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Abstract: The present endeavor aims to detect the mean change years of the average temperature data of 
global climate models (GCMs) over Indian region, pertaining to the period of . Functional data 
analysis (FDA) has proved the ability to detect temporal changes in the climate data which can statistically 
detect long term climate change effect. The mean change years are estimated using the basis function and 
principal components in CMIP5 models. The number of basis function and principal component for all-
India as well as gridded level of CMIP5 models are found to be in between 5 to 10 and 3 to 5, respectively. 
The significant mean change years have been detected in  models, whereas  models don't have such 
variations in average temperature in all-India scale. Moreover, It is found that  models experience mean 
change years in the decade  whereas  models and  models have mean change years in the 
decade  and  respectively out of  models. Based on spatial matching of 
frequency of mean change years of all models with observation, seven models are selected to be best which 
can be used in future projection for analyzing the changes. These models are named as CCSM4, MIROC-
ESM, IPSL-CM5A-MR, IPSL-CM5B-LR, FGOALS-g2, GISS-E2-H, and FIO-ESM. At the end, it is found that 
in 69% of the total grids, these selected models reproduce the same result with each other. 
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Introduction: The agricultural activities, biodiversity, frequency of extreme events have been negatively 
affected by the consistent warming of climate. The effect of warming has been seen to be prominent in 
India, whereas the trend of annual temperature showing significantly  per decade during 

 [Kothawale and Rupa Kumar, ]. The rising levels of minimum temperature has led to declines 
in the yield of winter crops, such as, wheat, rice and mustard [Lobell et al., ; Rao et al., ]. Rising 
temperature has also led to a substantial increase in the frequency of extreme hot events and a 
simultaneous decrease in the number cold events [De et al., ]. 
 
In general climate change defines as a change in statistical parameters of a certain pattern of weather over 
a long period of time. In the context of global warming, a mean change year can be defined as a 
temperature undergoes a statistical change in statistical parameter after a certain years and continues its 
state. Clearly, these events cannot be evaluated or detected by simple visualization of sequential data. So 
it requires robust statistical methods to estimate the behavior of climate variables. 
 
Different methods have been implemented to detect change points of global temperature. Out of total, 
Bayesian change point has been implemented on temperature data spanning over  and 
significant change years were detected during the period  over the India [Tripathi and 
Govindraju, ].  
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Functional data analysis is one of the recent technique, known to be very useful for the continuous data 
which is recorded at discrete point of time. It reduces noise efficiently through smoothing and has 
capability to estimate the derivative of functional form. It has been proved the robustness of the method 
to facilitate the detection of mean change points in temperature data [Berkes et al. ] and trend 
analysis of temperature data for several U.S. cities [King, ]. 
 
Due to the availability of CMIP5 model's hind-cast [Taylor et al. ], there had been a great interest in 
assessing the changes in temperature obtained from GCM models under global warming. In the recent 
past, the authors have shown their interest of using GCM models data for regional analysis. Also, a 
significant number of research have done using CMIP5 models data for different climate variables. Besides 
some uncertainties in the models, it was found that the CMIP5 models satisfactorily reproduce the 
dominant characteristics of climate change in the different regions. In particular, [Greg Kociuba et al. 

] have shown that the Walker circulation (WC) weakens in  out of  models, under 
representative concentration pathway (RCP ) during the twenty-first-century.  
 
The search for temporal change years of the temperature has been focused mainly on the observation data 
sets in different regions across the globe. But GCM models hind-cast data has not been subjected to 
change years detection. Therefore it is chosen in this endeavor. Moreover, the study focuses on spatial 
distribution of temporal mean change year to establish best model for future projection.   
 
Study area and Data: The spatial domain for the analysis is chosen to be latitude , 
longitude: , as to focus on the Indian region. It is noticed that the spatial domain is covered 
by the  square grids. Out of  square grids, the data is available for  grids which is to be 
considered for spatial analysis. The data, which is taken into account for the analysis is the time series of 
all-India area weighted of the total grids for the time period 1901-2005. The present study examines, the 
historical simulations  of  General Circulation Models (Hereafter, GCMs), well known as 
CMIP5 [Taylor et al. ]. A fair comparison with the observations provided a need to rescale the model 
outputs to the observed data. Thus, a bilinear interpolation technique has been implemented for the 
scaling of the model outputs. 

 
The  coupled GCMs are utilized for this particular exercise. The  coupled GCM models are listed [Jena 
et al. ] and the remaining 8 models are tabulated in the Table . It has been statistically 
quantified that four models, CCSM4, CESM1-CAM5, GFDL-CM3, and GFDL-ESM2G, which capture the 
spatial pattern in Indian summer monsoon rainfall at its best over the historical period  [Jena 
et al. ]. Besides, some models are also identified being capable to capture the seasonal behavior of 
IMSR. These models are MPI-ESM-LR, INM-CM4 and MRI-CGCM3 which captures the spatial patterns of 
the monsoon rainfall peak month (MRPM) of the winter monsoon at its best as compared to the 
observations. While, the models namely HadGEM2-AO, MIROC, MIROC-ESM and MIROC-ESM-CHEM 
captures the MRPM of the summer monsoon as well as average rainfall intensity [Jena et al. ] 
optimally. 
 

Table 1: Details of CMIP5 Models and Their Modeling Center 
 

S. N Model Modeling center 

1 IPSL-CM5A-LR Institute Pierre-Simon Laplace, France  

2 IPSL-CM5B-MR Institute Pierre-Simon Laplace, France  

3 GISS-E2-H NASA, Goddard Institute for Space Studies  

4 CMCC-CESM Centro Euro-Mediterraneo perI Cambiamenti Climatici, Bologna, Italy  

5 CMCC-CM Centro Euro-Mediterraneo perI Cambiamenti Climatici, Bologna, Italy  

6 CMCC-CMS Centro Euro-Mediterraneo perI Cambiamenti Climatici, Bologna, Italy  

7 FGOALS-G2 Institute of Atmospheric Physics, Chinese Academy of Sciences, 
Beijing,China 

8 CNRM-CM5 Centre National de Recherches Meteorologiques, Meteo-France, 
Toulouse, France. 
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Methodology: As a first step of FDA, the discrete monthly observations for each year  
are transformed to its functional representation. The purpose is processed using the commonly cubic    B-
splines. The functional representation of the discrete data is given by the equation 

    (1) 

where  is the observed temperature at time , i.e jth month of the ith year, k is the total number of 

cubic B-spilnes constituting the functional data for ith year. Thus, Y is a linear combination of k 
polynomials  with orders in the range of 0-4 and unknown coefficients  which 
are to be fitted to reduce the difference of observed and estimated values. 

 can assume any real value and need not necessarily be constant with respect to   
 
On the other hand, the coefficient values in each polynomial  depend upon the knot locations, 
which in turn depend upon the number of basis functions (K) being implemented. The selection of a 
suitable value of K is necessary to minimize the total error of fitting and was done through trails to 
minimize the penalized error given by, 

                                           (2) 

 
The double summation in Equation (2) gives the total of squared errors for all months. the mean 
functional data  was determined through Equation (3) as, 

 `         (3) 

 
This is subsequently used to calculate the yearly functional deviations, i.e.  and functional 
principal component analysis is thereafter implemented to express each of the calculated deviations as, 

                                                          (4) 

 
where  are the principal components derived to serve as basis functions and are constant values 

called scores representing the distribution of ith deviation in the direction of respective principal 
components;  is the maximum number of principal components that can be derived and is limited to 
the number of cubic B-splines selected for the generation of  However, in practice number of 
principal components is limited to a value ‘ ’ so that it explains 85% variability of the data [Berkes et al. 

]. Thus, Equation (5) is deduced from Equation (4) as, 

                                                            (5) 

 
The scores and eigen values computed for a year can be subsequently used to detect the significance of its 
temperature deviation using the test statistics mentioned in [Pankaj et al. ] 
 
Results and Discussion: For a monthly data set spanning over  years is organized like 

, where    represents number of temporal months and  indicates total number of time 
periods. First step towards the detection of the mean change years, the number of basis function is 
estimated for each of the GCM models for all-India. Fig 1. depicts the variation of sum of squared error 
mentioned in the equation (2) for the model CCSM4. It, clearly indicates that the magnitude of squared 
error (  goes on decreasing with increasing values of . It is evident the rate of decrease in  seems to be 
insignificant after the value of  in the Fig 1. So the optimal number of basis is chosen as 9 for the 
model CCSM4.  
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Figure 1: Selection of Number of Basis of the Model CCSM4 

 
Similarly, the number of basis functions (K) for all CMIP5 models are calculated and  It is observed that 
the  varies from  for all-India scale. 
 
The principal components which explains the  variability of the data is estimated for each of the 
model. The estimated value of ' ' lies in between  for all-India average temperature data for all 
CMIP5 models. The value of  and  is taken as the input for estimating the mean change years of all-
India average temperature for all CMIP5 models. Out of  models, the significant mean change years 
have been detected in  models whereas  models don't have such variations in average temperature. It 
is evident that  models (CCSM4, CSIRO, HadGEM2-AO, IPSL-CM5A-LR, NorESM1-M, NorESM1-ME) 
experience mean change years in the decade  out of  models. Similarly, at the end,   
models and  models have mean change years in the decade  and  respectively. 
These models are GISS-E2-R, IPSL-CM5A-MR, NorESM1-M, NorESM1-ME, GISS-E2-H, IPSL-CM5A-LR, 
CMCC-CESM, and CMCC-CM experience temperature variation the decade whereas, the 
models, BCC-CSM1.1, GISS-E2-R, IPSL-CM5A-LR, and CMCC-CESM experience temperature variation the 
decade . This results support with [Pankaj et al. ] in detecting the mean change years in 
the decade ,  and . These,  models reproduce the results for all-
India average temperature in the time domain . 
 
The FDA also implements on the gridded average temperature to locate the temperature variation in 
regional scale. In each grid, the number of basis functions and principal components are calculated to 
explain the variability of data. Then after, the mean change years are extracted and is also estimated the 
frequency of each grid experience such changes. For basis function, the range is found to be  
whereas for principal component, it is  for all models in gridded scale.  
 
In each grid, the value of  and  is used to detect temporal change points. Then frequency of the mean 
change years in each grid for all models is estimated over the time period . The frequency of 
mean change year in each grid of all models is compared with the corresponding result of observation. At 
the end of this process, the total number of grids are estimated which are producing the same result with 
observations for each of the models. Thereafter, 75th percentile value is estimated for all models. This 
threshold value is used to select the models out of , which perform best in comparing spatially with the 
observations. The analysis reveals that the model IPSL-CM5A-MR matches  with the observation 
which is highest in comparison with others followed by the FIO-ESM and CCSM4 (  matches). The 
spatial matching of the observations with seven models, namely, CCSM4, MIROC-ESM, FIO-ESM, IPSL-
CM5A-MR, IPSL-CM5B-LR, GISS-E2-H, and FGOALS-g2 are shown in Fig.2. The percentage of matching 
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of other models is  , , and % respectively. Hence, for this particular exercise above models 
seemed to be best in capturing the spatial pattern of mean change years. 
 

  

  

  

  
Figure 2: Frequency of Change Years in Average Temperatures (1901–2005) Over Grids 
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In order to reduce the inconsistency among the models, the result of selected models is reproduced by 
considering the agreement of individual models on each of the grid. On each of the grid, agreement of the 
models is noted and depicted in the Fig.3. It is revealed in the Fig.3 that the most of the selected model's, 
reproduce the same result as with observation in  grids out of  which is One of the main 
future scope of this endeavor is to analyze the change in the spatial distribution of frequency of mean 
change years mentioned in the Fig. 3 in future, using the model's projection data. 
 

 
Figure 3: The Spatial Matching with Observation of all  models. ( ) Over Grids 

 
Future Scope: The authors aim to extend the present work considering these seven CMIP5 models future 
projections.  
 
Conclusion: The detection of mean change points of the Indian temperature is crucial in estimating the 
trend which is very useful in designing proper adaptation and mitigation measures. The selected CMIP5 
models will be used for future projection in analyzing the possible changes in spatial pattern of mean 
change years. 
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