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P R IN C IP A L  CO M PONENT A N A LYSIS FO R F IE L D  SEPARA TIO N

A b s tra c t.  The a r tic le  con ta in s  d iffe ren t techn iques o f geophys ica l data 
pro cess ing  by  us ing  so ftw a re  M athem atica . F ie ld  sep ara tion  is  one o f the 
m ost im p orta n t p ro b lem s in  geophys ica l da ta in te rpre ta tion . For po tentia l 
fie ld s , w hen th ere  a re  obse rva tion a l data fo r th e  bo th the  p ro file  survey and 
area survey. The fie ld  sep ara tion  becom es a p rocess o f es tim a tion  o f low 
frequency com p on en t, i.e ., th e  reg iona l anom a ly , on the on e  hand, an d  high- 
freq ue ncy  f ie ld  com p on en t, i.e . the res idua l o r  loca l an om a ly  on th e  other 
hand.

P rinc ipa l com p on en ts  an a lys is  fo r fie ld  separa tion  pro v id es  im m edia te  insight 
in to  the  s truc tu re  o f fie ld  da ta and is app lied  fo r m od e ling  th e  anom a ly  fie ld  
th a t con ta in s  d iffe ren t bodies.

The ca lcu la tio n  p ro cess is  rea lize d by using th e  com p ute r a lg eb ra ic  system  
(m a the m atica ). The resu lt o f  research  is used in  geophys ica l fie ld  separa tion  
fo r geop hys ica l in te rpre ta tion .

1. In tro d u c t io n

T rad it iona l interpretations o f the geophysical data have cocentrated on one or two 

preselected variables or functions o f the variables. However, the m ultivariate structure of 

the data suggests that statistica l techniques of m ultivariate analysis are appropriate.

P rin c ipa l components analysis as a m ultivariate exploratory techniques provides a 

useful starting point for fu rther investigations. It may also provide insight into the 

geological processes underly ing the data. It is a method for decomposing the total variation 

o f m ultivariate observations into linearly  independent components o f decreasing inpotance.

In this article, the p rin cipa l component analysis is used for fie ld separation and 

intergrated data processing.

1. A p p lic a t io n  o f  the  p r in c ip a l com p on e n t ana lys ic: F ie ld  s ep a ra t ion  fo r  a rea l 
su rv e y  da ta

Consider the application of the principal component analysis for fie ld  separation 
when there are areal survey data. L e t the set o f random values X] ,...,XN be presented by 

two-dimensional data file  (areal survey data) fo r the same physica l field, in  the form of 
matrix o f N  rows and n columns. The  algorithm  o f fie ld separation include the following 

operation:

Calculation o f  the mean for each profile:
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where xkj are the observed fie ld  data for the kth point o f the ith  profile.
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Calculation o f  covariance for each pair o f profiles

bjj = - £ ( X k i  - x i)(xkj ~x j) . i. j=  1.2, -

Construction o f  covariance matrix B:

f ill b|2 '»1
I bN2 ... I

where bii is  the observ ed data variance for the ith  profile and 6y = bjị

Calculation o f  the m axim um  eigenvalue /.max by solving the m atrix equation. 

'b u  -X. b l2 ... b]N

b?',! -  baN

. .1 bN2

The eigenvalues o f th is equation ?.J, ...,XN are the roots o f the equation, w ith  the 

determ inant o f (B -  I) being equal to zero. Father, it is  necessary to select the maximum 

eigenvalue among the obtained roots.

O btaining the m axim um  eigenvector o f  matrix B, which correspond to the Ảmux , w ith 

the aid o f the set of equations:

(bj| - ^max)®11 + b ia®12 +... + b|f

b 12a.

+ b ,2a 12+... + b lNa 1N =

1 + (b22 -? -mils)a,2 + ... + b 2Na 1N =

b lN a l l  + ^2Na 12 + ...... + (^NN -  ^max )®1N -  0

The eigenvector a](a11ta i2>-»>&iN) is determ ined in  terms o f normalization 

= 1, i =1, 2, The  physical sense of such norm alization im plies the expression of

the transformed data at the same scale as the prim ary fie ld data.

Finding o f  the first principal component Y] = a'X or

= (*11 .*12

W e can regard the values Y)K  (k = 1,2, ...,n) as the weight coefficients for each point 

o f the fie ld data. In th is connection, the values a ! j (i = 1 , 2 , N)  determ ine the weight 

coefficient for each profile.

E stim ation o f the field component, characterized by maximum variance, using the 
matrix expression:



P r in c ip a l c o m p o n e n ts  a n a ly s is  for...

y ii® n  + X 1 y n a 12 + x 2 . • y u « iN  + XN

.. rt'g _ 
ki ~

Y ,2
(an , a 12, ... a 1N)+ X i = y I2a i 1 +Xi y 12a 12 + x 2 .. y I2a lN  + XN

Y ,„> .y ina l l  + X 1 y in a 12 + x2 • y i na iN  +*N ,

The fie ld  component having the maximum variance, ensures the estimation o f the 

regional anomaly when Xmax = (70 -90% )^  A., . Since xỹg is the estimation o f the regional 

anomaly, then the difference xjjj0 = Xjji -  x£jg w ill be the estimation o f the local one.

On basic o f the presented about algorirhm, the program for calcu lating  regional and 

local anomalies o f potential fie ld is made by author in  language “Mathem atica”:

«  Statistics 'D escrip tiveS tatistics ' 
n = D imensions[dataO]; 
n 1  = n Ị ỊIỊỊ :  
n2 =  n[[2 ;
b = Identity Matrix(n2];
D o[x[i] = M ean[dataO[[i]]], (i, n1}]
D o(D o[b[[i, j j ]  = Sum[(dataO[[k, i]] -
X[i])(data0([k, j]] - x [j]) , {k. n1>]/n1. {». 1. n1}]. {j, 1. n1}]
d = E igenvectors(b);
{d([1]].data0};
d a ta i = Transpose[% ].{d|[1]]};
Do[Do[data1([i,j]]= data1[[i. j]] + x[i], 0, n1}J, {i, n2}J
dto = ListContourPlotfdataO, ContourShading -> False, Contours -> 20.

Fram eLabel -> {"x.100 m", "y.100 m"},
C ontou rS ty le  -> RGBColorJO, 0, 1]J; 

dt1 = L istC ontourP lo t[ 
d a ta i,  C ontourShading -> False, C ontours -> 20, F ram eLabel -> {"x.100 m",

"y .100 m"}, C ontourStyle -> RGBColor[0, 0 , 1]J;
dt2 = ListContourPlotỊdataO - d a ta i, C ontourShading -> False, C ontours ->
40, Fram eLabel -> {"x.100 m '\ "y-100 m "}, ContourStyle -> RGBColorỊO, 0, 1J];

M o d e lin g  d if fe r e n t  f ie ld  sep a ra t ion s . To  demonstrate the fie ld separation ability 

of the method, in  th is  article, the model of three spheres o f d ifferent prameters is selected.. 

The resu lts of calcu lation are presented in  figures 1, 2, 3.

Fig. 1 Total Anomalies F 'g-2 Regional Anomalies F ig .3 Local Anomalies
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By using p rin cipa l components analysis we may emphasize d ifferent components 

from total anomalies in  dependence o f our interpretation goal. The method was simplified 

to enable easier and thus possibly geological interpretation o f geophysical data in  different 

conditions.
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