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Abstract

Mt. Wilson Observatory Resources for Classification

Our first product of the observations for analysis is the absolute value of the field at λ5250: jBλ5250j which

we simplify to jBj since we only use fields from λ5250 in this study.

Our second product from the λ5250 and λ5237 lines is an intensity-like image which we have dubbed an

intensity ratio-gram. These consist of solar image arrays where each pixel i has a value Iri that is the ratio

of the λ5250 intensity Iλ5250 in that pixel to the λ5237 intensity Iλ5237 in the same pixel:

Iri =
10000 (Iλ5250=I λ5237)i

(Iλ5250=Iλ5237)peak

(1)

where the intensity ratio-gram values are based on an arbitrary scale in which 10000 is the value of the

peak of each image’s probability distribution function for Iri.

AutoClass Method
AutoClass is a classification code developed by Cheeseman and Stutz (1996) based on a classical finite

mixture model utilizing Bayesian statistics for determining the optimal class to which a particular observation

belongs. The observed parameters are referred to as attributes and can be quite general. Each observation

is called an instance and is described by the attributes. For us the attributes consist of two quantities: the

absolute value of the magnetic field and the intensity ratio. Additional observed quantities could be added if

available but for our current effort we have retained just these two. The instances are the individual pixels.

These instances (data pairs for a single pixel) are treated in isolation from all other attributes such as the

image to which they belong. We did explore the addition of the center-to-limb position as an additional

parameter but found it did not improve the performance of the classification. Although the fact that pixels

belong to specific images in a time sequence does not enter into the classification analysis, we do utilize

this information to understand the interrelations between the classes.

The classification is carried out in two different modes: a search mode and a predict mode. In the search
mode the optimal classification scheme based on posterior Bayesian statistics is found from specific set of
observed data. AutoClass can determine either the optimal number of classes and the characteristics of
those classes or adher to a user imposed limit on the number of classes. Each output class is defined by a
distribution function giving the joint probability of occurance of the attributes for a class member instance. In
the predict mode the classification applies the known classes to a new data set to determine the probability
each instance belongs to each of the classes.

The result of AutoClass is an instance by instance (here, pixel by pixel) classification in which each in-
stance/pixel in the searched dataset is given a weighted probability assignment to a subset of the classes.
For example, if the search mode found J classes for the entire data set, then a particular instance/pixel
i with attributes/measurements jBji and Iri, would be assigned to a sequence of classes in decreasing
probability order. There is thus no absolute assignment of an instance/pixel to a particular class (although
for some instances the probability of the most probable class may be close to 1.0.)

The classified pixels are organized into days so that for daynwe compute an index for each class j by adding
all the probabilities for a given class for all pixels containing that class anywhere in their 10 most probable
classes and dividing by the number of pixels in the image. The resulting class index Ajn is the probable
fractional area of the solar surface covered by a that class on that day. We also use the reconstructed
images to compare the class locations with solar surface features that we can identify.
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This figure composed of three sets

of two time series comparing the ob-

served VIRGO TSI: TSIV n (orange

solid lines) to the simulation, Sn (the

+ symbols). The bottom of each pair

shows the values of the observed and

simulated TSI’s while the top of each

pair shows the deviation: simulated

minus observed TSI values (note that

δTSI is defined as observed minus

simulated). The full time series has

been divided into three sets of 5 years

with an overlap of one year between

successive sets so that patterns can

be seen near the dividing points.

Regression Analysis
We fit the daily indices Ajn to satellite TSI observations using a linear multiple regression between the 18
daily MWO indices and the daily TSI measurements. We obtained the TSI from the VIRGO Experiment
(denoted TSIV ) using the VIRGO web page. The regression fit we use forces the solution to go through the
origin since a class with zero area must contribute nothing to the TSI. Thus we seek coefficients sj giving a
model S for the TSIV , of the form:

Sn =
J¡1

j=0

sj Ajn (2)

using the method of least squares. Each of the coefficients sj corresponds to the TSI value the sun would
produce in case it were covered entirely by a surface of class j. For most classes, these values are close
to the average TSI (we denote averages with an angle bracket notation) so we consider deviations:

δsj = sj S and δSn = Sn S =
J¡1

j=0

δsj Ajn (3)

where the last equality makes use of the fact that the sum of the areas is unity. For our current investigation
concentrating on the VIRGO data the difference between the observation and simulation for day n is then:

δTSIn = TSIV n ¡ Sn : (4)

We have chosen to define δTSIn where it is the difference between the solar observation and our model.
Due to ill conditioning from the constraint that the area fractions sum to unity, we use a bootstrap method to
obtain the coefficients sj.
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This figure shows the values for jBjj and Irj along with the
Gaussian widths determined by Autoclass for the 18 classes.
In order to have a uniform spacing of the jBjj values, they are
plotted in a logarithmic format. For these the Gaussian width is
shown as 0:4343 δjBj=jBj. The membership of each class in
its assigned group is indicated by the color code. For several
of the classes in group P0, the properties overlap and are not
clearly displayed. This is consistent with our conclusion that
some of the classes are in fact the consequence of the filling
factor effect.

This table gives the principal properties of the classes and groups.
The classification parameters jBjj and Irj are field strength in
Gauss and 10000£(intensity ratio) respectively. The δsj are
from the bootstrap/regression analysis of the TSI Virgo obser-
vations and are given in Wm¡2 deviations from the average of the
TSI as given by equation 3. The average indicies Aj are the
dimensionless fractional areas covered by each class.

The classes are grouped according to their cross-correlation co-
efficients as computed from the daily indicies considered as a set
of time series.
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We present the results of using the AutoClass software, a Bayesian finite mixture model

based pattern recognition program developed by Cheeseman and Stutz(1996), on Mount

Wilson Solar Observatory (MWO) magnetogram and intensity ratio images to classify spatially

resolved areas on the solar surface. We find 18 classes are sufficient to describe solar

features. For each class we define an image by image index parameter as its fractional area

of coverage. Using a linear regression fit of those indices to satellite observations of TSI from

the Virgo satellite, we are able to model the TSI data from the MWO images with a correlation

of better than 0.96 for the period 1996 to 2007. We use the spatial distribution of the class

probabilities to create an image the Sun as it would be seen by TSI measuring instruments

like Virgo if they were able to capture resolved images.

Since 1986, the observations at MWO have included daily magnetograms and intensity grams taken in

the 5250.2A Fe I and 5237.3A Cr II lines. Because the magnetic and intensity images are captured

simultaneously, each pixel in a magnetic or intensity image based on a particular spectral line corresponds

exactly to the solar surface area covered by the corresponding image pixels in other lines. This process

permits simultaneous observation of the same part of the solar surface in different wavelengths.

This figure compares the spatially resolved image on the left
from the Solar Bolometric Imager (SBI) obtained by Foukal
et al. (2004) to a model on the right of the TSI image prepared
according to the procedures described here. Both images are
on a greylevel scale where black is 95% and white is 103.8%
of the average. The SBI image has been corrected for limb
darkening and was provided to us by the authors as a fits file
so that we could rescale the grey levels to illustrate the key
differences compared to our TSI image.
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The smoothed time trends of the classes and class groups. The time
dependences have been smoothed with a Gaussian with a width of 30
observations. The top figure, panel A, shows the areas, the second panel
B shows the contributions to the TSI. In both cases we show the classes
grouped according to the system outlined above. The third and fourth
panels C and D show the components of two of the groups: that for the
Q0 group in panel C and that for the P1 group in panel D.
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Image A is from the Meudon synoptic spec-
troheliogram program and shows the inten-
sity in the K3 line of CaII. The absolute mag-
netic field is image B and the intensity ratio
is image C, the derived model TSI is image
D. The classes making up group Q0 form
image E with classes 0, 4 and 6 being repre-
sented by cyan, magenta and yellow respec-
tively. Class 1 which is the only member of
the N group is shown in image F with cyan.
The two plage groups P0 and P1 make up
image G being represented by cyan and ma-
genta respectively.  The orange lines are ma-
netic contours.
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Conclusions
Our principal findings are:

1. Unsupervised, AutoClass finds 38 classes of features. We restricted AutoClass to find only 18.

2. We used cross-correlations of daily indicies to organize the 18 classes into 6 groups.

3. The regression fit to VIRGO TSI achieves a correlation coefficient of 0.96. The trend shown in Figure 1 where
the observed TSI begins higher than the model and ends lower cannot be removed by modifying the classes
or smoothing the time series.

4. If the long-term trend is removed by linear detrending, the cross-correlation coefficient rises to 0.97.

5. The network class N is widely distributed as shown in Figure 6F.

6. The quiet sun is divided into 4 classes collected into two groups Q0 and Q1as shown in Figure 6E.

7. Three groups Q0, Q1 and N contribute to the TSI at both solar minimum and solar maximum. Their large
offsets essentially cancel at solar minimum.

8. The Q0 and Q1 groups contribute to the solar cycle variation in TSI in phase with the sunspot number as
shown in Figure 4B. The decrease in area for Q0 and Q1 at solar maximum along with the negative value of
δsj explains this effect.

9. The N class/group also contributes to the variation the TSI in phase with the SSN by an amount that is about
half that from the P1 group. The small change in the area coverage of the N pixels combines with a large
positive value for δsj to produce this effect.

10. A hypothetical super quiet sun for which only the Q0 group would be present would have a TSI well below the
solar minimum observed here.


