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Today, despite the relatively high accuracy of preparing geological structures for deep drilling in the Perm Krai using 3D seismic,
there is a discrepancy between the geological and morphological characteristics of structures before drilling and according to
drilling results, which makes it necessary to develop a geological and statistical approach that makes it possible to more
accurately assess the risks of non-confirmation of the geological and morphological characteristics of structures prepared for
deep drilling, as well as to determine the priority of objects for further geological exploration work.

This work describes one of the options for developing a geological and statistical approach for rank differentiation of
25 structures of the II¥ seismic reflector and 21 structures of the II" seismic reflector, prepared by 3D seismic exploration. These
structures has been already drilled by prospecting and appraisal wells within the Bashkir arch (Perm Krai).

The initial data for the analysis were from the passport of structures prepared for deep drilling: the amplitude of the structure,
the structure area according to the corresponding reflecting horizon, the ratio of the structure length to its width, the angle between the
long axis of the structure and the axis of the nearest tectonic second order element, the distance from the structure to the edge of the
nearest second order tectonic element and the distance from the structure to the center of the nearest second order tectonic element.

For each model, the nature and degree of influence of the studied indicators on the confirmability of the amplitude by drilling
was determined and described.

The assessment of differentiation of structures by class and the accuracy of determining class boundaries were confirmed when
classifying the structures of the test sample using discriminant analysis.

This geological and statistical approach can be used for a more accurate assessment of the risks associated with the problem of the
unconfirmability of the geological and morphological characteristics of structures prepared for deep drilling, as well as for identifying
priority objects for geological exploration work, regardless of their geographical location and belonging to tectonic elements.

B HacTodAmee BpeMsA, HECMOTPS Ha OTHOCHTEJIbHO BBICOKYIO TOYHOCThH NMOATOTOBKU CTPYKTYP K IIy6okoMy OypeHuio, B IlepMckoMm
Kpae IO JaHHBIM CcelicMOpa3Be[JOYHBIX pabor 3D HabmogaeTcs HECOOTBETCTBHE MeXAy IeosIoro-MopdoaornyecKuMu
XapaKTepUCTUKAMK CTPYKTYp MO pe3ysbTaTaM OypeHHs U XapaKTepUCTUKAMU 110 JAHHBIM NaclopTa MOJrOTOBJIEHHON CTPYKTYPhI K
ryIy6oKoMy GypeHMI0, 13-3a Yero BO3HUKaeT HeoOXOAUMOCTh Pa3paboTKU IeosIoro-CTaTUCTUYECKOro MOAXO0Aa, o3BoJIAIoIero 6oee
TOYHO OLIEHUTh PUCKU HENOJATBEPXKJEHHUS TIeoJIoro-Mop@oJIOrnyeckuX XapaKTepUCTUK IOJTOTOBJIEHHBIX K TIyGoKoMy OypeHHIo
CTPYKTYP, a TaKXe OIpeJieJIUTh IepBO0YepPeTHOCTh 0OBEKTOB JIA AabHeHIINX reoJIoropas3se/J0uHbIX paboT.

B panHHOU pafoTe paccMaTpuBaeTcsa OJMH M3 BAapUAHTOB pPa3pabOTKU TeoJIoro-CTaTHUCTHYECKOTO IMOAXOJa K KJIACCOBOU
muddepeHnpanuu 25 CTPyKTYp oTpaxaiomero ropusonra IIX u 21 crpykrypsl oTpaxaromero ropusonta I, noaroroeeHHsix
celicMopasBeIoYHEIMM pa6oTamu 3D M Ha TEKYI[UI MOMEHT yXe pa36ypeHHBIX TOMCKOBO-OLleHOYHBIMYU CKBaXXMHAMM B IpejieJiax
Bamkupckoro csofa IlepMmckoro kpas.

VIcXOAHBIMU JIJaHHBIMU JUUIl aHaJIM3a ABJLAUINCH CJIEAyHNiMe JaHHble 110 NAacIOpTy MOATOTOBJIEHHBIX K IJIyGoKoMy OypeHuio
CTPYKTYP: aMIUIUTYJA CTPYKTYDBI, MOATOTOBJIEHHOHM K IJIyOOKOMy OGYypeHMIO N0 NAHHBIM IAcIOpTa, IUIOmAAb CTPYKTYPHI IO
COOTBETCTBYIOIeMy OTPaXalollieMy TOPU30HTY, OTHOIIEHHE [UIMHBI CTPYKTYphl K €€ IMpUHe, YTroJl MeXAy AJUHHON OCbIo
CTPYKTYPBI Y OCbIO GJIMKaiiIero TeKTOHUYeCKOro 3JIeMeHTa BTOPOro IOPsAJKa, PACCTOsSHKME OT CTPYKTYPHI [0 Kpas GJivkaiiiero
TeKTOHUYECKOTO 3JIeMEeHTa BTOPOro NOPAJAKA U PacCTOSAHUE OT CTPYKTYPHI JIO LieHTpa GJIrkaiiIiero TeKTOHMYECKOro 3JIeMeHTa
BTOPOTO nopsjka. J[J11 Kaxaoil Moziean ObUIA onpejiesieHbl M OMMCAHbl XapaKTep U CTeleHb BJIUAHUA U3YyYEeHHBIX IOKa3aTesei
Ha MOJTBEPXAaeMOCTh aMIUIUTYABl GypeHreM.

Onenka muddepeHnuanuy CTPyKTyp IO KjaccaM M TOYHOCTh OIpeJieJIeHUs TPaHUI] KJIACCOB OBUIM IOATBEPXKAEHBI IpU
KJ1accUpUKaIUK CTPYKTYP TECTOBOM BEIOOPKU C MIOMOIIBI0 JUCKPUMUHAHTHOTO aHAJIN3A.

JIaHHEBI TeoJIoro-CTaTUCTUYECKUH MOAXOZ MOXeT NPUMeHAThcA [yl Gojiee TOYHON OLEHKM PHCKOB, CBA3AHHBIX C HPOGIEeMO
HeTOATBEPX/1aeMOCTH Ie0JIOro-Mop@oIoOrnieckux XapakTepHCTUK IIOJrOTOBJIEHHBIX K IJTyGOKOMY GypeHHI0 CTPYKTYP, a Takxe [yl
omnpeJieJieHUs NepBoOYepe/IHEIX OOBEKTOB Ie0JIoro-pas3Be/IouHbIX pabGoT, HEe3aBUCHMO OT UX reorpaduyeckoro pacHoJIOXeHHA U
MIPUHA/JIEXHOCTY TEKTOHUYECKUM 3JIEMEHTaM.
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Introduction

At present, despite the relatively high accuracy of
structure preparation for deep drilling, in Perm Krai,
according to 3D seismic survey data, there is a
discrepancy between the geological-morphological
characteristics of structures based on drilling results
and the characteristics based on the passport data of
the prepared structures for deep drilling. Currently,
despite the relatively high accuracy of preparing
structures for deep drilling, there is a discrepancy in the
Perm Krai between the geological-morphological
characteristics of the structures based on drilling results
and the characteristics according to the structural
passport prepared for deep drilling, according to data
from 3D seismic surveys. It makes necessary to develop
for developing a geological-statistical approach that
allows for a more accurate risk assessment of non-
confirmation of geological-morphological character-
ristics of structures prepared for deep drilling, as well
as determining the priority of objects for further
geological exploration work [1-10].

Differentiation of structures by prospectivity
classes and justification of the boundaries
of the identified classes

To analyze the amplitude dependencies of
structures according to the data of prospecting and
appraisal drilling (A,) on various geological and
morphological parameters, such as the amplitude of
the structure prepared for deep drilling according to
the passport data (A,), the area of the structure
according to the corresponding reflecting horizon
(Sge), the ratio of the structure's length to its width
(D/S), the angle between the long axis of the structure
and the axis of the nearest tectonic element of the
second order (y), the distance from the structure to
the edge of the nearest tectonic element of the second
order (L;), the distance from the structure to the
center of the nearest tectonic element of the second
order (L;), a stepwise multiple regression was
performed in the Statistica software for groups of
different numbers of structures N, drilled by
prospecting and appraisal wells in the territory of the
Bashkir arch of the Perm Krai [10-34].

The regression was performed for N from 3 to
18 structures including reflecting horizons (RH)
II* and II".

The ranking of the sample was made in increasing
order of structure amplitudes confirmed by deep
drilling (Ap).

Tables 1 and 2 present the results of the regression
study A, = f(Ap Sgw D/S, v, Ly, L) for RH IIF and II°.

Results of the regression study for RH II* and II*
allowed to combine the obtained geological-statistical
models, similar in the nature of the influence of
significant parameters. Thus, for both RH II* and I,
three classes of structures were identified [12-14].

The results of the regression study for RH II* are
presented in Table 1.

Class "0" RH II® characterizes the interval N,
where the formation of the first geological-statistical
model is observed, caused by a gradual increase in N
from 3 to 8. Stabilization of the first geological-
statistical model occurs at N equal to 9. There are no
statistically significant parameters in class “0”.

Class "1" RH II® corresponds to the first stable
geological-statistical model, observed at N from 9 to 12.

Statistically significant parameters that control the
model in this interval are the angle between the long
axis of the structure and the axis of the nearest second-
order tectonic element (y) and, fragmentarily, the
amplitude of the structure prepared for deep drilling
according to the passport data (A,).

The coefficient of multiple correlation (R?) in this
interval varies from 0.629 to 0.777. The value of the
p-criterion in the interval of the formed geological-
statistical model varies from 0.051 to 0.002.

The reconstruction of the geological-statistical
model from the first to the second occurs at N equal
to 13.

Class "2" RH II* corresponds to the second stable
geological-statistical model, which can be observed at
N from 13 to 18.

A statistically significant parameter in this interval is
the amplitude of the structure prepared for deep drilling
according to the pasport data (A,).

The coefficient of multiple correlation (R?) in this
interval varies from 0.558 to 0.893. The value of the
p-criterion in this interval of the formed geological-
statistical model varies from 0.017 to 0.000.

The results of the regression study for RH II* are
presented in Table 2.

Class "0" RH II’ characterizes the interval N,
where the formation of the first geological-statistical
model is observed, caused by a gradual increase in N
from 3 to 6. Stabilization of the first geological-
statistical model occurs at N equal to 7. There are no
statistically significant parameters in class “0”.

Class "1" RH I’ corresponds to the first stable
geological-statistical model, observed at N from 7 to 14.

A statistically significant parameter controlling the
model in this interval is the angle between the long
axis of the structure and the axis of the nearest
second-order tectonic element (y).

The coefficient of multiple correlation (R?) in this
interval varies from 0.682 to 0.886. The value of the
p-criterion in this interval varies from 0.000 to 0.004.

The reconstruction of the geological-statistical
model from the first to the second occurs when N
equals 15.

Class "2" RH II* corresponds to the second stable
geological-statistical model, which can be observed at
N from 16 to 19.

Statistically significant parameters in this interval
are the amplitude of the structure prepared for deep
drilling according to the passport data (A,), and, in
part, the angle between the long axis of the structure
and the axis of the nearest second-order tectonic
element (y).

The coefficient of multiple correlation (R?) in this
range varies from 0.847 to 0.880. The value of the
p-criterion varies around 0.000.

A different dependence of A, on the A,, S;,, D/S, v,
L, and L. parameters is observed in different N
intervals, which indicates the possibility of differentiating
the A, value into three ranges (classes) for each
reflecting horizon.

The calculated boundary values of different A, classes
are taken as average values between the actual boundary
values of the classes (Table 3) [32-38].

The dependencies of the free term (B) on the structure
amplitude (A,) for RH II*and RH I’ are shown in Fig. 1.

HEAPOMOJIb3OBAHUE
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8
Table 1 E
Results of the regression study for RH II* 2
B, Coefficients for parameters, fractions of units. R?, p-cr., g
No A,m A, m fractiqns of A S D/S v L L fracti(?ns fracti(?ns Class =
units P RH E c of units of units <
1 10 3 =
2 16 8 o
3 14 9 -1.837 0.005 0.000 1.000 0 8
4 11 10 9.797 -0.001 -0.001 0.000 1.000 0 w
5 13 10 7.866 -0.001 0.000 0.957 0.043 0 =
6 11 11 7.679 -0.001 0.323 0.240 0 b
7 16 12 -0.311 1.334 -0.004 -11.989 0.575 0.405 0 E
8 15 13 6.023 1.543 0.305 0.156 0 v
9 13 17 7.138 0.573 -0.202 0.629 0.051 1 8
10 18 18 6.822 0.606 -0.206 0.745 0.008 1 o
11 15 19 7.353 0.618 -0.230 0.776 0.003 1 %
12 17 19 4.809 0.818 -0.224 0.754 0.002 1 <
13 17 19 -5.727 1.575 -1.946 0.558 0.017 2 =
14 20 26 -6.139 1.708 -2.061 -4.786 0.728 0.004 2 |C:>
15 27 29 -2.119 1.380 -1.706 -5.074 0.785 0.001 2 <
16 26 31 -2.345 1.399 -1.735 -5.017 0.841 0.000 2 g
17 33 35 -0.983 1.320 -1.754 -5.668 0.880 0.000 2 C—L'
18 29 39 -1.977 1.402 -1.992 -4.401 0.893 0.000 2 5
Note: statistically significant parameters are highlighted in bold here and in table 2, for which the value is p-criteria, k>!§
characterizing the probability of an error of the first-order, less than or equal to 0.05; N — ordinal number of structures; l®)
B - free term of the regression model. El)
Table 2 gu;
Results of the regression study for RH II”
. Coefficients for parameters, fractions of units. R?, p-cr.,
No A,m Ap,m B, ffract'lons fractions fractions Class
of units Ap Sk b/s i Ly L of units  of units
1 9 7
2 14 7
3 16 11 23.000 -24.000 1.000 0
4 15 14 14.407 0.007 -1.957 -18.397 1.000 0
5 14 16 12.512 1.357 -17.644 0.000 0.000 1.000 0
6 16 16 11.609 0.001 1.022 -18.136 0.000 0.001 1.000 0
7 18 18 19.860 -0.204 0.838 0.004 1
8 20 20 19.915 -0.205 0.883 0.001 1
9 21 20 20.442 -0.216 0.886 0.000 1
10 17 24 21.303 -0.235 0.886 0.000 1
11 18 26 22.464 -0.252 0.762 0.001 1
12 24 26 23.101 -0.268 0.784 0.000 1
13 19 28 24.043 -0.279 0.701 0.000 1
14 23 28 24.816 -0.293 0.682 0.000 1
15 31 36 6.972 1.048 -1.931 -0.115 0.847 0.000 2
16 34 36 7.590 1.017 -1.920 -0.121 0.878 0.000 2
17 32 39 4.113 1.165 -1.891 -0.080 0.880 0.000 2
18 33 45 1.203 1.276 -2.326 0.879 0.000 2
Table 3
Actual and calculated boundaries of classes
Apfor RH II¥, m Apfor RHIIP, m
Class Structure type
actual interval calculated interval actual interval calculated interval
"0" Low-potential <13 < 15 < 16 <17
"1" Medium-potential 17 < ... <19 15<...<19 18 < ... <28 17 < ... <32
"2" High-potential 19 < 19 < 36 < 32 <

HEAPOMOJIb3OBAHUE
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Table 4

Free term dependence of the regression equations (B) on the amplitude of the structure (A,)

Parameter RH Class Dependence equation Coef. corr. r Nature of correlation
"0" 2.2536 + 0.2415- A, 0.074 Positive weak
g "1" 16.5285 - 0.5478 - A, -0.449 Negative weak
"2" -10.6977 + 0.2508 - A, 0.812 Positive high
A Q" 46.1277 - 2.1576 - A, -0.978 Negative high
g "1" 10.9544 + 0.4648 - A, 0.957 Positive high
"2" 31.3071 - 0.6753 - A, -0.977 Negative high
Table 5
Dependence of A, on different parameters
Parameter (x) RH Class Equation of dependence Coef. corr. r Nature of correlation
"0" 6.25 + 0.3438 - A, 0.482 Positive weak
g "1" 14.7797 + 0.2203 - A, 0.510 Positive average
A "2" 3.0385 + 1.0577 - A, 0,890 Positive high
P "0" 32,2727 -1.1818 - A, -0.479 Negative weak
g " 14.6591 + 0.4545 - A, 0.291 Positive weak
"2" 19.5 + 0.6 - A, 0.183 Positive weak
"0" 12.5476 - 0.0857 - y -0.487 Negative weak
It "1 18 + 0.0667 -y 0.522 Positive average
"2" 22.8814 + 0.3144 -y 0.960 Positive high
! "0" 17.2727 - 0.1152 - y -0.700 Negative average
i " 24 - 25714 -y -0.058 Negative weak
"2" 30.2169 + 0.2602 -y 0.807 Positive high
"0" 8.7102 + 0.898 - D/S 0.751 Positive high
It "1" 19.1133 - 0.6101 - D/S -0.282 Negative weak
D/S "2" 47.0413 - 11.3281 - D/S -0.650 Negative average
"0" 14.7429 - 0.1969 - D/S -0.093 Negative weak
* "1" 30.0038 - 3.3265 - D/S -0.719 Negative average
"2" 50.58 - 7.9237 - D/S 0,420 Positive weak
"0" 10.7303 + 8.3461E-5 - Sy 0.034 Positive weak
g "1" 18.6987 - 0.0002 - Sy -0.404 Negative weak
s "2" 25.2196 + 0.0026 - Sy, 0.417 Positive weak
R "Q" 16.0155 — 0.0015 - Sgy, -0.372 Negative weak
g "1" 26.0356 — 0.0011 - Sy -0.343 Negative weak
"2" 33.9529 + 0.0028 - Sy, 0.602 Positive average
"0" 10.9675 + 0.0002 - L, 0.268 Positive weak
g " 18.0263 + 8.3775E-5-L; 0.632 Positive average
L "2" 29.88 + 0.0002 - L, 0,050 Positive weak
£ "0" 14.1998 + 0.0007 - L 0.696 Positive average
g " 23.6705 + 0.0001 - L, 0.174 Positive weak
"2" 39.0214 + 0.0003 - L, 0.121 Positive weak
"0" 10.9056 — 1.1629E-5 - L -0.045 Negative weak
I "1" 17.5669 + 6.2671E-5- L, 0.540 Positive average
L "2" 24.5051 + 0.0006 - L 0.355 Positive weak
¢ "0" 12.2836 + 0.0002 - L 0.424 Positive weak
g "1" 22.9692 + 0.0001 - L 0.245 Positive weak
2" 26.6512 + 0.0012 - L 0.531 Positive average

From Fig. 1 it is evident that according to RH II*
for class “0” there is a weak positive dependence
of B on the A, parameter, for class “1” — a weak
negative dependence, for class “2” — a high positive
dependence; according to RH II” for class “0” — a high
negative dependence; for class “1” — a high positive
dependence; for class “2” — a high negative dependence
[32-37].

The analysis of free member dependence of the
regression equations (B) on the amplitude of the structure
(A,) for RH ITFand RH II* are presented in Table 4.

The analysis of free member dependence of the
regression equations (B) on the amplitude of the structure
(A,) for RH II* and RH II” proves that the definition of the
boundaries of classes “0”, “1” and “2” is performed
correctly.

HEAPOMOJIb3OBAHUE
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Table 6
Canonical discriminant functions
RH Root Constant A, D/S Y L eigenvalue
RH IF Cor. 1 -3.006 0.266 0.000 -0.380 -0.808 0.000 3.036
Cor. 2 0.782 0.020 0.000 0.116 -5.271 0.000 0.559
» Cor. 1 -11.581 0.492 0.001 -0.402 2.178 0.000 15.748
REL Cor. 2 -2.241 0.032 -0.001 0.552 6.035 0.000 1.815
Table 7
Qualitative characteristics of discriminant analysis
N el T bl o019 (PSSO omeponsivnes 1
For RH IIE
A, 0.417 0.381 8.937 0.005 0.763 0.237
Sru 0.164 0.971 0.167 0.849 0.655 0.345
D/S 0.166 0.955 0.257 0.778 0.687 0.313
Y 0.231 0.689 2.478 0.129 0.756 0.244
L 0.186 0.854 0.941 0.420 0.570 0.431
For RH II*
A, 0.258 0.082 61.353 0.000 0.726 0.274
SHr 0.032 0.667 2.750 0.108 0.541 0.459
D/S 0.025 0.851 0.964 0.412 0.691 0.310
Y 0.049 0.430 7.282 0.010 0.801 0.199
L 0.024 0.903 0.589 0.572 0.650 0.350

The correlation fields for RH II¥ and RH II* between
A, and different parameters are shown in Fig. 2.

The analysis of correlation fields are presented in Table 5.

The assessment of dependencies was based on the
values of the correlation coefficient (r).

According to the analysis of correlation fields the
following conclusions can be drawn [39-43]:

1. Class "0". For low-potential structures up to
15 meters along the RH II* a high positive dependence
of A, on the D/S parameter is observed; a weak positive
dependence on A, L; and Sz; a weak negative
dependence on y and L. For low-potential structures up
to 17 m along the RH I’ an average positive
dependence of A, on the L, parameter is observed; an
average negative dependence on y; a weak positive
dependence on L.; a weak negative dependence on A,,
Spy and D/S.

2. Class "1". For medium-potential structures from
15 to 19 m according to RH II* there is an average
positive dependence of A, on the A, vy, L;. L
parameters; a weak negative dependence on D/S and
Sgy- For medium-potential structures from 17 to 32
meters according to RH II’ there is an average
negative dependence of A, on the D/S parameter; a
weak positive dependence on Aj, L. and L;; a weak
negative dependence on Sg, and .

3. Class "2". For high-potential structures from
19 meters along the RH II* a high positive dependence
of A, on the y and A, parameters is observed; an
average negative dependence on D/S; a weak positive
dependence on Sg,, L. and L,. For high-potential
structures from 32 meters along the RH I’ a high
positive dependence of A, on the y parameter is

observed; average positive — on Sz; and L weak
positive — on D/S, A, and L.

Assessment of the practical application of the
constructed models

To assess the practical use of the developed
structural differentiation model, discriminant analysis
was conducted [18-20, 43-48].

Canonical discriminant functions that define the
classification process follow the laws specified in Table 6.

The root eigenvalues of the function Cor. 1 and
Cor. 2. which characterize the quality of differentiation
are 3.036 and 0.559 for RH II* and 15.748 and 1.815
for RH II", respectively. This means that in this case
the most effective method will be to separate the
classes based on Cor. 1 of the discriminant function as
the higher eigenvalue indicates a more effective
separation [43-45].

Qualitative characteristics of discriminant analysis for
RH II* and RH II?, are presented in Table 7.

The Wilks' lambda, which characterizes the ratio of
intra-group variability to total variability and determines
the quality of the grouping, in this case fluctuates
between 0.164-0.417 for RH II* and from 0.024 to
0.258 for RH II°, which means that for RH II*, the
groups are more homogeneous within themselves and
practically do not overlap with each other, compared
to RH II:.

The partial lambda determines the value of a
particular classification feature, i.e. it determines the
degree of variability of Wilks' lambda after adding a
variable. The smaller its value, the more valuable the
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Posterior probabilities for RH II*

Table 8

Posterior probabilities

N Sample Class
Class "0" (p = 0.444) Class "1" (p = 0.222) Class "2" (p = 0.333)
1 learning "0" 0.999 0.001 0.000
2 validation "o" 0.984 0.016 0.000
3 validation "0" 0.978 0.022 0.000
4 learning "0" 0.984 0.011 0.005
5 validation "0" 0.999 0.001 0.000
6 validation "0" 0.950 0.050 0.000
7 validation "0" 0.999 0.001 0.000
8 learning "0" 0.985 0.015 0.000
9 learning "0" 0.662 0.337 0.002
10 learning "0" 0.820 0.180 0.000
11 validation "0" 0.973 0.027 0.000
12 learning "0" 0.863 0.137 0.000
13 learning "0" 0.782 0.147 0.071
14 learning "0" 0.514 0.471 0.015
15 validation "1" 0.016 0.983 0.001
16* learning "0" 0.758 0.239 0.003
17 learning "1" 0.079 0.742 0.178
18 learning "" 0.230 0.769 0.000
19 learning "1" 0.057 0.888 0.055
20* learning "0" 0.591 0.136 0.273
21 learning "2" 0.013 0.080 0.907
22 learning "2" 0.001 0.019 0.981
23 learning "2" 0.001 0.009 0.990
24 learning "2" 0.000 0.000 1.000
25 learning "2" 0.000 0.001 0.999

Note:Incorrect classifications of the learning sample are marked (*) and are caused by the fact that the A, value belongs to the
boundary value of the classes.

Posterior probabilities for RH IIP

Table 9

Posterior probabilities

N Sample Class
Class "0" (p = 0.333) Class "1" (p = 0.444) Class "2" (p = 0.222)
1 validation "0" 0.929 0.071 0.000
2 learning "0" 1.000 0.000 0.000
3 learning "0" 1.000 0.000 0.000
4 validation "0" 1.000 0.000 0.000
5 learning "0" 0.998 0.003 0.000
6 learning "0" 0.871 0.129 0.000
7 learning "0" 0.999 0.001 0.000
8 learning "0" 0.965 0.035 0.000
9 learning "1" 0.011 0.989 0.000
10 learning "1" 0.000 1.000 0.000
11 learning "" 0.034 0.966 0.000
12 learning "1" 0.003 0.997 0.000
13 learning "1" 0.014 0.986 0.000
14 learning "1" 0.000 1.000 0.000
15 learning "" 0.000 1.000 0.000
16 learning "1" 0.000 1.000 0.000
17 validation "1 0.000 1.000 0.000
18 learning "2" 0.000 0.000 1.000
19 learning "2" 0.000 0.000 1.000
20 learning "2" 0.000 0.000 1.000
21 learning "2" 0.000 0.000 1.000
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feature is. In this case, the most valuable variable for RH
II® is A, while for RH II?, it is both A, and y.

The root graphs of discriminant functions
Cor. 1 and Cor. 2 for RH II* and RH II* are presented
in Fig. 3.

According to RH II* class "0" is located only
in negative values of Cor. 1 and in both negative and
positive values of Cor. 2; class "1" is located in both
negative and positive values of Cor. 1 and only in
positive values of Cor. 2; class "2" is located only
in positive values of Cor. 1 and in both negative and
positive values of Cor. 2.

According to RH I’ class "0" is located only
in negative values Cor. 1 and as in both negative and
positive values of Cor. 2; class "1" is located both in
negative and positive values of Cor. 1 and only in
negative values of Cor. 2; class "2" is located only
in positive values of Cor. 1 and only in positive values
of Cor. 2.

The posterior probabilities obtained from the
discriminant analysis, which characterize the probability
of the structure belonging to a specific class, are
presented in Tables 8 and 9 for for RH II* and RH I,
respectively [38, 41-42].

The diagram of the joint distribution of different
structure classes based on the analysis of a posterior
probabilities obtained using discriminant analysis is
presented in Fig. 4.

From the figure, it can be concluded that this
approach to ranking can be applied to various structures,
despite their geographical location and belonging to
tectonic elements, since structures of all classes are
distributed universally.

Conclusion

As a result of analyzing the dependencies of
structure amplitudes based on exploration and
appraisal drilling data on various geologic-morphological
parameters such as amplitude of the structure
prepared for deep drilling according to the passport,
area of the structure on the corresponding reflecting
horizon, ratio of the structure length to its width,
angle between the long axis of the structure and the
axis of the nearest second-order tectonic element,
distance from the structure to the edge of the nearest
second-order tectonic element, and distance from the
structure to the center of the nearest second-order
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tectonic element, geological-statistical structure
models of three classes with different prospects were
developed. For each model, the character and degree
of influence of the studied parameter on the
confirmation of drilling amplitudes were determined
and described.

The differentiation of structures by classes and the
accuracy of determining the boundaries of classes were

confirmed when classifying the test sample structures
using discriminant analysis.

This geological-statistical approach can be used for
a more accurate risk assessment of geologic-
morphological characteristics of structures prepared for
deep drilling, as well as for determining priority
geologic exploration targets, despite their geographical
location and belonging to tectonic elements.
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