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The dynamic structure of climate is governed by changes in precipitation and temperature and can be
studied by time series analysis of these factors. This paper describes investigation of time series and
seasonal analysis of the monthly mean minimum and maximum temperatures and the precipitation for
the Bhagirathi river basin situated in the state of Uttarakhand, India. The data used is from the year
1901–2000 (100 years). The seasonal ARIMA (SARIMA) model was used and forecasting was done for
next 20 years (2001–2020). The auto-regressive (p) integrated (d) moving average (q) (ARIMA) model is
based on Box Jenkins approach which forecasts the future trends by making the data stationary and
removing the seasonality. It was found that the most appropriate model for time series analysis of
precipitation data was SARIMA(0,1,1) (0,1,1)12 (with constant) and of temperature data was SARIMA(0,1,0) (0,1,1)12 (with constant). The model prediction results show that the forecast data Bts well
with the trend in the data. However, over-predictions are found in extreme rainfall events and temperature results. The information of pattern and trends can assist as a prediction tool for development of
better water management practices in the area.
Keywords. ARIMA; precipitation; temperature; Bhagirathi basin.

1. Introduction
Climatic changes are predominantly governed by
the changes in temperature and precipitation.
Studies focusing on the assessment of climatic
changes are often based upon the analysis of time
series of temperature and precipitation (Babazadeh
and Shamsnia 2014; Balibey and Serpil 2015). Both
these factors are important in strategic planning
for the management of natural disasters such as
Coods and droughts. Analysis of time series
invariably involves the evaluation of trends and
seasonality in the data. Trends are the long-term
increase or decrease in the time series, whereas
seasonality refers to the variations in the data at
regular short intervals such as weekly, monthly,

biyearly, quarterly, etc. (Pazvakawambwa and
Ogunmokun 2013; Wang et al. 2013). Forecasts of
temperature and precipitation are often required
for arriving at water management decisions at
basin scale.
For prediction of weather at regional and
national levels, various precipitation forecasting
methods are available. Regression analysis, Auto
Regression Integrated Moving Average (ARIMA),
genetic algorithm, Adaptive Splines Threshold
Autoregressive (ASTAR), Support Vector Machines (SVMs), K-nearest neighbour (K-NN) are
among the best methods available for weather
forecasting. Regression analysis determines the
strength of relation between a dependent variable
and a series of independent predictor variables by
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Btting a regression model. The regression analysis
is called multiple regression analysis, if it caters to
more than two predictor variables. However, this
regression analysis is not recommended for most of
the practical problems as it tends to oversimplify
the real-world situations. ARIMA model forecasts
weather variables which are kind of time series
data by linearly combining their historic values.
ARIMA model as a tool deals with all the aspects
related to univariate time series model identiBcation and its parameter estimation and forecasting.
ARIMA model has the chances of over-Btting and
misidentiBcation if not used carefully. Genetic
algorithm approach applies concept of natural
evolution in problem solving. It combines a random
wide selection of solutions within a given population. Then it evaluates them to get best-Bt solution
by repeatedly simulating the process of evolution.
This entire process Bnally gives the desired number
of generations. The succeeding generation is an
improvement upon the preceding one and in the
end, best solution to the problem is obtained.
Genetic algorithm is capable of Bnding good quality solution in a short computation time, but it
cannot guarantee for an optimal solution to the
problem in hand. Another data analysis method is
ASTAR modelling. This method is based on historic and current data to predict short term forecasting for a small time period. It Bnds the best-Bt
model form a set of data. Support Vector Machine
(SVM) which was developed by Vapnik and his coworkers uses computer algorithms for supervised
learning. It Bnds the best-Bt function by learning
through examples. Very few researchers have got
satisfactory results for rainfall prediction using this
method. However, SVM solution for one problem
where it is giving excellent accuracy may not be the
same for another problem and can give poor
accuracy. A typical KNN involves simultaneously
sampling with replacement, the weather variables
mainly precipitation and temperature (minimum
and maximum) from the available observed data.
Similar weather characteristic days are selected
from the historic data to simulate weather variables for any day. K-nearest neighbour is a weather
predictor approach which has been successfully applied for weather prediction by various
researchers. The major disadvantage of using KNN
algorithm is that it does not learn from the sample
or the training data but simply uses the sample
data itself for analysis. Another method is shared
nearest neighbour (SNN) cluster algorithm which
has been applied to monsoons (June–September)
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rainfall departures in India to predict land
temperatures and precipitations. (Rajagopalan and
Lall 1999; Buish and Brandsma 2001; Yates et al.
2003; Sharif and Burn 2006; Sumi et al. 2008; Salahi et al. 2016; Dhawal and Mishra 2016; Kakade
and Kulkarni 2016, 2017; Mahmud et al. 2017;
Sharif and Azhar 2017; Akinbobola et al. 2018).
In the light of above-mentioned weather forecasting models in the recent times and especially in
the last decades there is a wide use of ARIMA model
in water resources by various scientists. They have
found Auto Regression Integrated Moving Average
(ARIMA) and Seasonal Auto Regression Integrated
Moving Average (SARIMA) to be the best Bt model
to understand the climatic variables (precipitation and temperature) (Kaushik and Singh 2008;
Tularam and Ilahee 2010; Sarraf et al. 2011; Shamsnia et al. 2011; Abdul-Aziz et al. 2013; Meher and
Jha 2013; Bari et al. 2015; Roy and Das 2016; Aiyelokun and Olodo 2017; Dwivedi et al. 2017; Hazarika
et al. 2017; Murat et al. 2018; Machekposhti et al.
2018). Afrifa-Yamoah (2015) had applied ARIMA
model in Brong Ahafo Region of Ghana for forecasting of monthly average surface temperature and
found a decreasing trend. Wang et al. (2013) had
used seasonal ARIMA model for agricultural irrigation and found that it has good model Btting
degree in decision making. Zakaria et al. (2012) had
used ARIMA model on weekly rainfall data and had
found a decreasing trend in it for semi-arid Sinjar
District of Iraq. Partheepan et al. (2005) had analyzed the temperature and rainfall time series and
their corresponding extreme event processes to
study the annual climatic trend, evolution and
variability by incorporating ARIMA model analysis
in the Batticaloa District, Sri Lanka. Huntra and
Keener (2017) applied the ARIMA model on water
demand in the Las Vegas Valley and found that the
forecast results were highly accurate and eAective
for monitoring the climate change eAects. Naz
(2015) had conducted a comparative study on
maximum daily temperature data using ARIMA,
exponential smoothing (ETS), and cubic splines
methods and found ARIMA model to be the best to
forecast one-step-ahead daily maximum temperature of Umea, with a training period of one year.
Valipour (2015) had done a comparative study of
SARIMA and ARIMA for runoA in United States
and found that SARIMA is better Btted and a better
forecaster compared to ARIMA model. All these
studies have been successful in understanding the
climate parameters (precipitation and temperature)
by using ARIMA and SARIMA models and have
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given a better insight into understanding the
hydrological regime of the watersheds. In this paper,
we study the time series of temperature and precipitation data and perform seasonal analysis of the
monthly mean temperatures (minimum and maximum) and precipitation for two different locations
(Tehri and Uttarkashi) in Bhagirathi river basin situated in the state of Uttarakhand, India from the
year 1901–2000 (100 yrs) using SARIMA model. The
model is also further used for forecasting for next 20
years, i.e., 2001–2020.
In this paper, we have tried to Bnd best Bt
ARIMA model by eliminating the presence of seasonality in the precipitation and temperature
(minimum and maximum) time series data. The
procedure of ARIMA modelling supports seasonal,
subset and factored ARIMA models along with
multiple regression analysis with ARIMA error.
The best selected model is then used for forecasting
the weather parameters and the forecasted values
are then compared with the observed values
available for the weather stations. In the coming
sections, we have discussed about the study area
and the precipitation and temperature data used in
this paper. Later ARIMA model is described and
method of obtaining a best Bt seasonal ARIMA
model is explained. This is followed by results
and discussion of the experimental setup with
conclusive discussion at the end.

2. Data used and study area
The precipitation and temperature (maximum and
minimum) data used in the study is obtained from
India Water Portal site. They have used the
database which is available as Climate Research
Unit (CRU) TS2.1 dataset in the public domain of
the Tyndall Centre for Climate Change Research,
School of Environmental Sciences, University of
East Anglia in Norwich, UK. This is an interpolated published dataset (on a 0.5-degree latitude–longitude grid) comprising of global monthly
rainfall, temperature, humidity and cloud cover
data, from 1901 to 2002. The open source GIS
software GRASS (Geographic Resources Analytical Support System) on an Ubuntu Linux operating
system is used to convert this CRU dataset from its
original format. To extract the monthly average
rainfall; maximum, minimum and average temperatures; and vapour pressure (humidity), from
1901 to 2002, for the Indian subcontinent Linux

scripting in GRASS GIS modules were used. India
Water Portal provides data from 1901–2002 on
monthly mean and annual bases and the main
motive of the organization is to provide data to
general public for their use as information and
research. This dataset is very much useful for
basin-wide applications such as water balance
modelling (with and without the availability of
local data), rainwater harvesting potential and
comparison of rainfall and other weather parameters between different basins. For the present
study, monthly mean data for precipitation and
minimum and maximum temperature are used
from year 1901 to 2000 for modelling purpose and
model forecast is done for 2001–2020 out of
this from 2001–2010 are used for validation of
forecasted data.
The area identiBed for the study is the Bhagirathi river basin which is a part of upper Ganga
basin in lower Himalayas (Bgure 1). The outlet of
the basin is identiBed at Tehri Dam (30220 3200 N;
78280 4800 E) reservoir at an elevation of 713 m
above msl. The total area of the Bhagirathi basin
is about 7208 m and elevation vary from 713 to
7010 m above msl. For such rugged and varied
elevation of the Himalayan terrain area, it is very
much essential to have a forecasting model that
will assist the administrators and decision makers
in better planning the mitigation measures while
dealing with disaster management problems. The
study is also crucial for the area as the area has
faced with severe events of cloud bursts, Cooding
and landslides in the past few years, the major
one being the Kedarnath tragedy of 2013, and
every year there are some or the other instances of
cloud burst and heavy rainfall which brings the
life of residents of the area to a standstill. One of
the reasons to apply ARIMA approach for
weather prediction at regional level in this basin is
that no such study has been carried out in the
area at this level.

3. Model description
In time series analysis, to better understand the
data and for future forecasting, auto-regressive
(p) integrated (d) moving average (q) (ARIMA)
model is used. The basic idea of using ARIMA
model is to remove trend of the series by differencing so that a stationary series is obtained by
transforming a non-stationary series (Bahadir 2012;
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Figure 1. The study area.

Figure 2. Box–Jenkins approach which forms the basics of an
ARIMA model (Box and Jenkins 1970).

Wang et al. 2014; Afrifa-Yamoah 2015). This
ARIMA model is based on Box–Jenkins approach
(Bgure 2). The AR part of the ARIMA model shows
that the variable under concern is regressed on its
own prior values. The MA part of the ARIMA
model shows that the regression error is a linear
combination of error values occurring at various
time intervals in the past. The I part shows the
number of times differencing has been performed.
The entire objective of Bnding an adequate AR, I
and MR terms is to make the model to Bt the data in
the best possible way. The model assumes data to
be a non-seasonal series which needs to de-seasonalize before modelling. A non-seasonal ARIMA
model is generally denoted as ARIMA(p, d, q),
where p is the lag order, d is the order of differencing, and q is the order of moving average. A
seasonal ARIMA model is denoted as ARIMA(p, d,

q) (P, D, Q)m, where m is the number of periods in
each season, and the uppercase P, D, Q refer to the
autoregressive (AR), differencing (I), and moving
average (MR) terms respectively, for the seasonal
part of the ARIMA model. ARIMA methodology
has its own limitations of relying on past values;
however, it works best for long and stable time
series. It does not explain the structure of the
underlying data mechanism but simply approximates the historical patterns (Balibey and Serpil
2015; Bari et al. 2015; Naz 2015; Yoosef Doost et al.
2017).
An AR(p) model can be described as:
Yt ¼ c þ u1 Yt1 þ u2 Yt2 þ    þ up Ytp þ Zt ;
ð1Þ
where Zt * (0, r2), c is an unknown constant term,
and equal to 1, are the parameters of the AR
model.
A MA(q) model can be described as:
Yt ¼ c þ Zt þ h1 Zt1 þ    þ hq Ztq ;
2

ð2Þ

where Zt * (0, r ), c is an unknown constant term,
and h1, hq are the parameters of MA model.
A stationary time series Yt is called autoregressive moving average of order (p, ), ARMA (p, ), if
for every t:
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Yt  u1 Yt1 þ u2 Yt2 þ    þ up Ytp
¼ c þ Zt þ h1 Zt1 þ    þ hq Ztq ;

ð3Þ

Zt  ð0; r2 Þ:
The generating polynomials (z) = 1  u1z  …
 upzp and (z) = 1 + h1z + … + hqzq have no
common roots.
If we combine the differencing with ARMA
model, we get the autoregressive integrated moving
average model, i.e., the ARIMA(p, d, q), where d is
the order of differencing. So, an ARIMA model
corresponds to an ARMA after differencing Yt, d
times. This means that Yt satisBes the difference
equation


1  u1 B     up B p ð1  B Þd Yt
ð4Þ


¼ c þ 1 þ h1 B þ    hq B q Zt ;
uðB Þð1  B Þd Yt ¼ c þ hðB ÞZt ;



Zt  0; r2 : ð5Þ

For d and D are non-negative integers, the time
series is a seasonal ARIMA, SARIMA((p, d, q), (P,
D, Q)m) process with period m if the differenced
time series Xt :¼ (1  B)d(1  Bm)DYt is a causal
ARMA process. –Xt˝ is causal, if there exist
constants –wj˝ such that
1  
X
w \1;
j

and
1  
X
w Ztj ;
j

4.1 Ensuring stationarity (d)
The Brst and foremost step is to determine the
order of differencing (d) to stationarise the series.
The order of differencing (d) is selected such that it
minimizes the standard deviation. This is done by
Btting different ARIMA models having various
orders of differencing, but a constant coefBcient is
selected. An already differenced series which is now
a stationery series might still have some auto-correlated errors which can be removed by adding AR
terms (p C 1) and MA terms (q C 1) in the forecasting equation. To compensate for any mild
‘under-differencing’, AR terms are added to the
model, while to compensate any mild ‘overdifferencing’, MA terms are added instead.
4.2 IdentiBcation of AR(p) and MR(q)
components

j¼0

Xt ¼

are prepared for the analysis as monthly means.
Once the data Bles are prepared, the ARIMA
model needs to be identiBed. In this study, we have
tried to Bt separate SARIMA models to precipitation and temperature (minimum and maximum)
time series. So, we have one SARIMA model that
Bts to precipitation time series and one that Bts to
temperature time series (minimum and maximum).
To identify the appropriate SARIMA model
following steps are followed.

ð6Þ

j¼0



uðB ÞUðB m ÞXt ¼ hðB ÞHðB m ÞZt ; Zt  WN 0; r2 ;


Zt  0; r2
ð7Þ
where, uðz Þ ¼ 1  u1 z      up z p , Uðz Þ ¼ 1
U1 z      UP z P , hðz Þ ¼ 1þh1 z þ   þ hq z q , Hðz Þ ¼
1 þ H1 z      HQ z Q .
–Xt˝ is causal, which is equivalent to the
condition that (z) = 0, U(z)=0 for —z — B 1 for
complex z.

4. Methodology
The methodology followed for the study is
summarized in Bgure 3. The precipitation and
temperatures (maximum and minimum) data are
considered for the study for years 19012000 and

The plots of sample ACF and PACF are used for
selecting the order of an ARMA model specifically
when data are generated by an ARMA(p, 0) model
or from an ARMA(0, q) model. If the ACF and
PACF have large values (positive) that decrease
very slowly with time, this indicates that d is
greater than zero, i.e., differencing should be done.
The autocorrelation function ACF and partial
autocorrelation function (PACF) can be used for
the selection of p, d, and q. If there is a sharp cutoA
in the PACF of the differenced series and the series
shows mild ‘under-differencing’, an AR term is
added to the model. If there is a sharp cutoA in
the ACF of the differenced series and the series
shows mild ‘over-differenced’, an MA term is
added to the model.

4.3 Estimations using appropriate p, d, q values
ARIMA models are estimated for values of p, d, q
which are given most appropriate residuals.
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Figure 3. Methodology followed.

4.4 Remove seasonality
The seasonality in the datasets is removed by
Bnding the values of P, D, Q for m = 12 on similar
lines as the p, d, q were calculated above.

model with the lowest BIC is preferred. It is based
on the likelihood function and is closely related to
the Akaike information criterion (AIC) (Rahman
and Hasan 2017; Wali et al. 2017).
5. Results and discussions

4.5 Selecting best SARIMA model
The most appropriate model is determined once
all the model parameters are calculated (p, d and
q, P, D and Q). The residuals of estimated
SARIMA models are checked for white noise and
most well-behaved residual model is selected.
Forecasting is done for 20012020 (20 yrs). The
forecast results from the model are validated for
years 20012010. The selected SARIMA model for
precipitation and temperature (maximum and
minimum) are tested under AIC and BIC criteria
for their ability to evaluate the relative quality
of statistical model for a given dataset. Akaike
Information Criterion (AIC) is an estimate of a
constant plus the relative distance between the
unknown true likelihood function of the data and
the Btted likelihood function of the model, so that a
lower AIC means a model is considered to be closer
to the truth. In other words, AIC estimates the
relative amount of information lost by a given
model, i.e., the less information a model loses, the
higher the quality of that model. Bayesian Information Criterion (BIC) is a criterion for model
selection among a Bnite set of models where the

The time series variation of precipitation for Tehri
and Uttrakashi stations is shown in Bgures 4 and 5,
respectively. The precipitation data shows that the
maximum rainfall occurs during the months of July
and August (692.64 mm at Tehri station and
663.45 mm at Uttarkashi station in July 1936) and
almost no or scanty rainfall in the months of
November and December over both the stations
and both the stations receive maximum snowfall in
the months of February and March. The snowfall
that occurs in winter is reCected as streamCow
during the summer season. The time series variations of temperature are shown in Bgures 6 and 7
for maximum temperature at Tehri and Uttarkashi
stations, respectively and Bgures 8 and 9 for minimum temperature at Tehri and Uttarkashi stations, respectively. Maximum temperature varies
from 39.64 (May 1921) to 13.86C (January 1998)
at Tehri station and from 31.13 (May 1921) to
8.24C (January 1998) at Uttarkashi station.
Minimum temperature varies from 26.16 (June
1924) to 0.86C (January 1998) at Tehri station
and 20.05 (June 1924) to –2.42C (January 1998)
at Uttarkashi station.
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Figure 4. Monthly and annual precipitation variation over the years (1901–2000) at Tehri station.

It is found that both the precipitation and
temperature data show a seasonal variation. Precipitation reaches its maximum in monsoons and
minimum in the winters, while temperature is
maximum during summers and minimum during
winters. Hence, they need to be stationarized and
seasonality needs to be removed. The precipitation
and temperature (maximum and minimum) data
were separately analyzed using different ARIMA
models in SPSS statistical package. On statistically
analyzing both the data, it is found that their
statistical properties are not constant with time. A
very slow but linear decay pattern of the autocorrelation function (ACF) plot shows that the series
under study is a non-stationary time series. Hence,
the time series are not stationary. To make the
data stationary, differencing was done and is found
that precipitation and temperature data both
have minimum standard deviation (59.27 at
Tehri station and 57.43 at Uttarkashi station for

precipitation and 1.5 at Tehri and Uttarkashi for
maximum temperature and 1.4 at Tehri and
Uttarkashi for minimum temperature) at d = 1
with 24 lags and constant coefBcients. If the model
has order of differencing 1, then it is assumed that
the original series under study has a constant
average trend similar to a random walk or simple
exponential smoothing (SES)-type model, with or
without growth.
After the time series has been stationarized by
differencing, the next step is to determine whether
any AR or MA terms are required to correct the
autocorrelation that remains in the differenced
series in order to Bt an ARIMA model. For this,
auto correlation function (ACF) and partial auto
correlation function (PACF) plots are considered.
The ACF plot is a plot depicting the coefBcients of
correlation between a time series and lags of itself.
The PACF plot is a plot depicting the partial
correlation coefBcients between the series and lags
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Figure 5. Monthly and annual precipitation variation over the years (1901–2000) at Uttarkashi station.

Figure 6. Average monthly maximum temperature variation over the years (1901–2000) at Tehri station.

of itself. It was found in the precipitation time
series that the ACF plot of the differenced series is
having a sharp cutoA and is also negative, so we
considered adding an MA term to the model.
However, in case of temperature time series, the
ACF and PACF plots did not show any sharp
cutoA and were within the limit (0.5). Hence,
addition of any AR or MA terms to this ARIMA
model was not needed. So Bnally, the AR term was

zero for both precipitation and temperature, and
MA term was 1 for precipitation and 0 for temperature, i.e., for precipitation, we obtained
ARIMA(0,1,1) model and for temperature we
obtained ARIMA(0,1,0) model. Next is removal of
seasonality from the time series data. The seasonal
part of ARIMA model is dealt with in a similar
manner as non-seasonal part. The P, D and Q
values are found on the same lines as p, d and
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Figure 7. Average monthly maximum temperature variation over the years (1901–2000) at Uttarkashi station.

Figure 8. Average monthly minimum temperature variation over the years (1901–2000) at Tehri station.

Figure 9. Average monthly minimum temperature variation over the years (1901–2000) at Uttarkashi station.

Figure 10. ARIMA(0,1,1) (0,1,1)12 (with constant) model forecast result for precipitation at Tehri station over the years
(2001–2016).
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Figure 11. ARIMA(0,1,1) (0,1,1)12 (with constant) model forecast result for precipitation at Uttarkashi station over the years
(2001–2016).

Figure 12. ARIMA(0,1,0) (0,1,1)12 (with constant) model forecast result for maximum temperature at Tehri station over the
years (2001–2016).

Figure 13. ARIMA(0,1,0) (0,1,1)12 (with constant) model forecast result for maximum temperature at Uttarkashi station over
the years (2001–2016).

q. Hence the seasonality of the data was removed
by Bnding P, D and Q terms for 12-month time gap
and constant coefBcients and was found to be P=0,
D=1, Q=1 for both the precipitation and temperature data. The most appropriate seasonal ARIMA
(SARIMA) model for precipitation is found to be
A(0,1,1) (0,1,1)12 and for temperature is A(0,1,0)
(0,1,1)12.
The forecast trends for the selected SARIMA
model are shown in Bgures 10–21 and model Bt,

and model statistics are shown in tables 1–7 for
Tehri and Uttarkashi stations. The forecast from
the models for precipitation and temperature
(maximum and minimum) resembles the local
trend and the seasonal pattern at the end of the
series, but are slightly smoother in appearance
because both the trend and the seasonal pattern
are eAectively averaged over the seasons. The
forecast results of precipitation show a constant
trend in the values. The forecast results of
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Figure 14. ARIMA(0,1,0) (0,1,1)12 (with constant) model forecast result for minimum temperature at Tehri station over the
years (2001–2016).

Figure 15. ARIMA(0,1,0) (0,1,1)12 (with constant) model forecast result for minimum temperature at Uttarkashi station over
the years (2001–2016).

Figure 16. Observed and SARIMA forecasted precipitation values at Tehri station (2001–2010).

minimum temperature show an increasing trend at
Tehri station and decreasing trend at Uttarkashi
station, while forecast results of maximum temperature shows slight increasing trend for Tehri
station and decreasing trend for Uttarkashi station. From the 20-yr forecast, Brst 10 years, i.e.,
2001–2010 data were validated by comparing it
with the observed data at the respective stations.
The comparison shows that the precipitation

forecast Bts quite well with the observed data with
some over-predictions of heavy rainfall events
especially during the monsoons. Although the
RMSE is too high for both the stations (Tehri
RMSE = 59.27 and Uttarkashi RMSE = 57.428),
on normal rainfall days the forecasted and observed
data matches well. This high value of RMSE can be
a reason for over-predictions during extreme
rainfall events. The temperature (maximum and
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Figure 17. Observed and SARIMA forecasted precipitation values at Uttarkashi station (2001–2010).

Figure 18. Observed and SARIMA forecasted maximum temperature values at Tehri station (2001–2010).

Figure 19. Observed and SARIMA forecasted maximum temperature values at Uttarkashi station (2001–2010).

Figure 20. Observed and SARIMA forecasted minimum temperature values at Tehri station (2001–2010).
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Figure 21. Observed and SARIMA forecasted minimum temperature values at Uttarkashi station (2001–2010).
Table 1. ARIMA(0,1,1) (0,1,1)12 (with constant) model Bt for precipitation at Tehri and Uttarkashi stations.
Percentile
Station
Tehri station

Uttarkashi station

Fit statistics
2

Stationary R
R2
RMSE
Stationary R2
R2
RMSE

Mean

Min.

Max.

5

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

10

25

50

75

90

95

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

0.74
0.73
59.27
0.71
0.70
57.42

Table 2. ARIMA(0,1,1) (0,1,1)12 (with constant) model statistics for precipitation at Tehri and Uttarkashi stations.

Model
Tehri model
Uttarkashi model

No. of
predictors

Ljung-Box Q (18)

Model Bt statistics
Stationary R2

0
0

0.742
0.718

Statistics

DF

Sig.

No. of
outliers

37.110
25.864

16
16

0.002
0.056

0
0

Table 3. ARIMA(0,1,0) (0,1,1)12 (with constant) model Bt for maximum temperature at Tehri and Uttarkashi stations.
Percentile
Stations
Tehri station

Uttarkashi station

Fit statistics
2

Stationary R
R2
RMSE
Stationary R2
R2
RMSE

Mean

Min.

Max.

5

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

10

25

50

75

90

95

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

0.466
0.932
1.533
0.468
0.921
1.503

Table 4. ARIMA(0,1,0) (0,1,1)12 (with constant) model statistics for maximum temperature at Tehri and Uttarkashi stations.

Model
Tehri model
Uttarkashi model

Ljung-Box Q (18)

No. of
predictors

Model Bt statistics
Stationary R2

Statistics

DF

Sig.

No. of
outliers

0
0

0.466
0.468

215.820
217.095

17
17

0.000
0.000

0
0
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Table 5. ARIMA(0,1,0) (0,1,1)12 (with constant) model Bt for minimum temperature at Tehri and Uttarkashi stations.
Percentile
Station

Fit statistic
2

Tehri station

Uttarkashi station

Stationary R
R2
RMSE
Stationary R2
R2
RMSE

Mean

Min.

Max.

5

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

10

25

50

75

90

95

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

0.467
0.957
1.427
0.465
0.946
1.408

Table 6. ARIMA(0,1,0) (0,1,1)12 (with constant) model statistics for minimum temperature at Tehri and Uttarkashi stations.

Model

Ljung-Box Q (18)

No. of
predictors

Model Bt statistics
Stationary R2

Statistics

DF

Sig.

No. of
outliers

0
0

0.467
0.465

214.190
210.129

17
17

0.000
0.000

0
0

Tehri-Model˙1
Uttarkashi-Model˙1

Table 7. AIC-BIC criterion for SARIMA models.
Station
Tehri station

Uttarkashi station

Parameters
Precipitation
Maximum temperature
Minimum temperature
Precipitation
Maximum temperature
Minimum temperature

minimum) forecast Bts well with the observed data,
following the same pattern as the observed data
reaching maximum during summers and minimum
in winters. Even though the RMSE for temperature
is quite low (maximum temperature RMSE = 1.5
and minimum temperature RMSE = 1.4 for both
the stations), it is found that the model overpredicts the temperature data.

6. Conclusions
Precipitation and temperature are the main factors
governing the dynamic structure of climate
resulting in climate change. In the present study,
precipitation and temperature data time series
were studied and best Btted ARIMA model is
found after the removal of seasonality, and forecasting was done using the same model. The forecast results for precipitation are found to be overpredicting the values for extreme rainfall events,
while it matches in case of other rainfall events.
However, the forecast results for temperature
(minimum and maximum) are matching well and

SARIMA model
ARIMA(0,1,1)
ARIMA(0,1,0)
ARIMA(0,1,0)
ARIMA(0,1,1)
ARIMA(0,1,0)
ARIMA(0,1,0)

(0,1,1)12
(0,1,1)12
(0,1,1)12
(0,1,1)
(0,1,1)12
(0,1,1)12

AIC

BIC

8.34
15.66
15.76
8.4
15.69
15.82

3.44
10.76
10.88
3.5
10.79
10.91

are showing an increasing trend for Tehri station
and decreasing trend for Uttarkashi station. This
can be credited to the difference in elevation of the
two stations (Tehri = 767 m; Uttarkashi = 1071
m). The model gives over-prediction in case of
extreme events, be it a below-normal precipitation
or it is an above-normal precipitation. The average
maximum and minimum temperatures at Tehri are
increasing over the years, while at Uttarkashi, it is
decreasing over the years. This implies that the
warmer place at lower elevations is getting warmer,
while the colder place at higher elevation is getting
colder.
It is concluded from the study that results
achieved from SARIMA modelling for precipitation (A(0,1,1) (0,1,1)12) and temperature (A(0,1,0)
(0,1,1)12) forecasting will assist scientists and
decision makers to develop policies for eDcient
scheduling of Cood prediction, urban planning, and
environmental planning. The forecast can assist as
a prediction tool for development of better water
management practices. Under changing climate
and increasing population in the Bhagirathi basin,
the results of this research study can be used to

J. Earth Syst. Sci. (2020)129:149
better understand the factors that will aAect the
present water management practices and policies
in such a mountainous rugged terrain.
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