Q;
where N = n(n−1)

2 , n is the number of years. Therefore, the overall Sen’s slope is com-
puted from Qf (Equation (11)).

Qf = f(x) =

 Q(N+1
2 ) if N is odd

Q N
2
+Q

( N+2
2 )

2 if N is even
(11)

At the end, the final slope is estimated by a two-tailed test at 100% (1-α) confidence interval.

2.4.5. Double Mass Curve (Consistency Between Observed and Simulated Climate Data)

The double mass curve was used to check the consistency between observed and
predicted results of precipitation and solar radiation data for all the four global climate
models. This method consisted of the plot between two cumulative quantities for the same
period. The slope of the straight line in this plot represents the proportionality between
the two quantities. Plotting of 1:1 line provides the insight of biases between the observed
and predicted data and captures the period where inconsistency can be observed. The
correction of the data was performed by adjustment of the slope, if it was needed. The
division of the average of cumulative quantity on Y-axis by X-axis provided the slope to
correct the inconsistency in data.

The relationship between both the quantities on X and Y axes is represented by Y = bX,
where b is the slope of the double mass curve. If an inconsistency was observed from a
change in the slope of the straight line, correction was made by dividing the predicted
precipitation or multiplying the observed precipitation by the slope. Slope to adjust
the straight line is computed by the division of cumulative average of predicted and
observed rainfall.
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2.4.6. Projected Climate Change

The projected future climate change was computed to describe the expected change
in the climatic variables during a specific time-period with climate change scenarios from
the baseline period (1980–2004). In this study, the projected change in future climate for
10 years of the interval from 2020–2059 was calculated for the climate change scenarios,
RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, for each of the GCMs. Further, the ensemble
mean of all the four climate models were used to illustrate overall projected change. The
projected climate change for each of the scenarios was estimated on a monthly basis for the
10 years of the interval using Equation (12). The average of monthly estimation for 10 years
of the future segment was subtracted from the average of the baseline period (1980–2004),
provided the expected future change in a particular climatic variable.

Future change for every 10 years of interval
= (Average of climate projection for 10 years of interval

−
Average of baseline period)

(12)

3. Results
3.1. Variability in Historical Data

Figure 3 illustrates the monthly climate variability for the baseline period (1980–2004)
of 25 years, obtained from the ensemble mean of all the four GCMs, in which the monthly
variation in precipitation datasets for the baseline period is shown in Figure 3a. In winter
season (November–March), maximum precipitation varies between 19.54 mm/month and
44.08 mm/month. The median of precipitation in winter season lies between 7.83 mm/month
and 14.03 mm/month, and the interquartile range (IQR) changes between 4.77 mm/month and
9.78 mm/month. The maximum precipitation in monsoon season (June–September) reaches
around 500 mm/month, and the median of precipitation changes between 50 mm/month and
266 mm/month.

Figure 3b demonstrates the median, dispersion, skewness, and extremes in maximum
temperature for each month during the historical period. IQR for the winter season varies
from 0.45 ◦C/month to 0.85 ◦C/month, and the median of the maximum temperature
lies between 24.27 ◦C/month and 27.37 ◦C/month. Further, IQR in the monsoon season
observes a variation from 0.54 ◦C/month to 1.90 ◦C/month, with the median of maximum
temperature changing from 32.46 ◦C/month to 36.25 ◦C/month. The extremes of max-
ima and minima were observed to be 38 ◦C/month and 34 ◦C/month, respectively, in
the monsoon season. In addition to that, Figure 3c presents the variability in minimum
temperature obtained from the ensemble mean of all the four models for the historical
period. Winter season observes the change in the median of minimum temperature be-
tween 9.95 ◦C/month and 12.03 ◦C/month, and the change in IQR for this period was
observed from 0.52 ◦C/month to 0.79 ◦C/month. Median of minimum temperature in pre-
monsoon season increases from 16.80 ◦C/month to 21.57 ◦C/month, and IQR changes from
0.80 ◦C/month to 0.95 ◦C/month. The highest and lowest in minimum temperature were
observed to be 27 ◦C/month and 24.50 ◦C/month, respectively, in the monsoon season.
The difference in the median of minimum temperature between each month in monsoon
season is very minimum, while IQR lies between 0.31 ◦C/month and 0.44 ◦C/month.

Furthermore, the variability in solar radiation can be seen from Figure 3d. Maximum
and minimum solar radiation in monsoon season was observed to be 21.26 MJ/m2/month
and 14 MJ/m2/month, respectively, and IQR varies between 0.76 MJ/m2/month and
1.47 MJ/m2/month. Median of solar radiation in winter season changes between 16 MJ/m2/
month and 21 MJ/m2/month, with the change in IQR from 1–1.94 MJ/m2/month. The min-
imal extreme of solar radiation was observed to be 13 MJ/m2/month2 in the winter season.
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3.2. Evaluation of Models’ Performance

Figure 4 shows the mean absolute error between observed and simulated historical
data for climatic factors (precipitation, temperature, and solar radiation) with all the GCMs.
The maximum and minimum error were computed to be 4.47 mm/day and 4.42 mm/day
with miroc_miroc5 and bcc_csm1_1, respectively. The maximum error with daily solar
radiation data was found to be 4.17 MJ/m2/day with miroc_miroc5, and minimum error
was estimated to be 4.07 MJ/m2/day with csiro_mk3_6_0. For maximum temperature, the
largest error of 2.43 ◦C/day was calculated with bcc_csm1_1, while the smallest error of
2.39 ◦C/day was estimated with csiro_mk3_6_0. The highest mean absolute error for a
minimum temperature of 1.92 ◦C/day was observed with ipsl_cm5a_mr, and the smallest
error of 1.82 ◦C/day was shown by bcc_csm1_1.

3.3. Association between Observed and Simulated Climate Data

Figure 5a displays the statistical relationships between observed and simulated pre-
cipitation for the baseline period (1980–2004) with all the four selected climate models
(bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5). The correlation between
simulated and observed precipitation for all the four models lie between 0.38 to 0.43. The
model, csiro_mk3_6_0, shows a maximum correlation between observed and simulated
precipitation of 0.43, and miroc_miroc5 exhibits the lowest correlation of 0.38. The high-
est root-mean-square error of 10 mm/day was observed with ipsl_cm5a_mr, while the
smallest error of 9.62 mm/day was observed with csiro_mk3_6_0. The standard deviation
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of precipitation simulated by bcc_csm1_1 was found to be 8.76 mm/day, similar to the
standard deviation of the observed dataset.
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The correlation between observed and simulated maximum temperature was ob-
tained in the range of 0.75 to 0.79 for all the four GCMs (Figure 5b). Among all the four
models, csiro_mk3_6_0 shows the maximum correlation of 0.79. Further, the root-mean-
square error value of 3.76 ◦C/day was found to be largest for bcc_csm1_1, and the lowest
value of 3.52 ◦C/day was observed with csiro_mk3_6_0. The standard deviation for the
miroc_miroc5 was computed to be 5.32 ◦C/day, relatively higher compared to the variation
of 5.04 ◦C/day with observed maximum temperature.

Moreover, Figure 5c illustrates that ipsl_cm5a_mr has the highest correlation of 0.96
and has lowest RMS error among all the four models, whereas bcc_csm1_1 has the lowest
correlation of 0.91 with observed minimum temperature and has the largest RMS error of
2.89 ◦C/day.

Nevertheless, with solar radiation (Figure 5d), miroc_miroc5 shows the relatively
large correlation value of 0.51 MJ/m2/day, while bcc_csm1_1 has a relatively low corre-
lation value of 0.45. The RMS error for miroc_miroc 5 was found to be 5.52 MJ/m2/day,
lowest amongst all the four GCMs, while bcc_csm1_1 showed the highest RMS error
of 5.86 MJ/m2/day. The amplitude of the variations (i.e., the standard deviation) for
ipsl_cm5a_mr is comparatively better than all the other three models.

3.4. Establishing Climatic Variables Trend for All the GCMs

Tables 1–4 present the results of the Mann–Kendall trend test for all climatic variables.
Table 1 shows the precipitation trend from all the four models from 2020 to 2059. With
the low greenhouse gases emission scenario, RCP 2.6, both the models, bcc_csm1_1 and
ipsl_cm5a_mr, showed a significant trend in precipitation change during 2020–2059, since
p-value was found to be less than 0.05. The climate model, bcc_csm1_1, showed a pos-
itive trend of 3.721 mm/year, while ipsl_cm5a_mr demonstrated the negative trend of
1.872 mm/year during 2020–2059. No significant trends were observed with the other two
models, csiro_mk3_6_0 and miroc_miroc5, because p-values with both of these models
were found to be 0.412 and 0.316, respectively. The total annual precipitation for inter-
mediate climate change scenario, RCP 4.5, shows decreasing trends of 1.743 mm/year
and 1.559 mm/year with the models, ipsl_cm5a_mr, and miroc_miroc5, respectively. In
contrast, bcc_csm1 and csiro_mk3_6_0 did not exhibit a significant trend for precipitation
change with RCP 4.5. With RCP 6.0, the climate models, bcc_csm1_1 and csiro_mk3_6_0,
showed the positive and negative trend of 6.227 mm/year and 1.067 mm/year, respectively.
The other models did not demonstrate a significant trend in precipitation change from
2020 to 2059. Furthermore, the trend test for RCP 8.5 showed an increase in precipitation
of 9.810 mm/year with the model, bcc_csm1_1, reflecting the dominance in precipitation
change amongst all the models. All the other three GCMs with this scenario did not present
any significant trend in precipitation change.

Table 2 demonstrates an increasing trend of 0.026 ◦C/year for maximum temperature
with miroc_miroc5 under RCP 2.6. The other climate models did not produce significant
trend for change in maximum temperature for RCP 2.6. With intermediate scenario, RCP 4.5,
an increasing trend of 0.041 ◦C/year, 0.020 ◦C/year, and 0.017 ◦C/year were observed with
csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, respectively. The model, bcc_csm1_1,
were not showing a significant trend for the change in maximum temperature. All the
four models, bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, illustrated
the significant trend of 0.013 ◦C/year, 0.046 ◦C/year, 0.022 ◦C/year and 0.019 ◦C/year,
respectively, with climate change scenario, RCP 6.0. The worst case scenario shows the
increase of 0.027 ◦C/year, 0.043 ◦C/year, and 0.031 ◦C/year in maximum temperature with
bcc_csm1, ipsl_cm5a_mr, and miroc_miroc5, respectively.
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Table 1. Mann–Kendall trend test for precipitation (2020–2059) with all the four climate change scenarios.

GCMs bcc_csm1_1 csiro_mk3_6_0 ipsl_cm5a_mr miroc_miroc5

Climate
Change

Scenarios
Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance

RCP 2.6 3.721 0.048 Yes –1.038 0.412 No –1.872 0.042 Yes –0.983 0.316 No

RCP 4.5 7.623 0.326 No –0.925 0.215 No –1.743 0.043 Yes –1.559 0.041 Yes

RCP 6.0 6.227 0.031 Yes –1.067 0.046 Yes 0.841 0.215 No –3.192 0.323 No

RCP 8.5 9.810 0.005 Yes 1.723 0.265 No 3.483 0.118 No –0.824 0.275 No

Note: Sen’s slope (mm/year).

Table 2. Mann–Kendall trend test for maximum annual temperature (2020–2059) with all the four climate change scenarios.

GCMs bcc_csm1_1 csiro_mk3_6_0 ipsl_cm5a_mr miroc_miroc5

Climate
Change

Scenarios
Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance

RCP 2.6 0.009 0.206 No 0.013 0.211 No –0.035 0.101 No –0.014 0.022 Yes

RCP 4.5 0.008 0.214 No 0.041 0.025 Yes –0.019 0.251 No 0.005 0.372 No

RCP 6.0 0.013 0.029 Yes 0.046 0.024 Yes –0.006 0.196 No 0.004 0.214 No

RCP 8.5 0.027 0.001 Yes 0.052 0.142 No –0.013 0.048 Yes –0.014 0.022 Yes

Note: Sen’s slope (◦C/year).
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Table 3. Mann–Kendall trend test for minimum annual temperature (2020–2059) with all the four climate change scenarios.

GCMs bcc_csm1_1 csiro_mk3_6_0 ipsl_cm5a_mr miroc_miroc5

Climate
Change

Scenarios
Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance

RCP 2.6 0.007 0.214 No 0.025 0.009 Yes 0.019 0.001 Yes 0.015 0.270 No

RCP 4.5 0.024 0.002 Yes 0.048 0.001 Yes 0.026 0.000 Yes 0.034 0.001 Yes

RCP 6.0 0.021 0.014 Yes 0.035 0.012 Yes 0.023 0.003 Yes 0.025 0.000 Yes

RCP 8.5 0.032 0.000 Yes 0.059 0.001 Yes 0.077 0.001 Yes 0.041 0.002 Yes

Note: Sen’s slope (◦C /year).

Table 4. Mann–Kendall trend test for solar radiation (2020–2059) with all the four climate change scenarios.

GCMs bcc_csm1_1 csiro_mk3_6_0 ipsl_cm5a_mr miroc_miroc5

Climate
Change

Scenarios
Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance Sen’s Slope p-Value Significance

RCP 2.6 –0.009 0.032 Yes 0.016 0.211 No –0.035 0.101 No –0.014 0.022 Yes

RCP 4.5 –0.011 0.020 Yes 0.014 0.025 Yes –0.019 0.251 No 0.005 0.372 No

RCP 6.0 –0.019 0.003 Yes 0.000 0.024 Yes –0.006 0.196 No 0.004 0.214 No

RCP 8.5 –0.025 0.002 Yes 0.000 0.142 No –0.013 0.048 Yes –0.014 0.022 Yes

Note: Sen’s slope (MJ/m2/year).
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The trend in minimum temperature during 2020–2059 is shown in Table 3. For RCP 2.6,
csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5 showed a positive trend of 0.025, 0.019,
0.015, respectively. The p-value with bcc_csm1_1 was found to be higher than 0.05. Thus, it
did not exhibit a significant trend in minimum temperature during 2020–2059. The trend
for annual minimum temperature demonstrates the increasing trend with all the models for
other scenarios, RCP 4.5, RCP 6.0, and RCP 8.5. The increase in minimum temperature is
expected to increase by 0.024 ◦C/year, 0.048 ◦C/year, 0.026 ◦C/year, and 0.034 ◦C/year with
bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, respectively, for RCP 4.5.
Increasing trends of 0.021 ◦C/year, 0.035 ◦C/year, 0.023 ◦C/year, and 0.025 ◦C/year were
observed with the models, bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5,
respectively, for RCP 6.0, showed a somewhat similar trend as RCP 4.5. The rate of increase
in annual minimum temperature for worst case scenario, RCP 8.5, is higher compared to
intermediate scenarios, RCP 4.5 and RCP 6.0. The increase in minimum temperature for
RCP 8.5 was computed to be 0.032 ◦C/year, 0.059 ◦C/year, 0.077 ◦C/year, and 0.041 ◦C/year
with the GCMs, bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, respectively.

Table 4 illustrates the trend test of solar radiation for all the four models. The mod-
els, bcc_csm1_1 and miroc_miroc5, showed a negative trend of 0.009 MJ/m2/year and
0.014 MJ/m2/year, respectively, with low emission scenario, RCP 2.6. The p-values with
the other two models, csiro_mk3_6_0 and ipsl_cm5a_mr, were found to be 0.211 and 0.101,
respectively, and reveal no significant trend in solar radiation. With RCP 4.5, intermedi-
ate scenario, bcc_csm1_1 was showing the decreasing trend of 0.011 MJ/m2/year, while
csiro_mk3_6_0 showed the increasing trend of 0.014 MJ/m2/year. The other two models,
ipsl_cm5a_mr and miroc_miroc5, did not express a significant trend in solar radiation
from 2020 to 2059. The decreasing trends of 0.019 MJ/m2/year and 0.006 MJ/m2/year
were observed with bcc_csm1_1 and csiro_mk3_6_0, respectively, for RCP 6.0. Trend
in solar radiation for RCP 8.5 decreases by 0.025MJ/m2/year, 0.013 MJ/m2/year, and
0.014 MJ/m2/year from 2020–2059, with the models, bcc_csm1_1, ipsl_cm5a_mr, and
miroc_miroc5, respectively.

3.5. Consistency between Observed and Simulated Climate Data

Figure 6 illustrates the relationship between predicted and observed precipitation and
solar radiation with the model, bcc_csm1_1. Figure 6a,b describe a consistency between
predicted and observed precipitation and solar radiation, respectively.

Figure 7 demonstrates the relationship between observed and predicted precipitation
by the model, csiro_mk3_6_0. Figure 7a shows the biases in precipitation plot due to the
change in slope between predicted and observed data. This inconsistency was removed by
dividing the cumulative daily predicted with the slope of 1.13. Thus, Figure 7b was plotted
after the correction of predicted precipitation. However, Figure 7c represented no change
in proportionality between observed and predicted solar radiation.

Figure 8a,b illustrate the consistency between observed and predicted precipita-
tion and solar radiation data for the model, ipsl_cm5a_mr. During the baseline period
(1980–2004), the proportionality between observed and predicted data for both the vari-
ables, precipitation, and solar radiation, was found unchanged. Therefore, it represents no
break in the slope between both the variables.

Figure 9a,b show the relationship between observed and predicted precipitation and
solar radiation data for the model, miroc_miroc5. This model also demonstrates consistency
between observed and predicted data for both the variables. Both the double mass curve
plots represent the proportionality between observed and predicted data because the slope
between them is not changing.
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3.6. Projected Climate Change during 2020–2059
3.6.1. Precipitation

The projected change in rainfall during 2020–2059, from the baseline period (1980–2004)
with four climate change scenarios, RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, are shown in
Figure 10. Figure 10a (RCP 2.6) illustrates a significant increase in rainfall during monsoon
season for all 10 years of the interval from 2020 to 2059. However, there was no defined
increase or decrease in precipitation for each decade interval. Moreover, 2050–2059 showed
an overall increase in precipitation in the monsoon season, The change in precipitation
from the baseline period (1980–2004) for RCP 4.5 (Figure 10b) shows a maximum increase
in rainfall that occurred between the months of May and September. The highest change in
rainfall of 77.02 mm was observed in the month of September for the period of 2020–2029.
Winter season exhibited no significant increase or decrease in the rainfall.
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In addition to the abovementioned, RCP 6.0 (Figure 10c) presents the maximum
increase in precipitation of 65 mm and 57 mm in the months of August (during 2040–2049)
and September (during 2050–2059), respectively. In contrast to RCP 2.6 and RCP 4.5, an
increase in rainfall by 21 mm from baseline was observed in the months of October and
November, during 2050–2059. The change in precipitation for the scenario RCP 8.5, also
showed the similar variability in precipitation change, which increases in the monsoon
season (June–September) for all the 10 years of interval (Figure 6d).

3.6.2. Maximum Temperature

The projected change in maximum temperature from baseline period (1980– 2004) for
the low greenhouse gases emission scenario, RCP. 2.6, shows that temperature is expected
to increase very high up to 3 ◦C during 2050–2059 in the month of June. A constant increase
in maximum temperature can be envisaged from Figure 11b. The maximum temperature
will increase up to 1.14 ◦C/month and 1.94 ◦C/month during the winter of 2020 and 2059,
respectively, with RCP 4.5. Similar to RCP 2.6, this scenario has also revealed less increase
in maximum temperature during monsoon season. The highest increase of 0.94 ◦C was
observed in the month of August during 2050–2059.
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Figure 9. Double mass curve plots for the precipitation and solar radiation data by the model,
miroc_miroc5, for the baseline period (1980–2004).

The scenario RCP 6.0 observed less increase in maximum temperature during winter
season compared to RCP 4.5 (Figure 11c). During the winter of 2020–2029 and 2050–2059,
the highest increase in maximum temperature was predicted to be 1 ◦C/month and
1.79 ◦C/month, respectively. Monsoon season during the years of 2020–2029 and 2050–2059
will expect the change of 0.29–0.46 ◦C/month and 0.79–0.88 ◦C/month, respectively. In
addition, the worst case scenario, RCP 8.5, is expected to increase the maximum tempera-
ture during the winter of 2020–2029 and 2050–2059 by 1.58 ◦C/month and 2.38 ◦C/month,
respectively. Similar to other scenarios, May and June will be hottest months all the years
from 2020–2059. The maximum temperature will rise up to 3.20 ◦C and 3.38 ◦C in the
months of May and June, respectively, during 2050–2059. Figure 11d also exhibits that the
monsoon season will have a very high increase in maximum temperature with RCP 8.5
compared to other scenarios. The highest change from the baseline period (1980–2004) will
reach up to 1.17 ◦C/month during 2050–2059.
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3.6.3. Minimum Temperature

A continuous increase in minimum temperature for most of the months was observed
with every 10 years of the interval during 2020–2059. The highest increase of 0.89 ◦C/month
and 1.55 ◦C/month were predicted for winter season during 2020–2029 and 2050–2059,
respectively, with RCP 2.6 (Figure 12a). Monsoon season (June–September) will expect
a minimum change of 0.39 ◦C in the month of September during 2020–2029, while the
maximum change of 1.36 ◦C is expected to occur in the month of June during 2050–2059.
Moreover, Figure 12b shows projection change in minimum temperature with the interme-
diate scenario, RCP 4.5. The highest increase in minimum temperature of 2.20 ◦C during
the winter season was observed in the month of November from 2050 to 2059. Further, the
month of June in monsoon season is expected to observe the largest increase of 0.98 ◦C and
1.87 ◦C during 2020–2029 and 2050–2059, respectively. Under the scenario, RCP 6.0, the
month of November will again expect the highest increase in minimum temperature of
1.03 ◦C and 1.72 ◦C during 2020–2029 and 2050–2059, respectively. All months in monsoon
season, except June (1.07 ◦C), will experience a relatively smaller variation in minimum
temperature between (0.46–0.52) ◦C/month, during 2020–2029. However, the projection
change in minimum temperature will increase up to 2.15 ◦C and 1.23 ◦C in the month
of June and September, respectively, during 200–2059. In addition to that, the pattern of
change in minimum temperature with the worst case scenario, RCP 8.5 (Figure 12d), is
similar to other scenarios. The month of November will experience the highest rise in
minimum temperature of 1.31 ◦C and 2.45 ◦C during 2020–2029 and 2050–2059, respectively.
The smallest change of 0.79 ◦C can be seen from Figure 12d in the month of December
for 2020–2029. In the monsoon season, the month of July will expect very little change of
0.49 ◦C, while June will observe the maximum rise of 1.67 ◦C, during 2020–2029. Further,
the highest increase in minimum temperature of 2.34 ◦C can be seen from Figure 12d in the
month of June during 2050–2059.
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3.6.4. Solar Radiation

Figure 13a shows the change in solar radiation with RCP 2.6. The maximum decrease
in the shortwave radiation of 1.15 MJ/m2 in the month of May was observed from 2050
to 2059. Further, the intermediate scenario, RCP 4.5, will cause the largest decrease of
0.35 MJ/m2 during 2050–2059 for two months in the winter season, November and Decem-
ber (Figure 13b). No significant change of increase or decrease can be seen in the monsoon
season from 2020 to 2059. Figure 13c shows the change in solar radiation with RCP 6.0, and
provides a better significant trend from 2020 to 2059, compared to the other two previous
scenarios. This scenario has shown less decrease in radiation in the winter season compared
to RCP 4.5. In the monsoon season, June has shown the minimal increase of 0.04 MJ/m2

and 0.12 MJ/m2 during 2020–2029 and 2030–2039, respectively, and a maximum decrease
of 1.19 MJ/m2 during 2050–2059.
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The worst case scenario, RCP 8.5, shows a large change in solar radiation with each
decade from 2020 to 2059. This scenario also establishes the fact that the worst case
scenario will hamper the incoming solar radiation very critically. In the winter season,
the maximum decrease will take the place of 0.60 MJ/m2/month and 0.96 MJ/m2/month
during 2020–2029 and 2050–2059, respectively. The month of June, in monsoon season,
will experience the highest decrease of 2.82 MJ/m2. An average decrease for all months in
monsoon season can be seen around 1.30 MJ/m2/month and 1.49 MJ/m2/month during
2020–2029 and 2050–2059, respectively.

4. Discussion

The results obtained in this study suggest variability in climatic factors will affect
the agricultural production and water requirements for those productions [12,18]. Vari-
ability in rainfall may cause flooding conditions, as currently, this situation also exists in
major agricultural states in India, while change in temperature will lead to affect the crop
production by altering the phenological days [33,34].
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The analysis of mean absolute errors showed that the magnitude of errors for maxi-
mum and minimum temperature were lower than precipitation and solar radiation. Further,
the magnitude of mean absolute error for minimum temperature was smaller than the
error in maximum temperature. The three models exhibit the marginally smaller standard
deviation for simulated precipitation compared to the observed standard deviation. The
minimum errors and high correlation between observed and predicted climate data reveals
large confidence on the climate data for the use of agricultural modeling purpose and effec-
tively applying for agricultural management policies [35,36]. The trend for precipitation is
unpredictable, which may cause an increase or decrease in water requirements as well as
affecting farming practices [37,38]. However, a significant increasing trend for temperature
indicates large water demand for crop production, caused due to high evapotranspira-
tion [39,40]. Further, decreasing trend of solar radiation reduces the assimilation of dry
matter in plants, by affecting metabolic growth [12,41,42].

It can be inferred from the projected climate that rainfall may fluctuate from a very
high to a very low level. This is a significant result—this variability in the precipitation
due to the uncertainty in monsoon rainfall causes floods and droughts in the state of
Bihar [43]. The range of increase in maximum temperature during monsoon season was
very low compared to other seasons (Figure 11a). Since frequent rainfall and appearance
of cloudy skies commence in the month of July, the temperature starts decreasing from
this month [44,45]. Due to the late arrival of monsoon in June, the change in Tmax was
found to be at peak during this month [46,47]. A non-uniform shift for each decade in
shortwave radiation is caused by increase in greenhouse gases concentration which holds
the radiation in the atmosphere from reaching the earth’s surface [45–47]. Therefore, in
summary, the three major understandings of our study are:

1. The results show predominant climate change patterns affecting rice production in
the state of Bihar, and if nothing changes, the farming practices will be unsustainable.

2. The study also provided information on how and which production practices may
be changed/shifted to accommodate the climate change patterns in order to maximize the
rice production and effectively utilize climatic variables.

3. The results would be used to educate the farmers to change their production
practices. It can also help to introduce new policy and justification for incentives to the
farmers for adopting the change.

5. Conclusions

This study was carried out to project the variability in future climate change, to estab-
lish the relationship between historical observed and model-simulated data, to determine
the future climate trends from all the four selected GCMs, and to project a total climate
change from ensemble mean of all the GCMs. The analysis of variability in precipitation
and temperature explains the reason of flood or drought appearing at the intermittent
interval, during monsoon season. Due to the cloudiness during monsoon season and vari-
ability in precipitation, the correlation for precipitation and solar radiation was observed
low, and the deviation between observed and simulated data for these two factors was
also found considerably higher compared to the maximum and minimum temperature.
Trend analysis and projection change of climatic factors revealed how the crop production
and water requirement will become affected in future. A significant increasing trend for
maximum and minimum temperature will lead the agricultural practices to require more
water, and both of these factors including decrease in solar radiation will cause reduction
in phenological days. The results of this study have potential for policy change for the rice
production practices in Bihar, India. This study shows that climate variability (temperature,
precipitation, etc.) is predominant and the rice production practices are unsustainable if no
change in practices or policy are adopted. Based on temperature and precipitation, the crop
growth period may be slightly changed (advanced) in order to capture and utilize most of
the natural precipitation. The local authorities may help in making people understand the
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need for these changes and their implications, and perhaps incentivize farmers who adopt
these practices for taking the risk of yield uncertainty.
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