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Abstract 
Accurate prediction of meteorological variables like air temperature is important in 
various sectors like agriculture, forecast of energy demand, climate change, 
transportation etc. Air temperature forecasts are also crucial in determination of heat and 
cold waves. Across the globe as demand for solar energy is increasing, there is a need 
for precise forecasts of solar radiation too. In recent times, machine learning methods are 
becoming popular in weather forecasting. This study describes the development of Short 
Term Prediction System (STEPS), a model based on Auto Regressive Integrated Moving 
Average (ARIMA) technique suitable for prediction of hourly values of meteorological 
variables like air temperature, relative humidity, solar and net radiation with a lead time 
of three days. The model has been validated at a single point using two years of 
meteorological measurements. At a lead time of one day, mean absolute error in air 
temperature forecast is less than 2 °C and for relative humidity is less than 11 % 
throughout the year and. For solar and net radiation at the same lead time, respective 
mean absolute errors are less than 30 W m-2 during non-monsoon season and 
approximately 75 W m-2 during monsoon season. Hence, model results indicate that the 
forecasting proficiency is comparable to traditional Numerical Weather Prediction 
(NWP) model at a fraction of computational cost and time.  

Keywords 
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1. Introduction  

Rising demand for electricity, increased greenhouse gas emissions, climate change 
and depleting reserves of fossil fuels have led to growing interest in environmentally 
sustainable energy generation sources in residential, commercial and industrial 
sectors. Solar energy forms, one of the low-cost, infinite and freely available 
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renewable energy resource. Forecasting solar energy on hourly time scale is 
challenging due to various influencing factors like weather conditions, geographical 
location, season, time of day, latitude, cloud cover, presence of atmospheric aerosols 
and dust particles. Also, solar energy is an intermittent energy source, and small 
variation in solar irradiance can impact the electricity production. Hence, accurate 
forecasts of solar radiation can improve solar power operations and substantially 
reduce costs. Likewise predictions of meteorological variables like air temperature, 
relative humidity are important in agriculture and design of heating and cooling 
management systems installed in buildings. Tradionally, weather forecasts have 
relied on Numerical Weather Prediction (NWP) Models. In recent times, due to rapid 
advances in data science, the application of machine learning methods in weather 
forecasting is increasing. In the last decade several studies have focused on the 
development of models based on machine learning for weather forecasting. For 
example, Chen et al. [1] have used Seasonal ARIMA (SARIMA) method to forecast 
monthly mean air temperature in Nanjing city of China during 1951-2017. Their 
results indicated that the forecasting accuracy for monthly mean air temperature was 
acceptable. Murat et al. [2] have used seasonal ARIMA technique, ARIMA with 
Fourier terms, and time series regression method for forecasting daily temperature at 
four sites in Europe. The study duration extended from 1st January 1980 to 31st 
December 2010. The period from 1st January 1980 to 31st December 2004 was the 
training data set and the remaining the test data set. The results showed that ARIMA 
along with Fourier terms was found to have the highest prediction accuracy among 
the various techniques used. Astsatryan et al. [3] have ANN to implement a weather 
prediction technique to improve the hourly air temperature prediction with a lead time 
of 24 hours at Ararat valley in Armenia. This study utilized observations from several 
meteorological stations as well as satellites. Experiments were conducted with 
several configurations of neural networks with a lead time of 24 hours and the study 
concluded that the best model has an accuracy of ~ 75 % for forecast of air 
temperature. Abhishek et al. [4] have applied ANN model with different parameters 
like transfer functions, hidden layers and neurons to forecast maximum, temperature 
for 365 days of the year with the error being in acceptable range. Baboo and Shereef 
[5] have used back propagation neural network to develop a forecasting system for 
atmospheric temperature. The training data set was for one year and then the model 
was tested using predictions for unseen days. Fara et al. [6] have used ARIMA and 
ANN based models for ten days forecast of solar radiation at a site in south Romania. 
Their results indicate that ARIMA model was more efficient as compared to ANN 
model with cloudy days being associated with larger errors as compared to clear sky 
days. Ettayyebi and Himdi [7] have used ARIMA and ANN with Multi Layer 
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Perceptron (MLP) models including exogenous variables for forecasting day ahead 
solar radiation at Rabat city in Morocco. The study period was from 2006-2016. They 
concluded that MLP with exogenous variables performed better as compared to other 
models. Daily and monthly average global solar radiation in Seoul, South Korea was 
predicted using seasonal ARIMA model based on hourly solar radiation 
measurements during 1981-2017 [8]. Seasonal ARIMA model was able to predict 
accurately, solar radiation at daily and monthly average time scales. Similarly, 
Chodakowska et al. [9] have used ARIMA model for forecasting solar radiation at 
monthly and hourly time scales at Amman in Jordan and Warsaw in Poland. For each 
location, a suitable ARIMA model was identified, its parameters were estimated and 
forecasts carried out. Apart from above, numerous other studies on the same topic 
can be accessed in [10, 11, 12, 13, 14, 15, 16, 17].  

In the present study, we describe the development and application of a model 
namely Short Term Prediction System (STEPS) suitable for hourly prediction of 
meteorological variables at a lead time of three days. STEPS is based on the well-
known ARIMA algorithm. Section 2 describes the ARIMA method in brief. Section 
3 describes the STEPS model. Various case studies for validation of STEPS are 
presented in Section 4 and finally conclusions are presented in Section 5.    

2. Material and Methods 

Time series is a collection of observations over regular intervals through repeated 
measurements. Time series analysis and forecasting has several applications in 
statistics, climate science, economics, market sales etc. Forecasting future values of 
time series is possible using simple methods like average, naïve, seasonal naïve to 
slightly more complex like ARIMA and ANN. Time series analysis was introduced 
by Box and Jenkins which include Auto Regression (AR) Model, Moving Average 
(MA) Model and Auto Regressive Moving Average (ARMA) [18]. In an 
autoregression model, we forecast the variable of interest using a linear combination 
of past values of the variable. Hence, an AR model of order p is defined as: 
𝒚𝒚𝒕𝒕 = 𝒄𝒄 + 𝝋𝝋𝟏𝟏𝒚𝒚𝒕𝒕−𝟏𝟏 + 𝝋𝝋𝟐𝟐𝒚𝒚𝒕𝒕−𝟐𝟐 + ⋯𝝋𝝋𝒑𝒑𝒚𝒚𝒕𝒕−𝒑𝒑 + 𝜺𝜺𝒕𝒕                                                           (𝟏𝟏) 

Rather than using past values of the forecast variable in a regression, a MA model 
uses past forecast errors in a regression-like model. Hence, a MA model of order q is 
defined as:  
𝒚𝒚𝒕𝒕 = 𝒄𝒄 + 𝜺𝜺𝒕𝒕+ 𝜽𝜽𝟏𝟏𝜺𝜺𝒕𝒕−𝟏𝟏 + 𝜽𝜽𝟐𝟐𝜺𝜺𝒕𝒕−𝟐𝟐 + ⋯+ 𝜽𝜽𝒒𝒒𝜺𝜺𝒕𝒕−𝒒𝒒                                                           (𝟐𝟐) 

In Equation (1), using different values for parameters 𝝋𝝋𝟏𝟏, … … .𝝋𝝋𝒑𝒑 will result 
in different time series patterns. The variance of the error term 𝜺𝜺𝒕𝒕  will only change 
the scale of the series, not the patterns. 
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ARMA model is the combination of AR and MA models. However, ARMA 
requires that the input time series is stationary. Time series of meteorological 
observations are always non-stationary. Therefore, non-stationary time series have to 
be transformed into stationary time series before the application of ARMA model. 
This can be carried out by the taking logarithm or dth order differentiation of the time 
series. Therefore, the addition of integration term in ARMA gives rise to ARIMA and 
allows for ARMA to be used with non-stationary time series. An ARIMA model is 
defined by the order (p, d, q) where, p is the order of the autoregressive term, d is the 
order of differencing and q is the order of the moving average term. A generalized 
ARIMA equation can be written as: 
�𝟏𝟏 − 𝝋𝝋𝟏𝟏𝑩𝑩 −⋯−𝝋𝝋𝒑𝒑𝑩𝑩𝒑𝒑�(𝟏𝟏 − 𝑩𝑩)𝒅𝒅𝒚𝒚𝒕𝒕 = �𝟏𝟏 + 𝜽𝜽𝟏𝟏𝑩𝑩 + ⋯+ 𝜽𝜽𝒒𝒒𝑩𝑩𝒒𝒒�𝜺𝜺𝒕𝒕                   (𝟑𝟑) 

STEPS model carries out time series analysis using ARIMA technique in 
RStudio platform. At the heart of an ARIMA model is the auto.arima () function. The 
auto.arima () function in R uses a combination unit root tests for Stationarity and 
minimization of MLE (maximum likelihood estimate) to obtain the arguments of the 
ARIMA model. The arguments to auto.arima () provide for many variations on the 
algorithm. The Akaike information criterion (AIC) is a mathematical method used to 
assess how well a model fits the data it was generated from. In statistics, AIC is used 
to compare different possible models and also different variants of the same model 
to determine which one is the best fit for the data. The ARIMA model with the 
minimum value of AIC is considered to be the best and used for forecast. 

3. Description of STEPS 

STEPS is a model developed using ARIMA technique and used to forecast 
meteorological variables like air temperature, relative humidity, solar and net radiation 
for the next three days based on last seven days of respective input data. Both, input 
and output are on hourly average basis. Even though several studies have focused on 
prediction on daily and/or monthly average time scale, the present study uses hourly 
average time scale. If input data are available at higher temporal resolution, then it 
should be possible to predict at shorter time scales too. Since this model is for short 
term prediction, the length of forecast is restricted to three days only. On a short time 
scale in the atmosphere, weather conditions are known to evolve on the basis of past 
few days. Hence, it is not mandatory to use only last one week of data as input and 
small deviations from seven days (~ five to fifteen days) should suffice. For the present 
study, air temperature measurements are carried out using a thermograph, relative 
humidity is measured using a hair hygrograph (both installed within a Stevenson 
Screen at 1.2 m from ground surface), solar radiation is measured using a pyranometer 
and net radiation using a net radiometer. The present study utilizes meteorological 
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measurements at a single point.  
For the purpose of forecast, each variable is considered as a univariate time series. 

As already mentioned, STEPS is developed in RStudio platform. Forecast for next 
three days of each variable requires few minutes of computational time. Following the 
above procedure, forecasts of aforementioned variables were carried out at a single 
point for the years 2020 and 2021. For each variable, forecasts corresponding to lead 
times of one, two and three days are generated. For some applications, forecast of air 
temperature and/or relative humidity as a function of height may be required. In such 
cases too, STEPS can be used. However, the present study is limited to the forecasts 
from STEPS at a single point and height. The next section evaluates the results of these 
forecasts.  

4. Results and Discussion 

STEPS is used to forecast meteorological variables like air temperature, relative 
humidity, solar and net radiation, for a single point at lead times of one, two and three 
days. This exercise is carried out for two years namely 2020 and 2021. Few time 
series plots representing forecasts from different seasons are presented in Figures 1 
to 5. Time series of observations (green curve) and STEPS forecasts (blue curve) for 
air temperature (upper left pane), relative humidity (upper right pane), solar radiation 
(lower left pane) and net radiation (lower right pane) during 19th January to 21st 
January 2020 are presented in Figure 1. The figure shows that hourly temperature 
values are well predicted by STEPS even at a lead time of three days although some 
differences in maxima/minima are seen with respect to observations. Model 
performance indices for few meteorological variables have been defined in Carbonell 
et al. [19]. These values are used to assess the performance of STEPS. For this case 
study, it is seen that across the length of the forecast the MAE in air temperature is 
1.0 °C which is an indication of good model performance. Likewise, prediction of 
relative humidity for the same case study is shown in the upper right pane. Here too, 
it is noted that STEPS is able to simulate the diurnal variation of relative humidity, 
although on the third day some differences from observations are seen. For the entire 
length of the forecast, MAE in relative humidity is 9 %. Comparison of solar and net 
radiation forecasts are shown in the lower left and right figures respectively. 
Especially for net radiation forecasts, peak values are found to differ slightly with 
respect to observations, but still the results are indicative of a good model 
performance.        

Figure 2 is same as Figure 1 but during 13th March to 15th March 2021. 
Referring to temperature and forecasts for this case study, it is seen that peak values 
of respective variables are found to differ with respect to observations; although 
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diurnal trend is well simulated by the model. MAE in air temperature is 1.82 °C and 
relative humidity is 5 %. Here it should be noted that even a difference of 10 - 20 % 
in forecast of relative humidity with respect to observations leads to minor differences 
in absolute moisture content in the atmosphere. The lower panes in Figure 2 are for 
comparison of solar (left pane) and net radiation (right pane). Peak values as well as 
diurnal variation are well simulated by the model. MAE is ~ 9 W m-2 for both solar 
and net radiation forecast. The previous figures were used to describe model 
performance for selected cases in winter and pre monsoon seasons. Figures 3 and 4 
refer to case studies from monsoon season. Values of solar and net radiation obtained 
on the Earth’s surface are dependent on cloud amount and type. The present version 
of STEPS does not include forecast of cloud cover. The south west monsoon season 
from June to September is characterized by cloudy skies. Hence during this season, 
solar and net radiation forecasts can have significant variation with respect to 
observations as evident from Figures 3 and 4. In this season too, forecasts of air 
temperature and relative humidity are found to be reasonable.      

Figure 5 is used to describe the performance of STEPS for a case from post 
monsoon season i.e.18th October, 2021 to 20th October, 2021. Referring to air 
temperature forecast, it is again seen that the magnitude and diurnal variation of air 
temperature is well forecasted by STEPS. For the length of the simulation, MAE is 
0.66 °C, which is again indicative of a good model performance. Likewise, the 
forecast of relative humidity is also found to be reasonably good. On the third day of 
the forecast, there is a difference of 20 % in the observed and forecasted values of 
relative humidity. As pointed out before, even a difference of 20 % is less likely to 
have an impact on absolute moisture content in the atmosphere. The next two figures 
are used to describe the performance of STEPS in forecast of solar and net radiation. 
As compared to winter season, errors are on higher side due to exclusion of cloud 
cover in model formulation.  

Apart from individual case studies described above, to have an idea of model 
performance for the entire year, forecasts from STEPS have been carried out for 2020 
and 2021 at lead times of one, two and three days. These results are presented in 
Tables 1 and 2. Forecasts for multiple years give an idea of year to year variations, if 
any, in model performance. As in case of NWP models, even in machine learning 
kind of models, errors grow in magnitude with time and hence, it is seen that errors 
in forecast of all four variables in all seasons increase as the length of the forecast 
increases. Model predictions at shorter lead times are generally more accurate 
whereas the longer lead times provide more period for planning and decision making. 
Hence, depending on application and desired accuracy, the forecasting horizon can 
be suitably chosen. Referring to average errors in temperature forecasts, it is seen that 
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at a lead time of one day, MAE in all seasons in both years is less than 2 °C which is 
an indication of good model performance [19, 20]. The monsoon season during June 
– September is associated with lowest errors at all lead times owing to very little 
diurnal variation of air temperature in this season. At lead time of three days, the 
MAE is higher by a factor of two as compared to the benchmark for a good model 
performance. Next, referring to forecasts of relative humidity, average MAE varies 
between ~ 4 % to 22 % across all lead times and all seasons. Again like temperature, 
monsoon season is characterized by least errors in forecast of relative humidity owing 
to less diurnal variation. At lead time of one day, maximum MAE in relative humidity 
is ~ 11 %.      

Owing to the growing interest in solar energy as a source of renewable energy, 
it is of interest to examine seasonal variation of errors in forecast of solar radiation at 
different lead times. For reasons already mentioned before, errors occurring in 
monsoon season are discussed separately. Excluding this season, errors in solar 
radiation forecast are seen to vary between ~ 16 W m-2 to ~ 40 W m-2. In the monsoon 
season, errors are seen to vary between ~ 73 W m-2 at lead time of one day to ~ 100 
W m-2 at lead time of three days. Chico et al. [21] have reported MAE in solar 
radiation forecast at a lead time of one day to vary between 40 W m-2 to 140 W m-2 
for two sites in Italy. Errors in monsoon season can be reduced by including forecasts 
of cloud cover. This will be taken up in future versions of the model.   

Net radiation at the Earth’s surface is the vector sum of incoming and outgoing 
short and longwave radiation components. Forecasts of net radiation are important in 
studies on energy balance, climate monitoring, land atmosphere interactions and 
agriculture meteorology [22]. Tables 1 and 2 point to the fact that forecasts of net 
radiation indicate a trend similar to those of solar radiation. In non-monsoon season, 
errors in net radiation forecast are seen to vary between ~ 15 W m-2 to ~ 40 W m-2. 
In the monsoon season, errors are seen to vary between ~ 65 W m-2 at lead time of 
one day to ~ 85 W m-2 at lead time of three days. In the day time, the incoming 
shortwave radiation i.e. solar radiation is the major contributor to net radiation and 
hence improvements in solar radiation forecasts will have a positive impact on net 
radiation forecast as well. 
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Figure 1. Time series of observations (green curve) and STEPS forecast (blue curve) for air temperature (upper 

left pane), relative humidity (upper right pane), solar radiation (lower left pane) and net radiation (lower right pane) 
during 19.01.2020 to 21.01.2020. 

 
Figure 2. Same as Fig.1 during 13.03.2021 to 15.03.2021. 
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Figure 3. Same as Fig.1 during 27.06.2020 to 29.06.2020. 

 
Figure 4. Same as Fig.1 during 23.07.2021 to 25.07.2021. 
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Figure 5. Same as Fig.1 during 18.10.2021 to 21.10.2021. 

Table 1. Seasonal evaluation of forecasts from STEPS for 2020 

Season Average MAE 
(Lead time = 1 day) 

Average MAE 
 (Lead time = 2 days) 

Average MAE 
 (Lead time = 3 days) 

Air Temperature (0 C) 
Winter 1.81 3.00 3.94 

Pre-monsoon 1.85 3.45 3.85 
Monsoon 1.05 1.52 1.81 

Post-Monsoon 1.20 1.72 2.25 
Relative Humidity (%) 

Winter 9.84 14.67 22.51 
Pre-monsoon 10.97 13.61 16.53 

Monsoon 4.33 5.72 6.73 
Post-Monsoon 6.00 8.89 11.42 

Solar Radiation (W m-2) 
Winter 16.66 20.29 21.69 

Pre-monsoon 23.96 26.19 28.35 
Monsoon 73.68 87.53 100.69 

Post-Monsoon 29.11 29.21 32.55 
Net Radiation (W m-2) 

Winter 26.13 32.79 37.78 
Pre-monsoon 23.51 27.28 29.96 

Monsoon 68.05 75.18 84.91 
Post-Monsoon 28.26 29.48 32.60 
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