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1.0 Introduction
This report covers work performed over the summer of 2005 as a summer

engineering aide. Work in the applications of ranked-ordered statistics as a method of
signal data analysis was conducted. More specifically work was conducted on the Ozturk
algorithm, which is considered to have demonstrated superior performance over
histogram and simple parameter-based techniques [1-4]. The work includes the
construction of a graphical user interface that utilizes the algorithm’s power to both

identify and analyze probability density functions.

1.1 Overview of Ozturk Algorithm

The Ozturk algorithm is an identification algorithm that allows for a variety of
tests that not only identify a PDF, but also analyzes the sample data. The core algorithm
was developed by Aydin Ozturk [4], and further worked upon in concurrence with E.J.
Dudewicz [2]. Prior work was carried out with the help of Syracuse University and the
only documented implementation of the algorithm for real world use was associated with
research conducted at the AFRL Sensors Directorate at the Rome Research Site.

The basis of the algorithm deals with constructing a null-linked graph of vectors
from the ordered statistics of the sample data. The algorithm is scale and location
invariant, which makes it particularly attractive. From this graph one can easily identify
a distribution based on its endpoint, Qn, and surrounding null points. From the ordered
statistics other tests can be carried out, including but not limiting to, testing for
Normality, and parameter estimation. The power of the test comes from the ability to use
small sample sizes while still being able to correctly identify the best fit distribution. The

entirety of the algorithm will be discussed in Section 2.



1.2 Summer Overview
During the 2005 summer a Matlab program was developed to be able to evaluate

and demonstrate the Ozturk algorithm. Using the computing technology we have now we
were able to recreate the two null data charts using Monte Carlo methods that were
originally calculated using numerical integration. With these charts and the equations
derived for the algorithm, the program could match all the results that were provided by
samples in [2], and [3]. Along with the actual implementation of the algorithm and
associated GUI, one further extension of the algorithm was created in order to extend the

features of the code. The GUI prototype will be further discussed in Section 3.

2.0 PDF Identification

Currently there exists an abundance of tests in order to determine/analyze a
PDF. Histogram techniques depend on the number of bins, which is specified by the
user, and the number of samples, given by user. It can be shown however that these
techniques can cause great amounts of error on both sides of the extrema. A low number
of samples can and usually will result in a histogram with no known shape as in Figure 2-
1.
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Fig 2-1 Histogram with low sample count Fig 2-2 Histogram with high bin count



Changing the bin count has does not correct this problem because from this figure we
cannot easily define a known PDF from the histogram. On the other hand if the sample
size and bin count are high, then the histogram becomes jagged in shape, as in Figure 2-2,
instead of being smooth. Even though the shape isn’t perfect, the distribution can still be
determined with a high confidence. Note that the histogram does not use a rank ordering
of the data samples.

Other well known techniques to identify PDFs include the Chi-Square goodness-
of-fit test, Kolmogorov-Smirnov goodness-of-fit test, Anderson-Darling test, Shapiro-
Wilk test, and the quantile-quantile plot, [7]. The Chi-Square goodness-of-fit test is
applied to data that has been binned, such as a histogram. From this the test can decide
from what specific univariate distribution the sample came from. However the test is
sensitive to the number of bins, which are specified by the user. Also it is dependent on
how the data has been put into its bins, and requires a sufficient sample size to provide
for a satisfactory solution.

The K-S test (Kolmogorov-Smirnov test) also decides whether a sample comes
from a specific distribution. Using rank-ordered data and the empirical distribution
function a graph can be constructed as shown in Figure 2-3, from which we can estimate

the test statistic. The maximum distance between the two curves is calculated and the
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solution is found as the closest fit to a set of known values. Advantages to the K-S test
include that it can be done with any sample size, and it does not rely on the underlying
CDF being tested. However the K-S test cannot be applied to discontinuous functions, it
is more sensitive towards the middle of the distribution, and the parameters of the sample
must be known, or the test is no longer valid. A solution to the last disadvantage comes
from Lilliefors test for Normality, an extension of the K-S test. In this test the sample
mean and standard deviation are calculated and the Z-score is found. With the Z-score
the empirical CDF is calculated, plotted and the maximum distance is found as the test
statistic.

The Anderson-Darling test is a modified version of the K-S test. It improves
upon the sensitivity of the center of the K-S test by weighting the tails. Also the
Anderson-Darling test makes use of the specific distribution being tested to gain the
critical values, which in turn makes a more sensitive test overall. However calculating
the critical values is a disadvantage, and for some distributions can be undefined.

Unlike the other tests described thus far, the Shapiro-Wilk test only tests a
sample for Normality. However the power and sensitivity is much higher because of this.
The test calculates a test statistic from which the value can identify whether the sample is
Normal or not.

The Q-Q plot (quantile-quantile plot) is a graphical means of interpreting
whether two distributions come from the same family. This can both identify a specific
distribution if one is known and the other is unknown, or can determine if both
unknown/known samples come from the same distribution. The Q-Q plot takes the
values of the quantiles of each distribution and plots them against each other with a 45-

degree reference line as shown in Figure 2-4. The sample sizes do not have to be large,
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but the bigger the sample size the more accurately the correlation can be portrayed. The
two distributions do not have to be equal in size. Also many properties of a distribution
can be tested all at once, including shifts in location and scale, changes in symmetry, the

presence of outliers, etc.

2.1 Ozturk Algorithm

All of the aforementioned tests are reliable in the sense that you are testing for a
specific distribution. Often the test is for normality (Gaussian PDF is assumed).
However when the solution does not match the hypothesis no alternative possibility is
given. Also a majority of the tests start to lose their power when the sample size
decreases. Both these issues are addressed through the Ozturk algorithm [1-4]. The
algorithm uses the sample statistics to create “linked vectors’ to create a goodness-of-fit
test for univariate and multivariate distributions. The only foreseen disadvantage the
algorithm has is that for larger sample sizes the computational time is slowed
dramatically. In this case, the other tests previously mentioned can identify and analyze

distributions with a high confidence level at high sample sizes.



2.2 Algorithm Procedure

General reference is made to [2]. Let Xin < Xon < ... < Xypn be the sample
ordered observations from a distribution with the CDF F(x;u, o) = F{(x- w)/c} where n
and o are the location and scale parameters, respectively. For our case we use the
Normal distribution as the null hypothesis; however any distribution could be used as the
null.

For illustration we will assume that X;., < Xz < ... < Xppp is from a Normal

distribution with an unknown mean p and unknown variance o°

. To make the sample
linked vectors we need two main components, the length of the " vector, and the angle to

the horizontal axis 0. Let

Y, = (X, - X)/S (2-1)

where X = > X;/nand S ={> (X, —X)?/(n —1)}1/2. Yin is now considered the length

of the vectors. Now let mj.,, m2.p, ..., Mpy be equivalent to the expected order statistics of
the standard Normal distribution, m;., = E((Xi:n- w)/o). The angle horizontal to the x-axis
is 0, = nd(m;.,) where T = 3.14159... and

o(m,,) = [(27)*'2e 2t (2-2)

Since My, < Myp < ... <Mppand 0 < d(Mj)) <1then0<0; <0, < ... <O, <7 Biplis
now considered the angle between the x-axis and the " vector.

To obtain the sample linked vectors we use the points Q; = (U;,Vi), where
U, =(Zi:|Yj:n|Cosej)/nand V, =(Zi:|Yj:n|Sin6'j)/n are the coordinates of Q, (1 =
-1 =1
1,...,n) and Qo = (0,0). U;and V; can then be defined as the test statistics, as following
U, :1/nzn:|Yi:n | Cosé, , (2-3)

i=1
V, =1/n) |Y,, |Sing, . (2-4)

i=1
To obtain the null linked vectors to construct the “known” of the null hypothesis m’;., =
E(Yin|), and E(m;.,) are used. To obtain the expected values numerical integration must

be used.



o0

n! 1 K-1 1 n—k
E(Xypn) =m IX[E—CD(X)] [§+‘D(X)] P(x)dx, (2-5)

where ¢(x) = (27) ¥2e /% and d(x) = _X[qﬁ(x)dx.

Using the expected values of m;,, and Yj., we obtain the point Q, = (U,,V,) which
becomes the null-linked vectors endpoint that is the “known”, other extensions use this
information for analysis.

In a sample that we assume to be Normal, we would expect that the sample
linked vectors would closely follow the trajectory of the null-linked vectors, as in Figure
2-5.
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However if the sample is not Normal the two paths should differ; how much they differ
by depends on the sample distribution. This use of the algorithm allows for an ad hoc
version (visual inspection) to be used and allow for distribution identification. Although
this can be done, it is rarely used because we have the test statistics that are provided by
the algorithm to more powerfully identify what a sample distribution’s true distribution
IS.

A group of extensions have been developed for the algorithm to gather more
information about both the distribution and the test statistics. Using m’i., = E(|Yix|), we

define the expected value for Q, for the Normal distribution to be E(Q,) =



(0,(1/n)2m'i:n8in¢9i). Symmetric identities for the Normal distribution can be

employed to see that E(U) = 0, and a model can be fitted to V to obtain
E(V,) =0.326601+ 0.412921/n . (2-6)

Also using more properties of the test statistics and the linked vectors we can obtain

models for the variances of U and V
Var(U,) =/ =0.02123/n+0.01765/n?, (2-7)

Var(V,) = o = 0.04427/n-0.0951/n?, (2-8)

which will help in further analysis tests. Both U and V are distributions, more
specifically Normal for large values of n. Since Qn is the joint distribution of U and V, a

test statistic for a bivariate Normal distribution can be found and simplified as

2 ITRY:
WS ing, (29

(o} O,

where o is the confidence level. Using a we can get the 100(1- a)% confidence ellipses,

which can be used to help test for Normality, as shown in Figure 2-6. We can then use
=10l x]
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a as a measure of whether or not to accept or reject the answer given by the test statistic.



One of the most powerful aspects of the test is that it provides within itself the ability to
do parameter estimation based on the test statistics. Using the statistics

T, = Z X.,Cos{r F,(m, )} and T, = Z XinSin{z F (m;,,)}we can estimate the location

and scale. For better estimates we can use

n

u=)y (Sing)X,, /c, (2-10)

i=1

N

o= i(c:osei)xm /b, (2-11)

i=1
where ¢ =) Sing, and b=>" 1, Cos6, .

The shape parameter of a distribution can also be calculated but was not done here
because no distributions with shape parameters were analyzed in this time frame of this

research.

2.3 Problems Encountered
While working with the algorithm there were a few situations in which

interpretations of wording came up and had to be addressed. Also some information was
obscure and had to be found by other means. The first major problem uncovered was that
the only identification chart that could be found was in [1]. However this chart, using
their own values calculated by their models, shows this chart to be incorrect value wise.
Although the values for each of the points, and lines may be wrong, the locations seemed
to be preserved. In this case we were able to use their chart as a known to test against
ours, by comparing only relative locations and not values.

Next we were given the E(|Yi.|) in [2], but were not given any indication of
what the m;., values were, or the means to regenerate either set. The first option was to
find the equation (2-5) for the numerical integration and evaluate it to obtain the correct
values. However due to the complexity that numerical integration sometimes presents we
chose a Monte Carlo method. 1,000,000 runs of sample sizes n = 6, 10, 20, 50, and 100
were used to generate the values that the numerical integration would. As a result the

error in our answers compared to the chart answers in [5] was less then 0.0001. This



error is acceptable because through an experiment the values of U and V do not vary
greatly unless the error is above 0.01.

A problem also occurred with the wording regarding o and the *“confidence
ellipses.” It is understood that the 100(1- a)% level is the level at which the user is that
confident. For example, in Figure 2-6, the middle ellipse is the “95% confidence ellipse.”
However it is actually saying there is a 95% probability of it not being Normal instead of
being 95% confident it is Normal. As you get closer to the null endpoint the confidence
in the answer should continue to go up, until the null endpoint is hit and the confidence
should be 100%. If we used this interpretation, it says that at the null endpoint the
confidence ellipse is 0%. To resolve this wording issue, confidence ellipse could either
be considered as more of an error ellipse, or the equation could be changed to 100(a)%.

Another problem with maximizing performance deals with the fact that the
algorithm actually has 9 different ways to standardize the sample order statistics. In this
paper and the experiments presented we use what is called the Type 1 version or Q,*
[3]. This version is used because it presents the best power to identify and analyze over
the most distributions. However if we were to use each of the versions to identify and
analyze we would be able to increase the accuracy of the algorithm even further. This is
because each of the versions is sensitive to a certain distribution, and thus more powerful

for those distributions.

3.0 GUI Implementation

The entire GUI and code was built from the ground up for the sole purpose of
PDF identification without specific application in mind. All equations for the algorithm,
PDF information, and other likely equations were gathered and stored in multiple
functions. Matlab was to be the primary focus, while using Octave, a Matlab look alike,
to provide sample data. However through the Mathworks community file sharing a
Matlab function was found to generate data for all needed distributions. The GUI is
constructed of the main window where all functions takes place, along with 4 smaller

windows that only display data.

10



3.1 Main Window — Distribution

The main window is featured in Figure 3-1. The main window is divided into 3
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Fig 3-1 GUI Main Window

subsections, Distribution, Analysis, and 3D. In the top left corner is a pull down menu

that lets the user select which distribution they would like to work on, as seen in Figure

3.-2.

Cauchy
Exponential
Garmma
Gurmbel
Laplace
Logistic
Loghormsal
Marral
Pareto
Lnifarm
Wbl

Fig 3-2 Distribution List
There are currently 11 different distributions that can be chosen for the first part of the

tool. The user simple chooses which of the distributions they would like to begin with.

11



After the selection of the distribution by the user, the Std. Values pushbutton
needs to be pressed. This simply puts the values of the location, scale, skewness and
kurtosis parameters to 0, 1, 1, and 1, respectively. These values are the standard values
for each of the distributions except for the Pareto distribution which needs to have a
location greater than one to be defined, so its standard location value is 1. This is done to
reset the data from any previous run of the tool.

Next is the Parameters panel, as in Figure 3-3, which displays to the user the
current values of the parameters of the distribution they have chosen. For this scenario
we will be using the Normal distribution throughout the discussion of the GUI. If the
distribution is not dependent upon a parameter it becomes grayed out and unable to be
change. Also if a user decides that they would like to see the distribution with parameters

other than the standard values, they can simply change them.
Location ln—
Scale |1—
Skewness |1—
Kurtosis |1—

Fig 3-3 GUI Parameters Panel

The first set of tools that can be used are contained in the Distribution panel, as
in Figure 3-4. Within the panel are 3 pushbuttons and an edit text area. The Distribution

pushbutton takes the type of distribution selected by the user, and the parameters selected

Distribwtion

Distribution | Dist / Hist |

Histogram | il I

Fig 3-4 GUI Distribution Panel
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by the user, and plots the PDF on the graph on the right hand side of the GUI, as seen in
Figure 3-5.
The Histogram pushbutton is similar in that it takes the selected distribution and

the set parameters. It plots a histogram of 1,000,000 samples, as shown in Figure 3-6.

Fle Edi Vew [nseit ool Deskop Window Hep

INarmal - St Values

0.45

Locetion 0

Scale 1

Skewness T
=

Kurtasis 1

— Digtrioution

Distriution Dist / Hist
Hstogram | M [ 100

— nalysis

[y | [Gomie
ot | a w0
S
[T

Fig 3-6 GUI Histogram Plot

The Histogram is also ruled by another parameter which is the number of bins to sort the
data into. This parameter can be defined by the user as was the parameters of the
distribution. The edit text box labeled N is where the user is allowed to make changes to

the number of bins. For Figure 3-6 the current N is equal to 100, however we can change

13



that to any number we choose, as long as it is a positive integer. Changing the number of
bins allows the user to maximize the power of the histogram by choosing the optimal
number of bins.

The last tool in the group is the Dist/Hist pushbutton. This first plots the
histogram of the distribution with the selected parameters and bins, and then plots the
distribution over it, as in Figure 3-7. However this tool can only be used after the

=
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Fig 3-7 GUI Dist/Hist Plot

Histogram pushbutton has been used because it reuses the data from the Histogram tool
instead of creating another different set. For larger bin sizes there would be no large
difference if two data sets were constructed, though as bin sizes decrease the appearance
of the Histogram begins to vary more.

This tool is not a necessary part of the GUI since its function has nothing to do
with the Ozturk algorithm. However this can be used more so as a learning feature to be
able to identify the different distributions. Also if a user has a known shape and known
parameters but does not know the distribution it is, this could become a potential
identification tool.

3.2.0 Main Window — Analysis

The Analysis panel contains the main tools that have been defined in the Ozturk
algorithm, as shown in Figure 3-8. It contains four different pushbuttons that are all
functions of the algorithm, and an edit text box for the sample size of the data. There are

14



a few restrictions in place as to how to operate within this panel. First when testing a
sample, the data must be given in a .mat file and the variable of the data must be call
X_userdata. Also within the data, if there is more than one data set that is given in the
variable they must be arranged by having the first data set in the first column, the second
set in the second column, etc. With regard to the direction of the pushbuttons, the
Normality pushbutton must be first because it loads the sample data from the source then

saves it to another file from which the other pushbuttons can use it from.

— &nalysiz

Mormality | Pararn Est |

T Chart | n 100
I Analysiz |

Fig 3-8 GUI Analysis Panel

For our purposes we will use a data set that has been given in [2], which contains 3 data
sets, two generated by a Normal distribution and the third by an Exponential.

Sample 1: 5.62 6.76 7.90 577 751 492 443 6.51 530 891

Sample 2: 7.43 555 291 4.17 127 544 8.89 875 6.20 7.14

Sample 3: 8.51 7.12 21.49 7.15 6.94 1297 7.30 0.19 7.20 4.18
Preliminary tests were run on the data sets to see if their true distributions could be found.

All tests proved inconsistent and could not tell us the true distribution, Figure 3-9 — 3-11.
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Fig 3-9 Sample 1 Histogram
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Fig 3-10 Sample 2 Histogram Fig 3-11 Sample 3 Histogram

The Normality pushbutton runs the Ozturk algorithm. After pressing the
pushbutton the user is prompted to pick which file they would like to load into the GUI
for testing, as in Figure 3-12. After the selection has been chosen the data is put through

Select Data for Test 2x|

Lok jr: I =3 Ozturk j - £f B~
CIFunctions ] DataC 2 Nullun ] Userlnn
I Hist3D & Datal & Nullvn & User¥nn
L)ID Chart Data 51 DataHist & PlokData & Userxbarin

cdata o] Dakan ] Useralpha o] ¥ _Userdata

Datad ] Datansize G Userfilename (51 ZSample

Datab Ej Datay Ej UserSin
File name: || Open I
Files of type:  [MAT files [ mat] =l Cancel

Fig 3-12 GUI Data Selection Window
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the algorithm one data set at a time. The null-linked vector is plotted, along with the
sample vectors for each of the sample data sets, and the confidence ellipses are drawn, as

shown in Figure 3-13.

Ee [t Vew et Jooks [eddtop Wedow Hep

Paramaters

Location

02 01 o o1 02 03 04

Fig 3-13 GUI Normality Test Plot

Within this test we can gain valuable information about the sample data with what little
information we have about the sample data already. First the null-linked vector is plotted
as a blue dotted line. Next any line that falls inside of the 95% confidence ellipse is
plotted in red, and any line that falls outside of that ellipse is plotted in black. Within the
edit text box we can now see the sample size of the data; in this case the data vectors are
all 10 numbers long. From this graph we are able to identify which two samples are from
Normal distributions and the one from an Exponential distribution. More generally if a
normality test fails or is in question we would still like to automatically determine the

underlying distribution.

3.2.1 User Data Window
One of the functions within the Normality test is the ability to display

information about each of the data samples. To do this a user has to click on the sample
linked vectors that they wish to view the data on. This click will open another smaller
GUI that displays the mean, standard deviation, o value, U, V, and filename from which
the data
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sample was taken from, as in Figure 3-14. Then sample mean and standard deviation are
found using Y:ZXi/n and S ={> (X, —Y)zl(n—l)}l/2 instead of the parameter

estimation techniques, and the o value is calculated from 2-14.

i

— Parameters

Mean

Standard Deviation

— Statistics

Alpha Lewvel

Un

T

Wh

1

File Mame

Fig 3-14 User Data Window

3.2.2 Identification Chart
The basic idea behind the ID chart is that if the data isn’t Normal then the

endpoint is going to fall somewhere away from the Normal endpoint. Using data from
other generators to simulate other distributions a library of points of these distributions,
based on the reference distribution (the Normal) can be formed on a plot. This set of
predefined points for a given sample size is known as the ID chart. For each size of n the
ID chart must be redefined because each n has a specific endpoint that is calculated. This
is the heart of the Ozturk algorithm in that it can identify the distribution with the sample
data set it has in just one pass. When the sample vector is plotted, the “closest” point to
the endpoint is considered to be the true distribution for that data. The more distributions
that are plotted onto the ID chart the higher the power of the chart in identifying the
different distributions although more overlap may occur.

Using the chart from [1] as an example we notice that there are both points and
lines on the ID chart. This is associated with the properties of the algorithm. Since the

algorithm is scale and location invariant, there are no variables for certain distributions so
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these plots of the location-scale families become points on the chart. However there are
those families that have a shape parameter to them such as skewness or kurtosis. When
the distribution has one shape factor it then has one variable and a line is plotted onto the
chart instead of a point. If a distribution has two shape factors it plots a series of lines,
instead of one.

Again using 1,000,000 runs in a MC simulation we were able to obtain the
E(|Yin|) for six distributions; Cauchy, Exponential, Laplace, Logistic, Normal, and
Uniform. The other three location-scale distributions, Pareto, Gumbel, and LogNormal
were not plotted because of difficulties regarding position and shape on the ID chart. The
last two distributions, Weibull, and Gamma were not plotted because they have one shape
parameter and time could not be allocated to finish the amount of simulations needed to
create the line with an acceptable accuracy. Also MC simulations of n = 6, 10, 20, 50,
and 100 were used to limit time and resources needed create any more sample sizes.

As a result we were able to correctly place the first six distributions on the chart,
and create a known ID chart for the five sample sizes. Within the GUI the user can then
select which of the five charts they would like to look at from the ID Chart pushbutton, as

shown in Figure 3-15.
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Fig 3-15 GUI ID Chart Plot for n = 100
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3.2.3 Distribution Type Window

In an effort to give more information to the user another window was created to

show the user the distribution type and endpoint value for the point that they click on,

Fig 3-16 Distribution Type Window

shown in Figure 3-16. This allows the user to differentiate between the points on the ID

chart, and also know what the endpoint values are for that specified n value.

3.2.4 ID Analysis

The analysis tool, whose function it is to return which distribution fits the
sample data best, can be accomplished in two ways. This section will explain the way
that could be used that follows the algorithm. The other will be discussed in the section
concerning the 3D ID analysis. The user window that is created within this pushbutton is
also described later in this section.

After the ID charts have been created and saved the analysis of the sample data
can occur. First the sample data is plotted onto the ID chart of the corresponding sample
n size, as seen in Figure 3-17. Also in the edit text box the size of the sample data is
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Fig 3-17 GUI ID Analysis Test Plot

placed on the figure. This allows for the user to visually determine which of the
distributions best fits the sample data. This method can be very inaccurate when the data
set comes close to multiple ID points.

The method that the algorithm provides for is using the o values to determine
which distribution best fits the data (this method was not used in this code because the
new extension that was conceived provided its own method of identification). Using
equation (2-9) we can calculate the a values for the Normal distribution. In order to find
the a values for all of the distributions we would have to generalize the equation. Once
generalized we would be able to obtain a values for all the distributions, and with the a
values sort them so the highest value would be the true distribution for that sample data.
This method seems feasible; in [3] there is a plot that has confidence ellipses for the

Exponential distribution.
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3.2.5 Parameter Estimation
Another extension that the algorithm lends itself to is parameter estimation.

Because the algorithm can use its own statistics, methods such as moments do not have to
be calculated for each of the distributions. Using the test statistics T, and T, the
parameters of the sample data for any distribution can be found. This is the technique
that is used for parameter estimation in the code. When the Param Est button is pressed
the sample vectors are plotted onto the ID chart of the corresponding size, as shown in
Figure 3-18. If the button is pressed after the ID Analysis button then there will be no
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Fig 3-18 GUI Parameter Estimation Plot

change in appearance of the GUI. However now when a user clicks a the sample vector a
window comes up with the values of its mean, standard deviation, and shape if it has one,

as shown in Figure 3-19. These values may vary from those that are displayed in the

«) ParamEstimation =10 x|

Iean I
Stanclard Devistion I
Shape I

Fig 3-19 Parameter Estimation Window

User Data window. This is because the User Data window is taking the sample mean and

sample standard deviation. The sample mean and sample standard deviation will not
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exactly match the true mean and true standard deviation, but should be somewhere near it

in value.

3.3.0 Main Window — 3D

The last set of tools that can be used is included in the 3D panel of the main
GUI, as in Figure 3-20. This extension of the algorithm was created this summer in order
to increase performance and enhance the plots associated with the algorithm. In order to
even begin the process a new Matlab function had to be created to construct a 3D
(technically 2D) histogram. This is accomplished by selecting a grid and creating a
sliding window that goes over each grid one at a time. It then gets all the values that fit
within that grid, and the number of values then becomes the height at that point on the
grid. The function was generalized for other applications.

3D

Dist30 | Analysis 30 |

1D Chart 30 |

Fig 3-20 GUI 3D Panel

3.3.1 Distribution 3D

With the new histogram function we are now able to take the endpoint data and
create a histogram around its null endpoint. The function to generate the Y., values was
run 50,000 times while storing all the values. Each of these sets was put into another
function to get the final endpoint of that specific run and each of the endpoints were
saved. Then the endpoints were put into the new histogram function to obtain a graph
that resembles a mountain, as in Figure 3-21. Each distribution has a different height and
shape, which allows for some difference in appearance. The plot represents the
distribution of the endpoints around the null. Also if we were to look straight down the
Z-axis we should be able to somewhat see the confidence ellipses.
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3.3.2 Identification Chart 3D

As with the ID chart we can make a new 3D ID chart of these distributions
because they are all based on their endpoints. After generating all the distribution charts
for a given n we can plot them all onto one chart because they all share the same grid, as

in Figure 3-22. Each distribution is now color coded in order to easily differentiate
ST= E
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Fig 3-22 GUI ID Dist 3D n = 100 Plot
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between two distributions. Normal is blue, Uniform is red, Exponential is black, Laplace
IS cyan, Logistic is green and Cauchy is yellow. We can now use these ID charts as we
did with the other ones, by plotting sample data onto the charts and determining the best

distribution for the data.

3.3.3 ID Analysis 3D

Using the same method above as for the 2D analysis we can plot our sample
data onto the ID chart of the corresponding size, as seen in 3-23. The data is plotted as
white “flag poles” that extend above the current ID charts. Their position is determined
the same way that the distributions are plotted, except their height is multiplied by a

factor related to the sample size to make sure they are higher than the distributions.

S E]

Fle Edit View Insert Iools Deskiop Window Help

Mormal - St Walues

Dist 30 Analysis 30
1D Chart 30

Fig 3-23 GUI Analysis 3D Plot
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Using these locations we can now provide our own analysis of the data to
determine the true distribution. This is the analytic method that we use to identify the

distributions through the ID Analysis pushbutton. First, the locations for each of the data
=10] x|

Martnal

Uniform

Exponetitial

Laplace

Logistic

LILTRS:

Cauchy

Fig 3-24 ID Analysis Window

samples is found and recorded. We then go back through for each sample and record the
heights of each distribution at that location. These values are put into the ID Analysis
window of Figure 3-24. Based on the values for each distribution you can tell which
should be the true distribution, which would be the one associated with the highest value.
This method is less complex because we take the endpoints which are already given and

find their location on the grid.

4.0 Conclusions
Through the use of the Ozturk algorithm we can clearly see its power to identify

and analyze distributions with small data sets. However one worry that has surfaced is
the possibility that the algorithm hasn’t been used, or has been and not published, in the
past ten years. This leads to concerns about the algorithm, but thus far no major

problems have been incurred with it.
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4.1 Applications of the Ozturk Algorithm
The primary purpose of the Ozturk Algorithm seems to be that of addressing the

need to analyze and/or identify statistical information. Previous work with the algorithm
has been done with radar and IR imaging at the RRS Sensors Directorate [6]. Possible
applications include signal processing, video and images (especially IR), chemical

detection, Steganalysis, etc.

4.2 Constraints of the Ozturk Algorithm

As stated previously the algorithm is not usually run for high sample sizes
because of the processing time that is needed for the calculations. One way to reduce this
time is to have the expected values that are needed such as for the Y., and m;., values.
However this is not necessary because other tests appear to be just as powerful for
identifying and analyzing at high sample sizes.

The new extension that has been created also has some time constraints on it.
Monte Carlo runs had to be cut down because of the time needed to reproduce values for
the Y., values. Each run of the simulation had to be saved which was the reason for the
time and memory issues. Then each of those runs must be put into the actual algorithm
which takes about half the above time, but is still much longer than running just one
averaged sample or a small data set. As a result all of the data must be saved to some
point on the computer and the amount of memory that is used drastically slows it down.
So both the time and amount of data that is saved are major constraints to how accurate
this new extension can be. Currently it seems feasible for our uses, and there are
possibilities to reduce this problem in further work. This may simply be a code

optimization issue.

4.3 Problems & Bugs

Within the GUI there have been some problems that have either not been able to
be fixed or the cause is currently not known for the problem and would take some

analysis to troubleshoot.
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Currently there is a problem with the Cauchy and Pareto histograms. Both of the PDF
equations work and the PDF can be viewed. However both the distributions do not have
a histogram to be viewed for some unknown reason. The cause of this has been
attributed to the data generators that were used.

Another issue is that the histogram function in Matlab takes the sum of all the
data, so when there are a million samples the highest points are close to 50,000 times
higher in height. However these values are too high and to fix this problem a weighted
factor had to be multiplied by all the histogram heights to get the right value. However
once the data has been changed it cannot be reproduced as a histogram, and must be
plotted as a bar graph. So when the histogram has a lower number of bins, usually less
then 100 for most distributions, there appear to be spaces between the bars. Histograms
are consecutive bins; there are no spaces between the bins. Although there are spaces
between the bins, they do not seem to affect the shape very much, and for larger bin
number these spaces can no longer be seen.

Some other minor flaws in the graphing of the distributions and the histograms
are the window size. At first when the scale is increasing the distribution quickly
changes. However as the values get much higher the shape begins to change very slowly.
So the window size deals mainly with the quick changes. Although the changes are
always in the window then as the scale increases the window size does also. This is what
is wanted to a point because after that point the distribution doesn’t change much, but the
window keeps increasing. This could be a simple fix, but also might not need to be fixed
due to the fact it only does it at high values, and high values are rarely used for the scale
parameter.

One of the concerns with some of the user windows is the fact that the user
doesn’t know which sample vector belongs to which data set. This was in the first
version of the User Data window but then was erased because it was thought that it
wasn’t needed. User input regarding the GUI will help us to determine the best way to

proceed.

4.4 Future Work

There is still much work that can be done to both fix problems and enhance
certain areas. The two main areas that still need work done to them is the parameter
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estimation and the new extension, the 3D histogram plots. Much of the work in the
future will probably focus on this new extension. The plans are now to smooth out the
histograms and create best fit equations to each of the distributions. These equations will
then eliminate the loading time, and will in turn make analysis faster. Other work that
can be done would be to increase the capabilities of the tool. This would include adding
more possible values for n and also including more distributions, possibly even those that
contain shape parameters. With these new shape family distributions the parameter
estimation tool would have to have its capabilities increased to estimate the shape
parameter of a distribution. Also another procedure that was not used because of our new
extension could be incorporated just as a way to double check the answers given by the
new extension. This procedure is the one that is used in the algorithm currently and is
based on the values of the a. Whichever distribution has the highest value for o then that
is ruled as the true distribution. This may or may not be more accurate then our

procedure, but only its implementation can give us the answer.
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4.6 Tabular Values
Tabular values are the Monte Carlo runs of the E(|Yi.,|) and |E(Mi.,)|, where the

value is the kth largest deviate formal a standard Normal distribution, N(0,1), for a given

sample size; or when preceded by a minus sign, the kth smallest deviate.

E (lYi:nD |E (Mi:n)|

Y6 10 20 50 100 W\ 6 10 20 50 100

1 13316 1582 1.8922 22603 2.5137 1 12667 15389 1.8676 2.2484 2.5076
2 0.6764 1.0295 14263 1.8644 2.1535 2 0.6416 1.0015 14078 1.8546 2.1482
3 02885 0.6746 11458 1.637 1.9513 3 02017 0.656 1.1309 1.6286 1.9466
4 0.3951 0.9332 1.4712 1.8062 4 0.3756 0.9211 1.4636 1.8018
5 0.2096 0.7553  1.338 1.6915 5 0.1228 0.7454 1331 1.6873
6 0.5982 1.2247 1.5953 6 0.5903 1.2182 1.5913
7 0.4545 1.1252 15118 7 0.4484 1.1193 1.5081
8 0.3226 1.0356 1.4377 8 0.3149 1.0302 1.4342
9 0.2102 0.9537 1.3708 9 0.187 0.9488 1.3674

10 0.1414 0.8777 1.3095 10 0.062 0.8731 1.3062
11 0.8065 1.2527 11 0.8023 1.2496
12 0.739 1.1997 12 0.7351 1.1968
13 0.6747 1.1498 13 0.6712 1.1469
14 0.613 1.1027 14 0.6099 11
15 0.5536 1.0578 15 0.5508 1.0552
16 04961 1.015 16 0.4935 1.0125
17 0.4401 0.9739 17 0.4378 0.9715
18 0.3854 0.9345 18 0.3834 0.9322
19 0.332  0.8964 19 0.3303 0.8942
20 0.2797 0.8596 20 0.278 0.8575
21 0.2289 0.8239 21 0.2264 0.8218
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21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

0.2289
0.1807
0.1379

0.105
0.0868

0.8239
0.7893
0.7555
0.7226
0.6904

0.659
0.6281
0.5979
0.5682

0.539
0.5102
0.4819

0.454
0.4264
0.3991

0.372
0.3453
0.3188
0.2925
0.2665
0.2406
0.2149
0.1896
0.1646
0.1404
0.1175

0.097
0.0797
0.0673
0.0608
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22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

0.2264
0.1755
0.125
0.0749
0.025

0.8218
0.7873
0.7537
0.7208
0.6887
0.6573
0.6265
0.5964
0.5667
0.5376
0.5089
0.4807
0.4528
0.4253
0.398
0.3711
0.3444
0.318
0.2919
0.2658
0.24
0.2143
0.1888
0.1634
0.138
0.1129
0.0877
0.0626
0.0376
0.0125
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