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Abstract 

Rising global temperatures have resulted in increased concerns about global 

warming and its economic and environmental implications. This study 

examines the long-term time series behaviour of two important temperature 

components namely, annual mean maximum temperature and minimum 

temperature and estimates their forecasted values for the next ten years for 

India. Time series analysis helps in understanding temperature dynamics 

which is critical for climate change management and measuring its effect 

on the Indian economy. Global developments have demanded the urgency 

of such analysis as the years 2023 and 2024 have been officially confirmed 

as the warmest years since the global temperature data records began in 

1850. The global linear trends indicate that the annual maximum 

temperature has risen by 1.29°C over the last century and the minimum by 

1.5oC over the same time horizon. Similar pattern is witnessed in India as 

well. Between 1901 and 2024, the annual mean maximum temperature 

showed an increasing trend of 0.70°C per 100 years, while the mean 

minimum temperatures rose by over 0.27 °C per 100 years. The study 

employs Box-Jenkins methodology to build Autoregressive Integrated 

Moving Average (ARIMA) model to forecast and estimate the annual 

maximum and minimum temperature for India. It provides reliable 

temperature forecasts and projections for the coming decade. This 

information is vital for policy makers who are able to take evidence-based 

climate policy decisions that can be effectively adapted and implemented.  
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1. Introduction 
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Sustained temperature increases and its variation is the leading cause of climate change 

at the global level. The global average temperature has increased by almost 0.86°C 

(0.65–1.06 °C) from 1901 to 2024 (NOOA, 2025). According to several Assessment 

Reports of the Intergovernmental Panel on Climate Change, the rate of increase of 

annual global temperature over the last 50 years is almost double that over the last 100 

years (0.14°C vs 0.07°C per decade) (IPCC 2007, 2014). Year 2024 was 0.1°C warmer 

than 2016, which is the warmest year on record and 1.43°C warmer than the pre-

industrial period from 1850-1950. India’s average annual mean temperature has 

increased by around 0.7°C during the period 1901–2022. Average annual mean 

maximum and minimum temperatures increased by 0.72 and 0.27°C during 1901–2020 

respectively. This trend has got accelerated and annual mean maximum and annual 

mean minimum temperatures have risen by 0.15 °C and 0.13 °C per decade over the 

period from 1980–2020. The top five warmest years recorded are 2009 (+0.71 °C 

anomaly), 2016 (+0.55 °C), 2017 (+0.54 °C), 2021 (+0.53 °C) and 2023(+63 °C). Since 

2010, 10 of the 15 warmest years have been recorded within the last 15 years (2010–

2024). This translates into an overall trend of increase of 0.63 °C per 100 years with 

annual maximum temperatures 0.99 °C per 100 years increasing more rapidly than 

minimum temperatures 0.26 °C per 100 years (Khaiwal et al, 2024). Last five years 

from 2020-2024 have experienced the highest five-year average global temperature. In 

India, the average of the mean annual temperature was 25.30 from 1901 to 2024. In the 

last ten years, the yearly temperature was above the average in nine years. On the 

regional basis, the parts of southern and western India show an increasing rising trend 

of 1.06 and 0.36°C per 100 years respectively, while region of north Indian show a 

falling trend of –0.38°C per 100 years (Nanditha et al, 2020). The annual mean 

temperature has increased by 0.94°C for the post-monsoon season and by 1.1°C for the 

winter season. Annual mean temperature, mean maximum temperature and mean 

minimum temperature have risen at the rate of 0.42, 0.92 and 0.09°C per 100 years 

respectively (Arora et al, 2005). The trend in India followed the global trend where the 

annual mean temperature has increased by 0.204°C per decade which was more than 

annual mean maximum temperature of 0.141°C per decade during the last 100 years 

(Vose et al, 2005). The trend has accelerated in the recent years with temperatures 

reaching record level with the average anomaly in 2015-2024 being higher by +0.44 °C 

above the 1951–2010 average. 

Since 1990, annual mean minimum temperature is increasing more rapidly and 

its rate of increase is comparatively more than that of mean maximum temperature 

(IMD, 2024). The Intergovernmental Panel on Climate Change (IPCC, 2014) released 

a special report on global warming of 1.5°C above the mean level. It reignites emphasis 

on the ways to reduce the global emissions and the appropriate response to climate 

change within the overall context of sustainable development and sustained efforts to 

combat poverty. There is an urgent need to take urgent action and the world must act 

decisively to transition to a low carbon economy to stay below 1.5°C target.  

Rise in temperature is causing erratic rainfall patterns increasing the risk of 

extreme weather across the globe which is impacting agricultural production and fresh 

water availability. Higher temperatures are the leading cause of rise in variability in 

production and productivity of rice and wheat crops across the world (Stern, 2007). 
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Climate change and the associated uncertainty have added layers of new dimensions 

for long-term investment decisions and quantifying these multiple challenges of climate 

change has gained vital importance in becoming a critical input for risk assessment and 

informed policy decision making at the regional level (Hallegatte, 2009). Getting 

accurate and timely future forecast values for the temperature is now an essential feature 

and of vital importance for effective planning, adaptation and mitigation policies. The 

earliest collaboration at the global level produced General Circulation Models (GCMs) 

which allowed for the global forecast to be downscaled and then applied to the regional 

level. But its success was limited and did not reproduce accurate result in several case 

studies. These global models have in-built model-related uncertainties, unstable low 

scale down techniques and reduced spatial resolution capability which limits its ability 

to analyse actual status of clouds and temperature. This when combined with uncertain 

climatic conditions and increasing greenhouse gases makes them an unreliable tool for 

regional and local analyses. Getting climate estimates at local levels involves many 

sequential steps and at each step, many assumptions and approximations are made 

which increases the uncertainties which are inherent in projections of dynamic changes 

in climate and their impacts (Trzaska and Schnarr, 2014; Ahmad, 2011).  

Accurate yearly temperature forecasts are crucial inputs for governments to plan 

and strategize timely actions in order to minimize climate change losses. Time-series 

properties of global temperatures trends reveal a steady, consistent and non-stationary 

and nonlinear deterministic trends, based on various stochastic and probabilistic model 

in line with the underlying science of climate science.  Non-stationary stochastic 

processes in time series data have been modelled using trend stationery and difference 

stationary process (Estrada et al, 2013). Some other efforts including the claim by Gay 

et al., 2009, that “surface temperature can be better described as a trend stationary 

process with a one-time permanent shock” and that complex models between 

temperature and radiative forcing have not been able to estimate statistically significant 

results. 

ARIMA models have gained vast acceptance and prominence for accurate 

forecasting from different and varied type of time series data mainly due its inherent 

simple requirement of its own data. Many ARIMA papers have involved variables such 

as household electric consumption (Chujai et al, 2013; Contreras et al, 2003), sugar 

prices (Suresh and Priya, 2011), stock market prices (Almasarweh and Sadam, 2018) 

to get accurate future forecast values.  

 

2. Literature Survey 

ARIMA has been increasingly being used by researchers to forecast and analyze the 

long-term trend of the climatic variables like temperature and annual rainfall. This is 

mainly possible due to availability of accurate data for more than 100 years which 

makes the extrapolation based on past data robust and statistically significant. Here 

some studies at the global and Indian level are discussed to show the applicability of 

using ARIMA for the present study. 

Chaudhuri and Dutta, 2014, have estimated the impact of climatic parameters on the 

city of Kolkata. The authors have analysed and identified the trends in the 

concentrations of atmospheric pollutants like sulphur dioxide (SO2), nitrogen dioxide 
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(NO2) etc. and climatic parameters like the surface temperature and relative humidity. 

They used the result to develop models for precise forecast of the concentration of the 

pollutants and the meteorological parameters over the city of Kolkata. They used the 

time series approach (ARIMA) and concluded that that ARIMA (0, 2, 2) is the best fit 

model for forecasting the daily concentration of pollutants as well as the climatic 

parameters over Kolkata.  

In a study of climatic variables in Bangladesh by Sultana and and Hasan, 2015, 

the authors have utilized data on the monthly maximum and minimum temperature data 

(1949-2012) for the city of Chittagong. They used seasonal ARIMA model SARIMA 

(1, 1, 1) (2, 0, 0) [12] for maximum temperature and for minimum temperature 

SARIMA (1, 1, 1) (1, 0, 1) [12] since they used monthly data for the two variables. 

They came to the conclusion that forecasted temperature for the city is in line with the 

global trend of increasing temperature. The variation is even more pronounced for 

minimum temperature but shows less marked change for maximum temperature. Thus, 

they conclude that fitted forecasted model can be used to generate the forecast value of 

temperature in others areas of Bangladesh.   

Climatic variability and its impact on the rice production is the focus of a study 

in Sri Lanka by Partheepan and Jayakumar, 2006. The study has used a forecasting 

approach which included factors causing climatic variability in the rice production in 

Batticaloa district. They took rainfall time series data to estimate the annual climatic 

trend and variability. They found that incorporation of long-term 100 years rainfall and 

temperature data in the ARIMA model was instrumental in explaining and forecasting 

climatic trends for overall planning for agriculture planning and management. They 

fitted a bivariate ARIMA (1, 1, 0) and (0, 1, 1) to analyse the rainfall time-series data. 

The results further estimated that rainfall has becomes more variable due to climate 

change and better forecast of drought and flood years could be done with the help of a 

drought index. They were able to show how annual rainfall behaves on a 10 year 

cyclical pattern and maximum mean annual temperature will increase by nearly l degree 

centigrade after next seven years. In another important study by Tularam and Mahbub, 

2010, the authors examined the relationships between rainfall, minimum temperature 

and maximum temperature using time series techniques. They also examined the 

existence of a cyclic nature in the three variables and trend relationship between rainfall 

and temperature. They used 50 years data of rainfall and temperature data using 

ARIMA methodology to analyze climatic trends and interactions. Their analyses 

showed that rainfall and temperature varied with each other and the cyclical nature 

could be detected using ARIMA models which broadened the understanding of the 

complexity of the climate change.  

In a study by Ye Liming et al., 2013, the authors have used time series modeling 

framework to analyze existing records of surface temperature to study the variation 

patterns and the cyclic oscillations of temperature at the global level. They also showed 

the relative superiority of the time series models like ARIMA over other available 

modelling techniques. They made short-term prediction of the monthly global surface 

temperature using the seasonally adjusted SARIMA (3, 1, 1) x (0, 1, 1) process. They 

estimated that the global temperature would increase at a rate of 0.12 degree centigrade 
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per decade, which is almost double the rate of 0.52 degree centigrade for the past 100 

years.  

In a study by Babu et al., 2015, the authors have demonstrated the use of 

ARIMA and ANIFIS (Adaptive Network Based Fuzzy Inference System) model to 

determine the climatic prediction using four climatic variables- Relative Humidity, 

Ambient Air Temperature, Barometric Pressure and Wind Direction. They concluded 

that in ARIMA model the output of average of testing errors weather forecasting 

predictions is 0.858 and in ANFIS model average of testing errors is 10.356. This shows 

the superior predicting quality of ARIMA as compared to more sophisticated and 

mathematical models used for climatic forecasting.  

Mishra and Desai, 2005, have used ARIMA to forecast drought conditions as 

its early detection can help to adopt mitigation strategies and corrective measures in 

advance. They applied ARIMA and multiplicative Seasonal Autoregressive Integrated 

Moving Average (SARIMA) models to forecast droughts in the Kansabati river basin 

in the Purulia district of West Bengal. They estimated results using the ARIMA model 

and showed that drought could be predicted with reasonable accuracy 1–2 months 

ahead of the growing season. The predicted value decreases with increase in lead-time.  

Babu and Reddy, 2014, combined linear and nonlinear models for arriving at a 

more robust prediction as compared to a standalone linear and nonlinear model for more 

accurate forecasting derived from time series data. They used a new hybrid ARIMA 

and ANN model for the prediction of time series data of sunspot, electricity price and 

stock market. The results obtained through this hybrid ARIMA-ANN gave better and 

accurate result furthering the advances in the time series forecasting.  

 

3. Description of the two climatic variables  

 

Source: created by authors 

 

Fig. 1: Annual Mean Minimum Temperature (degree Celsius) in India (1901-

2024) 
 

3.1 Annual Mean Minimum Temperature (1901-2024) 

The trend for the annual minimum mean temperature is also unambiguously in the 

upward direction. The data in the fig.1 shows that the minimum temperature is showing 
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a clear increasing trend in line with the global average trend in the last 100 years. The 

long-term average value of minimum temperature for the last 100 years is 19.33 degree 

Celsius.  

 The data in the Table 1 reveals the increasing trend of the annual mean minimum 

temperature in India in the past 100 years. The average value for the same period is 

19.33 Degree Celsius. But in the latter period, the average value for the period 1980-

2024 increased to 19.80 Degree Celsius. The increase in mean minimum temperature 

in the period 1981-2012 is 1.5% as compared to the period 1950-1980. This increase is 

similar to the increase in the mean annual temperature for the two periods. The absolute 

and incremental change is positive which is having a negative impact on the agricultural 

sector whose growth rate has slowed down appreciably in the last 20 years.  

 

Table 1: Descriptive statistics of Annual Mean Minimum Temperature  

(Degree Celsius) in India 

Time period 
Annual Mean Minimum 

Temperature 

Standard 

deviation 

1901-2024 19.46 0.2925 

1950-2024 19.56 0.3172 

1950-1980 19.22 0.2888 

1981-2024 19.80 0.2810 

Time Period % age change 

1901-2024 and 

1981-2024 
+0.2% 

1950-1980 and 

1981-2024 
+1.5% 

    Source: Statistics Related to Climate Change – India 2015 

 

Fig 2: Anomaly of Annual Mean Minimum Temperature (1900-2024) 

 

  
     Source: created by authors 

In the fig.2, the anomaly for the Annual Mean Minimum Temperature (1900-2024) 

shows a sharp upward trend specially after 1980’s. This is particularly relevant when 
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trend got accelerated after the year 2000 and has remained in the positive space with 
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increasing pace, especially in the last 20–30 years. This implies significant warming of 

the annual mean temperature in the recent years along with increasing variability.  

3.2 Annual Mean Maximum Temperature (1901-2024) 
The trend for the annual mean maximum temperature also shows an upward trend. The 

data in the fig.3 shows that the maximum temperature is similarly showing a clear 

increasing trend in line with the global average trend in the last 100 years. The long-

term average value of maximum temperature for the last 124 years is 29.29 degree 

Celsius. 

 

Fig. 3: Annual Mean Maximum Temperature (degree Celsius) in India (1901-

2024) 

Source: created by authors 

In table 2, the data from the year 1901 shows a clear and consistent increasing trend in 

annual mean maximum temperatures. The annual mean maximum temperature 

increased from 28.96°C in 1901 to 31.25 in 2024, an increase of 2.29°C.  

 

Table 2: Descriptive statistics of Annual Mean Maximum Temperature 

 (Degree Celsius) in India 

Time period 
Annual Mean Maximum 

Temperature 

Standard 

deviation 

1901-2024 29.29 0.4277 

1950-2024 29.62 0.3436 

1950-1980 29.14 0.2067 

1981-2024 29.95 0.2580 

Time Period % age change 

1901-2021 and 1981-

2024 
1.3 

1950-1980 and 1981-

2024 
1.2 

Source: created by authors 

The period from 1981-1924 shows an average temperature of 29.95 degree Celsius 

which is almost 0.6 degree Celsius more than of the period 1901-2024. The percentage 

increase of 1.2–1.3% is highly significant since positive changes in average temperature 

is having substantial environmental impacts. This has happened with increasing 

temperature variability as witnessed in the late 20th century and in the last 30 years. 
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Fig 4: Anomaly of Annual Mean Maximum Temperature (1900-2024) 

Source: created by authors 

In fig.4, the data shows that temperature anomalies have shown a clear rising trend after 

the middle of 20th century. Up to the 1950’s, the anomalies were in negative range but 

since have remained in the positive territory sharply rising after the year 2000. The 

worrying trend after 2000 reveals a sharp increase, with anomalies scaling new heights 

indicating significantly higher temperatures as compared to the earlier baseline period. 

The variability also indicates a clear long-term upward trend.  

 

4. Source and Description of Data 

The most comprehensive source of climatic and other environmental date in India is 

available on the website of India Meteorological Department (IMD), Pune, with data 

available on www.data.gov.in. and www.mausam.imd.gov.in. The data for minimum 

and maximum mean annual temperatures from 1901-2024 were obtained from these 

websites.  

 

5. Methodology of the paper 

The purpose of this paper is to conduct a statistical analysis of time series data of two 

climatic variables, namely, annual mean maximum temperature and annual mean 

minimum temperature from the period 1901 to 2024 using ARIMA analysis. Climate 

change is not a homogenous factor and differs with latitude and longitudes spatially. 

Climatic variables like maximum and minimum annual average temperature and annual 

monsoon rainfall have shown a linear upward trend in the last 100 years. The other 

climatic factors like El Nino, Sea Surface Temperature, and Low-Pressure Areas etc. 

have also shown a non-linear irregular trend in the last 50 years. It has thus become 

important to analyze these variables in Time Series set up to obtain a link between the 

past and future predicted values. In this approach the past year variable and the lagged 

variable are the explanatory variables. The simplest models which link past and present 

values are the autoregressive (AR) models, moving average (MA) models, 

autoregressive moving average (ARMA) models and autoregressive integrated moving 

average (ARIMA) models. AR and MA models are combined to produce a special class 

of time series models known as ARMA models. The climatic variables have to be made 

stationary before they can be used in the autoregressive models.  ARIMA models are 

expressed in order (p, d, q), where p is the order of the AR part, d is the degree of first 
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differencing involved and q is the order of the moving average. To quantify the impacts, 

we need to show clear link between econometric models with empirical climate 

variables. The study looks at the performance of 123 years of (1901-2024) temperature 

data and estimate their future forecast using ARIMA method. Past trends of rainfall and 

temperature exert a strong influence on the pattern of present and future climate change. 

Informed policy decisions to tackle climate change must rely on both estimates of the 

physical quantitative estimates and uncertainties of the climate change response to 

increasing anthropogenic activities and its economic impacts 

 

5.1 ARIMA Methodology 

The ARIMA method and its application to the time series analysis essentially consists 

of three main steps: testing for stationarity of the data, lag order selection, and model 

selection (Jenkins et al 2015). First, the order of differencing is determined using the 

Augmented Dicky Fueller (ADF) and Philips-Perron stationary tests. The building 

block of ARIMA is to verify the stationarity of the given series since ARIMA model 

estimation works only for the stationary series. Non-stationary is removed by 

differencing the series once or twice. Let 𝑋 be the given original series which is non-

stationary, then the first difference is given by 𝑋𝑡 − 𝑋𝑡−1. Second, the lag order is chosen 

using the criterion of AIC and BIC values. Lowest value of the Akaike Information 

Criteria (AIC) and Bayesian Information Criteria (BIC) obtained is usually selected for 

further analysis of the given variables. Thirdly, in this paper we have used the LjungeBox 

Q-statistical tests to choose the best available ARIMA model. ARIMA model results 

are held significant only after the mandatory diagnostic required to check the adequacy 

of the model. This test estimates the independence and significance of the residuals 

generated in the ARIMA process and behave as white noise process using chi square  

ꭓ2 statistics. This implies that series of the two annual temperatures are random and 

independent.  The LjungeBox Q-statistics is given by 𝑄 = (𝑛 + 2)(𝑛) ∑ 𝑝𝑘
2𝑘

𝑘=1 /(n-k), 

where where 𝑛 = 𝑁 − 1 (sample size) and d (degree of differencing) which in this 

paper is equal to 1, k is the maximum number of lags and 𝑝𝑘
2  is the sample Auto 

Correlation Function ACF at lag k. LjungeBox Q-statistical test is tested under the null 

hypothesis that all residuals are independently distributed or has no auto-correlation as 

against the alternate hypothesis that  residuals are serially correlated. The value of Q is 

then compared to critical ꭓ2 with k-degree of freedom. If Q < ꭓ1−𝛼,𝑘
2  with k degrees 

of freedom and α is the selected level of significance, we fail to reject the null 

hypothesis and state that residuals are independently distributed. If Q > ꭓ1−𝛼,𝑘
2 , then 

the null hypothesis is rejected and state that residuals generated are not independently 

distributed. Lastly, the best selected ARIMA model is used for forecasting values of 

temperatures for ten years ahead.  

 

6. Material and Methods: Empirical Analysis  

6.1 Trend analysis of climatic variables using Autoregressive Integrated Moving 

Average  

 (ARIMA) analysis 

In econometrics, forecasting helps in providing estimates of the variable in interest 

based on the past time series data. The estimation of the future/expected value of a 
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dependent/endogenous variable on the basis of past and current data and information is 

extremely usefull concept. Generally, the linear regression techniques are used to 

forecast the dependent variable with the help of independent variables and then 

calculate the predicted values. ARIMA method is a linear forecasting technique that 

ignores independent variables in making forecasts and uses current and past values of 

the dependent variable to estimate short term forecasts of that variable. An example 

includes forecasts of stock market price predictions based on past patterns of movement 

of only the stock prices and ignores all other independent variables which could impact 

the dependent variable. ARIMA is used when little is known about the dependent 

variable being forecasted and the independent variables cannot be independently 

forecasted. The ARIMA approach combines two different processes into one equation: 

an autoregressive process (AR) which expresses a dependent variable as a function of 

past values of the dependent variable and a moving average process (MA) which 

expresses a dependent variable as a function of past values of the error term (Gujarati 

and Sangeetha, 2007). In an autoregressive process a dependent variable Yt is a function 

of past values of the dependent variable as given below: 

 

𝑌𝑡 = 𝑓(𝑌𝑡−1, 𝑌𝑡−2, … 𝑌𝑡−𝑝) or  𝑌𝑡 = 𝑏𝑜 + 𝑏1𝑌𝑡−1 + 𝑏2𝑌𝑡−2 … + 𝑏𝑝𝑌𝑡−𝑝 + 𝜇𝑡 

  

where 𝑌𝑡 is the variable being forecasted and as there are p different lagged values of Y 

in this equation, it is referred to as a "pth order" or AR(p) autoregressive process (p is 

the number of past values used). Here 𝜇𝑡 is the white noise error term. The value of p 

is determined empirically by Akaike information criterion (AIC) (Akaike, 1974) used 

commonly in time series analysis. A moving-average process expresses a dependent 

variable 𝑌𝑡 as a function of past values of the error term, as given below: 

 

𝑌𝑡 = 𝑓(𝑒𝑡−1,𝑒𝑡−2, … 𝑒𝑡−𝑞,) or  

𝑌𝑡 = 𝐶0 + 𝐶1𝑒𝑡 + 𝐶2𝑒𝑡−1 … + 𝐶𝑞𝑒𝑡−𝑞  

 

where 𝑒𝑡 is the error term associated with  𝑌𝑡 and q is the number of past values of the error 

term used. This function is a moving average of past error terms that can be added to the 

mean of Y to obtain a moving average of past values of 𝑌𝑡. Such an equation is of qth order 

moving-average process MA (q).  ARIMA means Auto Regressive Integrated Moving 

Average. Thus, in an ARMA (p, q) process, there are p autoregressive and q moving 

average terms. Collating the two we get an ARIMA (p, d, q) process which is called an 

autoregressive integrated moving average time series, where p denotes the number of 

autoregressive terms, d the number of times the series has to be differenced before it 

becomes stationary, and q the number of moving average terms. For e.g. the ARIMA (2, 1, 

1) time series has to be differenced once (d = 1) before it becomes stationary and becomes 

fit for forecasting. In case of d = 0 (stationary series), ARIMA (p, d = 0, q) = ARMA (p, 

q). An ARIMA (p, 0, 0) process implies a purely AR (p) stationary process and an ARIMA 

(0, 0, q) implies a purely MA (q) stationary process. ARIMA model adds structural 

flexibility to the regression approach. The three main characteristics of ARIMA 

modeling technique useful for its applicability in this study are a) it takes into account 

the serial correlation which is the most important characteristic of time series data and 
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is invariable present in the temperature and hydrological data b) the ARIMA model 

uses less parameter to describe a time series data and c) the ability of ARIMA to forecast 

results when the variable exhibits strong seasonal behavior (Brockwell and Davis, 

2002). This makes it superior to other techniques like exponential smoothing and neural 

network when the data is of long duration and the correlation between past observations 

is stable (Mahmud et al. 2016). Minimum number of 50 observations is needed to build 

reasonable ARIMA model, which is reasonably correct in the present study (Wei, W. 

W. S. 1990). The data requirements for conducting an ARIMA analysis are far less than 

those required by other techniques such as (multiple regression, cointegration etc.) and 

is even more true for studying complex phenomena of climate change. The use of 

ARIMA technique is being increasingly employed by researchers and analyst to 

enhance their understanding of the time series phenomenon of climate change and 

climatic variables. Afrifa-Yamoah, 2015, has identified and tested ARIMA (1,0,0) 

(0,1,2) (12) to be an appropriate model for predicting monthly average surface 

temperature for Ghana for the time period 1975 to 2009. The suitability of using 

ARIMA technique for forecasting the mean surface temperature trend was tested by 

Tanja Van Hecke, 2010, for Belgium using data from 1850-1899. He came to the 

conclusion that ARIMA (1, 1, 0) is suitable to predict the temperature evolution in 

Belgium and that the temperature would rise over the reference period. To capture and 

highlight the underlying trend and to develop a model to forecast the global mean 

temperature for short term was estimated in a time series modeling of global mean 

temperature by Peter Romillay, 2005. He concluded that SARIMA and GARCH 

modeling techniques provides for highly robust results with most of its coefficients 

being statistically significant at the 1% level significance. Sultana and Hasan, 2015, 

have forecasted the temperature of the city of Chittagong by using SARIMA (1, 1, 1) 

(2, 0, 0) [12] for maximum temperature and SARIMA (1, 1, 1) (1, 0, 1) for minimum 

temperature. Partheepan et al., 2005, have used a bivariate ARIMA (1, 1, 0) and (0, 1, 

1) using long-term 100 years rainfall and temperature data. They were able to forecast 

temperature accurately the long-term forecast for agri-environmental planning. 

Tularam and Mahbub, 2010, have used ARIMA models to show that rainfall and 

temperature vary with each with a cycle of about 2-3 years. For estimating global 

temperature trends, Ye Liming et al, 2013, used ARIMA technique and concluded that 

global temperature would increase at a rate of 0.12 degree centigrade per decade. 

Mishra and Desai, 2005, have used ARIMA modelling to forecast drought occurrence 

in the Kansabati river basin in the Purulia district of West Bengal. They showed that 

predicted values gradually fall with increase in lead time of two months which provides 

a suitable base to forecast droughts. Babu et al, 2015, have demonstrated the superiority 

of ARIMA over other forecasting models like ANIFIS (Adaptive Network Based Fuzzy 

Inference System). 

 

7. Results and Interpretations 

The Box–Jenkins model is based on the following steps process:  

(i) Model identification and Parameter estimation: Firstly, the ARIMA (p, d, q) values 

orders are chosen on the basis of minimum Akaike information criterion (AIC) or 

Bayesian information criterion (BIC) (Akaike 1974). 
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(ii) Validation To check for the significance the selected models, diagnostic checking 

models are used to select the best model. This implies selecting the model on the basis of 

residuals (i.e., errors between the actual and predicted values) depicting no 

autocorrelation and are random in nature. 

(iii) Forecasting Finally, the best fit model is utilized for prediction and the accuracy of 

prediction is checked by forecasting errors. If the results are found to be unacceptable, 

model parameters are estimated again and the entire process is reiterated. 

7.1 Selection of lag length 

(i) Annual Mean Minimum Temperature   

The first step before carrying out unit root test to test stationarity of the data is to 

determine the optimum lag length. The general rule is to select the optimum lag length 

on the basis of the information obtained about the following variables: final prediction 

error (FPE), Akaike information criterion (AIC), Hannan and Quinn information criterion 

(HQIC) and Schwarz Bayesian information criterion (SBIC). Out of these four variables, 

the tendency amongst researchers is to use the lowest values of AIC and BIC more 

frequently. The model with the lowest AIC and BIC is selected. Minimum value of FPE 

is required to minimize the prediction error to select the optimum lag length. 

 

Table 3: Lag Selection: Annual Mean Minimum Temperature 

Lag LL LR dF P FPE AIC HQIC SBIC 

0 -

86.0165                       

   .249673    1.45028    1.45971     1.4735   

1 -30.323   111.39     1 0.000   .100343    .538717    .557584    .585175   

2 -

28.6244   

3.3972     1 0.065 .099183    .527073    .555373     .59676   

3 -

21.5367   

14.175*    1 0.000   .089614*   .425612*   .463346*   .518529* 

4 -

21.2798   

.51378     1 0.474 .090733 .437997    .463346*   .554143   

Source: calculated by authors  

 

The likelihood-ratio (LR) test statistics works on the following rule: maximize the 

likelihood-ratio or minimize the negative of the log-likelihood, The estimated results are 

shown in the following table 3. The ‘*’ sign next to the estimated statistics indicates the 

optimal lag length.  

In the given table 3 for Annual Mean Minimum Temperature the optimum lag length is 

3. All the relevant variables like FPE, AIC and HQIC and SBIC have chosen a model 

with 3 lags.  

Table 4: Lag Selection: Annual Mean Maximum Temperature  

Lag LL LR dF P FPE AIC HQIC SBIC 

0 278.22                          .000577   -4.62033    -4.6109    -4.5971   

1 |  

364.446   

172.45     1 0.000   .000139   -6.04077    -6.0219   -5.99431   
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2 367.885   6.8785     1 0.009   .000134   -6.08142   -

6.05312   

-6.01173   

3 370.717    5.663     1 0.017   .00013   -6.11195   -

6.07421   

-

6.01903* 

4 372.672   3.9099*    1 0.048   .000128* -

6.12786*   

-

6.0807* 

-6.01172   

Source: calculated by authors 

In the given table 4 for Annual Mean Minimum Temperature the optimum lag length is 

4. All the relevant variables like FPE, AIC and HQIC and SBIC have chosen a model 

with 4 lags.  

7.2 Unit Cointegration Test 

In the next step, the stationarity of time series data for the two variables is verified. The 

results of unit root test for the two temperature variables are given in table 5. The result 

of the Augmented Dicky Fuller Test indicate that both the variables have unit root at 

the levels.  

 

Table 5: Annual Mean Minimum Temperature 

 Level Z(t) 1st Difference Z(t) 

Test Statistics -1.954             -8.231             

1% Critical Value              -4.033             -4.033             

5% Critical Value              -3.447             -3.447             

10% Critical Value              -3.147 -3.147 

MacKinnon approximate 

p-value for Z(t) 

0.6261 0.0000 

         Source: calculated by authors 

The test statistics of -1.954 (absolute) is less than the critical values at 1%, 5% and 10% 

significance level. MacKinnon approximate p-value is also 0.6241 which is greater than 

0.05 thus validating the null hypothesis of unit root or non-stationarity. After differencing 

the series, the values obtained of test statistics of -8.231 (absolute) is greater than all the 

respective critical values. MacKinnon approximate p-value of 0.0000 is also less than 

0.05 which further corroborate the fact that differenced series is stationary.  

  

Table 6: Annual Mean Maximum Temperature 

 Level Z(t) 1st Difference Z(t) 

Test Statistics -2.355             -8.687             

1%  Critical  Value -4.033             -3.504             

5%  Critical  Value -3.447             -2.889             

10% Critical  Value -3.147 -2.579 
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MacKinnon approximate p-value for 

Z(t) 

0.4040 0.0000 

      Source: calculated by authors 

In table no. 6, the test statistics of -2.355 (absolute) is less than the critical values at 1%, 

5% and 10% significance level. MacKinnon approximate p-value is also 0.4040 which is 

greater than 0.05 thus validating the null hypothesis of unit root or non-stationarity. After 

differencing the series, the values obtained of test statistics of -8.687 (absolute) is greater 

than all the respective critical values. MacKinnon approximate p-value of 0.0000 is also 

less than 0.05 which further corroborate the fact that differenced series is stationary. This 

implies that both the temperature variables namely, Annual Mean Minimum 

Temperature and Annual Mean Maximum Temperature are non-stationary at level i.e. 

both series are integrated of order zero I (1).  

7.3 ARIMA regression 

The ARIMA modelling process in the Box Jenkins Methodology is an iterative process. 

The different models are compared according to the minimum values of AIC, BIC and 

maximum values of Log likelihood values. These two most widely used model for the 

selection criteria in literature are the Akaike Information Criterion (AIC) and the 

Bayesian Information Criterion (BIC). They are defined as follows: 

AIC = T ln(sum of squared residuals) + 2n 

BIC = T ln(sum of squared residuals) + n ln(T) 

where n = number of parameters estimated (p + q + possible constant term) 

T = number of usable observations. 

Both the variables should as small as possible and they could be in the negative zone 

also and in can approach −∞ as the model fit improves. 

7.4 Identification and Estimation of ARIMA models  

 

Table 7: Annual Mean Minimum Temperature 

ARIMA (p, d, q) AIC          

 

BIC 

 

Log likelihood 

(2, 1, 2) 48.91132     62.73572 -18.45566 

(1, 1, 2) * 47.34781     58.86814 -18.67391    

(3, 1, 2 50.66083     66.78929 -18.33041    

(2, 1, 1)  48.25766     59.77799 -19.12883   

(1, 1, 1) 50.63305     59.84931 -21.31652 

  Source: calculated by authors  

In table 7, the ARIMA (1, 1, 2) denoted by * is chosen as the model for the variable 

Annual Mean Minimum Temperature for this paper. This model has the lowest values 

of AIC and BIC and highest values of log likelihood ratio of all the possible values for 

the temperature variable. 

  

Fig. 5: ACF and PCAF plot for Annual Mean Minimum Temperature 



Long term time series approach to forecast annual....                                                71 

 

 
                            
In fig. 5, the graphs ACF of the mean minimum annual temperature clearly shows that 

Lag 1 and Lag 2 are significantly negative and then decays gradually but showing no 

significant pattern which irrefutably indicates an MA (q) process with probable of 2. 

This is also corroborated by the PACF plot showing significant lags. The sharp cutoff 

after lag 2 in PACF also indicates an AR process with likely value of 2. Thus, both AR 

and MA processes appear possible strongly indicating the possible values of ARIMA 

(2,1,0), ARIMA (1,1,2) ARIMA (2,1,2). The ACF and PCAF plots of the residuals in 

figures 5&6 also show no significant autocorrelations. This implies that the residuals of 

the selected model ARIMA (1, 1, 2) for the annual mean minimum temperature are 

random or white noise. 

 

Table 8: Annual Mean Maximum Temperature 

ARIMA (p, d, q) AIC          BIC Log likelihood 
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(2, 1, 2) 60.00905     73.83344 -24.00453   

(1, 1, 2)   60.77214     72.29246 -25.38607 

(3, 1 2) 59.38321     75.51167 -22.69161   

(2, 1, 1) 60.44406   71.96439 -25.22203               

(1, 1, 1)* 59.5687    68.78496 -25.78435    

    Source: calculated by authors 

In table no. 8, the ARIMA (1, 1, 1) denoted by (*) is chosen as the model for the variable 

Annual Mean Maximum Temperature for this paper. This model has the lowest values 

of BIC, second lowest values of AIC and highest values of log likelihood ratio of all 

the possible values for the temperature variable. The model (1, 1, 1)* is chosen as two 

out of three parameters are for it.  

 

Fig. 6: ACF and PCAF plot for Annual Mean Maximum Temperature 

 

 
In fig. 6, the ACF Plot of the annual mean maximum temperature shows a definite 

positive spike at lag 1 which is followed by alternating small positive and negative 

values which then gradually decays towards zero. This pattern of gradual decay 

positively indicates the presence of an AR (autoregressive) process. The PACF plot 

also shows a positive spike at lag 1 and a negative spike at lag 2. Accordingly, ARIMA 

(1, 1, 2) is chosen is the chosen model for Annual Mean Minimum Temperature and 
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ARIMA (1, 1, 1) is chosen is the chosen model for Annual Mean Maximum 

Temperature.  

7.5 Validation of the Annual Mean Minimum Temperature variable 

 

Table 9: Annual Mean Minimum Temperature 

Test Model Test Statistics p-value 

Jarque-Bera ARIMA (1, 1, 2) 1.56 0.4590 

Ljung-Box ARIMA (1, 1, 2) 12.892 0.611 

    Source: calculated by authors 

The Ljung-Box test is based on the Null hypothesis that the residuals are distributed 

independently implying that there is no autocorrelation in the variable. In table no.9, the 

ARIMA regression analysis gave the Ljung-Box test statistic chi-square value of 12.892 

with a corresponding p-value of 0.611 which clearly confirms that there are no 

autocorrelations present in the residual of the ARIMA model. Thus, we fail to reject the 

null hypothesis and the null hypothesis of no autocorrelation in the residual can be 

accepted. The Jarque–Bera (JB) test is a goodness-of-fit test used to confirm whether the 

data used in the study confirms to a normal distribution.  This test is based on the Null 

Hypothesis which states that data sample comes from a normal distribution. Since if the 

p-value is greater than 0.05, we can accept the null hypothesis confirming normalcy of 

the sample data set.  

 

Fig. 7: Residual plots of ACF and PACF by using Box-Jenkins Method  

 
The residual plots of ACF and PACF in fig.7 shows the model is adequate as it shows 

a random variation from the origin zero (0), the points below and above are all uneven, 

hence the model fitted is adequate                                                                                                                  

7.6 Validation of the Annual Mean Maximum Temperature variable 

 

Table 10: Annual Mean Maximum Temperature 
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Test Model Test Statistics p-value 

Jarque-Bera ARIMA (1, 1, 1) 3.61 0.1641 

Ljung-Box ARIMA (1, 1, 1) 7.707 0.957 

    Source: calculated by authors 

In table no. 10, the ARIMA regression gave the Ljung-Box test statistic chi-square value 

of 7.707 with a corresponding p-value of 0.957 which again clearly confirms to the fact 

that that there are no autocorrelations present in the residual of the ARIMA model. This 

implies that the null hypothesis of no autocorrelation in the residual can be accepted. The 

Jarque–Bera (JB) test is a goodness-of-fit test used to confirm whether the data used 

confirms to a normal distribution.  This test is based on the Null Hypothesis which states 

that data sample comes from a normal distribution. As in the above case, since the  p-

value is greater than 0.05, we can accept the null hypothesis confirming normalcy of the 

sample data set.  

 

Fig. 8: Residual plots of ACF and PACF by using Box-Jenkins Method 

 
 

In fig. no. 8, the residual ACF (Autocorrelation Function) and PACF (Partial 

Autocorrelation Function) plots are employed to understand the relationship between a 

variable and its lagged values over two points of time. If the residuals of a ARIMA 

model behaves like white noise, then all the autocorrelations should lie within the 95% 

confidence bands or between the two horizontal lines. As  

 

 

7.7 Forecast of temperature values 

  

Table 11: Annual Mean Maximum Temperature 
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Fig. 9: Annual Mean Maximum Temperature 

 
 

Table 12: Forecast values for Annual Mean Minimum Temperature 
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Fig. 10: Forecast values for Annual Mean Minimum Temperature 

 
Source: calculated by authors 

The table no. 11 and 12 clearly shows that in the period from 1901-2024, the Annual 

Mean Minimum Temperature has increased by 3.75% or 0.58% per year while Annual 

Mean Maximum Temperature increased by 7.9% or 1.8% per year. In the next ten years 

from 2025-2034, the Annual Mean Minimum Temperature as per the Box -Jenkins 

methodology employed in this study is expected to increase from 20.6 to 21.19 degree 

centigrade. This translates into 0.59oC or 2.89% rise during the next ten years. Yearly 

increase is 5.9% per year. In case of Annual Mean Maximum Temperature, the increase 

is from 31.19 to 31.64 oC which implies an annual increment of 4.5% per annum. The 

consistent yearly increase in both the temperatures is leading to extreme weather as 
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witnessed recently in different parts of the India at the global level. The worrying 

finding is that the minimum mean temperature is increasing more than maximum mean 

temperature across the Indian sub-continent. The data for initial period of 2026 

indicates that while the maximum temperature are within normal range, the minimum 

temperature were above normal by almost 0.5 degree centigrade. Thia has wider 

implications for power demand and specially for agricultural sector.  

 

Table 13: Comparison of Temperature change in the past 125 years and 

prediction for next 10 years 

                  Period                                         % change 

Annual Mean Minimum 

Temperature 

Annual Mean Maximum 

Temperature 

1901-2024 +3.75% +7.9% 

2000-2024 +3.91% +0.5% 

2025-2034 (prediction as 

per this study) 

+2.8% +1.4% 

Source: calculated by author 

In table no. 13, the trend as witnessed in the past years is reinforced for the next ten 

years. While the maximum temperature rose by 7.4% in the period from 1901 to 2024, 

the minimum temperature rose by 3.75% in comparison. However, this trend changed 

dramatically in the last 30 years.  While Annual Mean Maximum Temperature 

increased by 0.5%, the Annual Mean Minimum Temperature rose by 3.91%.  

 

Conclusions 

This uneven increase in the two temperatures is one of the leading cause of unexpected 

climatic changes because the night does not cool down and the heat residue is carried 

over to the next day adding to the day temperature. More than two lakh people have 

died in Europe in the last four year due to extreme summer heat. The positive 

temperature anomalies are even more indicative of the average temperature are greater 

than the baseline benchmark average. The major worry is that while before 1980 the 

anomalies varied between positive and negative range. It has stayed into positive 

territory since 1980 putting pressure on the increasing overall temperature. The night 

time anomalies have stayed higher than the daytime anomalies thereby reducing the gap 

between them. The increase in minimum temperature implies warmer nights which is 

aggravating the heat stress of the daytime. This is leading to warmer winters and hotter 

summer. The future forecast of both the minimum and maximum temperature are 

clearly showing an upward trend in this paper.   
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