
NEAS TIME SERIES - PROJECT
Sunspots Activity and Time Series


Project Introduction


Sunspots are temporary phenomena on the photosphere of the Sun that appear visibly as dark spots compared to surrounding regions. They are caused by intense magnetic activity, which inhibits convection by an effect comparable to the eddy current brake, forming areas of reduced surface temperature. Like magnets, they also have two poles. Although they are at temperatures of roughly 3000–4500 K (2727–4227 °C), the contrast with the surrounding material at about 5,780 K leaves them clearly visible as dark spots, as the intensity of a heated black body (closely approximated by the photosphere) is a function of temperature to the fourth power. If the sunspot were isolated from the surrounding photosphere it would be brighter than an electric arc. Sunspots expand and contract as they move across the surface of the Sun and can be as large as 80,000 kilometres (50,000 mi) in diameter, making the larger ones visible from Earth without the aid of a telescope. They may also travel at relative speeds ("proper motions") of a few hundred m/s when they first emerge onto the solar photosphere.

Manifesting intense magnetic activity, sunspots host secondary phenomena such as coronal loops (prominences) and reconnection events. Most solar flares and coronal mass ejections originate in magnetically active regions around visible sunspot groupings. Similar phenomena indirectly observed on stars are commonly called star spots and both light and dark spots have been measured. Sunspot populations quickly rise and more slowly fall on an irregular cycle of ‘n’ years, although significant variations in the number of sunspots attending over a period of time are known over longer spans of time. For example, from 1900 to the 1960’s the solar maxima trend of sunspot count has been upward; from the 1960’s to the present, it has diminished somewhat. Over the last decades the Sun has had a markedly high average level of sunspot activity; it was last similarly active over 8,000 years ago.

The number of sunspots correlates with the intensity of solar radiation over the period since 1979, when satellite measurements of absolute radioactive flux became available. Since sunspots are darker than the surrounding photosphere it might be expected that more sunspots would lead to less solar radiation and a decreased solar constant. However, the surrounding margins of sunspots are brighter than the average, and so are hotter; overall, more sunspots increase the Sun's solar constant or brightness. 

This project is to develop a proper ARIMA model to forecast the average yearly number of observed sunspots. The yearly average sunspot index from 1700 to 1988 will be used to construct the model and values from 1989 through 2011 will be used to validate the model. 
Data and Analysis


The data for yearly sunspots number was obtained from the website http://sidc.oma.be/sunspot-data.  The yearly average number of observed sunspots from 1700 to 1988 will be used to construct the model and data from 1989 through 2000 will be used to forecast and validate the selected model. The actual data are plotted in Figure 1 below and it shows an obvious seasonal cycle during the study period.

Figure 1
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Test of Stationary

The first step is to examine the data for stationary. If it is stationary, then everything will be quite straight forward and the data can be modelled as an equation with fixed coefficients that can be estimated from historical data. Test of stationary will be based on autocorrelation function, which is simply the ratio of the sample covariance at lag k to sample variance. 

Auto correlation function = 
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A plot of  
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 against k is known as the sample correlogram.  Figure 2 below is the plot for correlation against lag k. The detailed calculation can be found in the tab “Original Data” in the attached Excel Spreadsheet.
Data and Analysis


Figure 2
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Figure 2 shows us that the sample autocorrelation functions do not decline and doesn’t approach zero until very large lags, which is an indication that the series is not stationary. In addition to this, the graph confirms that there is a seasonal variation in the time series.  In order to fit an ARIMA model, we will need a stationary series.  Therefore we should try differencing the data.  To estimate the period of seasonality, we look at the peaks of the plot.  The peaks occurred at Lags 1, 10, 22, 32, etc.  Therefore, for the purpose of this project we estimate the period of seasonality to be every ten (10) years.
Seasonal Adjustment

As per our findings above, there is a seasonal component in the time series and we must make some adjustment to the series to remove the seasonality.  A series of analysis was performed to find the most reasonable method.  In the end, the series was transformed by taking the first order differences between periods i.e., Y (t) – Y (t-10).  This transformed series was then analyzed to see if it was stationary. The Lag 10 difference’s autocorrelations approach zero much more quickly and stay within the significance bounds more than the other series pictured which suggests that it is stationary, so this is the series we will use to build our model.
Figure 3 below represents the correlogram for the transformed series, and indicates that it is a stationary series because the autocorrelation function rapidly declines to zero, and remains near zero. For more details on the calculations please refer to the tab “Lag 10 difference” in the attached Excel Spreadsheet.
Time Series Model Estimations


Figure 3
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The transformed series therefore can be described by autoregressive model with different orders (p = 1, 2, and 3) as below.
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Where 
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 is the difference in observed sunspots between time t and t-10
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 is the coefficients for lag i data
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 is the error term at time t
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 is the order of auto-regression to be determined

Using Excel built-in regression to perform auto regression and the details can be found in the tabs “AR (1) Model”, “AR (2) Model”, and “AR (3) Model” in the attached Excel spreadsheet.
Model parameter estimation by Regression: 
Time Series Model Estimations
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Regression Statistics

Multiple R

0.7578

          

 

1.38466

R Square

0.5743

          

 

Adjusted R Square

0.5728

          

 

Standard Error

21.5124

        

 

Observations

278

               

 

ANOVA

df

SS

MS

F

Significance F

Regression

1

172,321.53

     

 

172,321.53
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Residual

276
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Coefficients

Standard Error
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Durbin Watson Statistic


[image: image13.emf]AR(2) Model

Regression Statistics

Multiple R 0.8028             2.08452

R Square 0.6444            

Adjusted R Square 0.6418            

Standard Error 19.7265          

Observations 277                 

ANOVA

df SS MS F Significance F

Regression 2 193,250.01            96,625.01   248.31         2.99E-62

Residual 274 106,623.12            389.14       

Total 276 299,873.13           

Coefficients Standard Error t Stat P-value Lower 95% Upper 95%Lower 95.0% Upper 95.0%

Intercept 0.8216             1.1883                   0.6914        0.4899         (1.5178)              3.1610           (1.5178)           3.1610             

X Variable 1 1.0651             0.0552                   19.2936      0.0000         0.9564               1.1738           0.9564            1.1738             

X Variable 2 (0.4056)            0.0552                   (7.3467)       0.0000         (0.5142)              (0.2969)          (0.5142)           (0.2969)           

Durbin Watson Statistic
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Multiple R 0.8050 1.99477

R Square 0.6480

Adjusted R Square 0.6441

Standard Error 19.6887

Observations 276

ANOVA

df SS MS F Significance F

Regression 3 194,097.15        64,699.05      166.90        0.00                   

Residual 272 105,439.94        387.65          

Total 275 299,537.09       

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 0.9232             1.1892               0.7763           0.4382        (1.4180)               3.2644          (1.4180)           3.2644            

X Variable 1 1.0225             0.0603               16.9556         0.0000        0.9038                1.1412          0.9038            1.1412            

X Variable 2 (0.2948)            0.0846               (3.4832)          0.0006        (0.4614)               (0.1282)         (0.4614)           (0.1282)          

X Variable 3 (0.1037)            0.0603               (1.7209)          0.0864        (0.2224)               0.0149          (0.2224)           0.0149            

Regression Statistics

Durbin Watson Statistic


Time Series Model Selection

Using the above regression results, the following equations for different orders of autoregressive models can be formed:

AR (1):
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AR (2):
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AR (3):
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Model Selection

In order to decide on a model we will look at the R squared value, the Durbin Watson statistic, and the 2 lag Box – Pierce statistic for each model. The calculations can found in the tabs “AR (1) Model”, “AR (2) Model”, and “AR (3) Model” in the attached Excel spreadsheet.
	Model
	R2
	Durbin-Watson
	Box-Pierce
	P value

	AR(1)
	0.5743
	1.3846
	26.3
	0.00

	AR(2)
	0.6444
	2.0845
	2.13
	0.14

	AR(3)
	0.6480
	1.9948
	0.04
	0.95


The R squared statistic reflects the variance of the parameters in the model.  Going from the AR (1) model to the AR(2) model there is a significant increase of additional explanatory power but going to the AR(3) model there is a negligible movement.

The Durbin-Watson statistic measures the serial correlation in the model.  A value of 2 indicates that there is no serial correlation, which is what we are aiming for in our model.  The Durbin-Watson statistic for the AR (2) and AR (3) models are both very close to 2.

The P value shows the probability that a white noise process has a Box-Pierce statistic at least as high as the one calculated for the model.  If we set the significance level at 10% we can see that we would reject the null hypothesis that the process is white noise for the AR (1) model but not for the AR (2) and AR (3) models.

Taking all of this into account we choose AR (2) model as the best model.
AR (2):
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Model Forecast


To validate the model, we will forecast the number of observed sunspots from 1989 through 2000 and compare the predicted values with real observation. The results are demonstrated in the Figure 4.

Figure 4
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Some expected values are close to actual one and some are not.  Although the values of the two series are not perfect matched, the predicted series follows the same trends as the actual series.  This indicates that the AR (2) model can describe the sunspot activity at least for the study period. The above chart shows the one year forecast (labelled forecast) and the “Pure Forecast” which uses only the original values up to 1988 and isn’t updated for any of the actual values in the forecast period. For the details of forecast and formulas used please refer to tabs “forecast” in the attached Excel spreadsheet
Conclusion
The yearly average number of observed sunspots is examined to see if past sunspot activity was able to predict future one.  Three auto-regression models with order 1, 2, and 3 are tested in this project.  Various statistics are calculated to test the significance of models to explain the data.  Due to principle of parsimony and the highest R2, the AR (2) model is recommended for this project. The model seems to predict future sunspots with reasonable accuracy.  
Session: Fall 2011 (November 14, 2011 – January 8, 2012)
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