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Abstract

An evolutionary inversion approach is suggested for the interpretation of nuclear and resistivity logs measured by
direct-push tools in shallow unsaturated sediments. The efficiency of formation evaluation is improved by estimating
simultaneously (1) the petrophysical properties that vary rapidly along a drill hole with depth and (2) the zone
parameters that can be treated as constant, in one inversion procedure. In the workflow, the fractional volumes of
water, air, matrix and clay are estimated in adjacent depths by linearized inversion, whereas the clay and matrix
properties are updated using a float-encoded genetic meta-algorithm. The proposed inversion method provides an
objective estimate of the zone parameters that appear in the tool response equations applied to solve the forward
problem, which can significantly increase the reliability of the petrophysical model as opposed to setting these
parameters arbitrarily. The global optimization meta-algorithm not only assures the best fit between the measured
and calculated data but also gives a reliable solution, practically independent of the initial model, as laboratory data
are unnecessary in the inversion procedure. The feasibility test uses engineering geophysical sounding logs observed in
an unsaturated loessy-sandy formation in Hungary. The multi-borehole extension of the inversion technique is devel-
oped to determine the petrophysical properties and their estimation errors along a profile of drill holes. The genetic
meta-algorithmic inversion method is recommended for hydrogeophysical logging applications of various kinds to
automatically extract the volumetric ratios of rock and fluid constituents as well as the most important zone parameters
in a reliable inversion procedure.

Keywords Geophysical methods - Genetic algorithm - Zone parameter - Unsaturated zone - Hungary

water saturation in unconsolidated formations. The elec-
trical conductivity log is applicable for a general

Introduction

Direct-push measurements are widely used for the in-situ
characterization of shallow water-bearing formations.
Geophysical logging tools are usually incorporated in
the cone-penetration equipment for a more detailed and
reliable site investigation. Nuclear measurements are nor-
mally applied to estimate the shale volume, porosity and
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hydrostratigraphic analysis by giving information on the
vertical variations in hydraulic conductivity (Butler 2005).
By using the surface geoelectric method using special
electrode arrays, the drillhole information can be spatially
extended and the results of hydrogeophysical interpreta-
tion can be effectively improved (Szalai et al. 2015).
Detailed facies mapping can also be done by the lateral
correlation of electric logs measured in neighboring drill
holes (Schulmeister et al. 2003). Recently an inexpensive
nuclear magnetic resonance probe was developed to sep-
arate the mobile and bound water fractions and provide
information on the pore-size distribution and hydraulic
conductivity in direct-push drill holes (Walsh et al.
2013). Additional data acquisition techniques such as
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hydrogeochemical, seismic and tomographic measure-
ments, and groundwater and soil gas sampling possibili-
ties, are detailed in Kirsch (2006).

A direct-push technology called engineering geophysical
sounding (EGS) was developed to solve environmental and
groundwater problems in Hungary (Fejes and Josa 1990). In
addition to conventional geotechnical parameters such as cone
resistance and sleeve friction, the EGS instruments observe
the natural gamma radioactivity, neutron-porosity, bulk densi-
ty and electrical resistivity in a drill hole. During the measure-
ment, a steel tube is pushed into the ground (Fig. 1a), which is
the only material that separates the sensor from the soil. The
observed data are transferred to the surface unit through the
rods (Fig. 1b). Since there is no invasion of drilling fluid into
the formation, the measured data should not be corrected for
borehole effects. The EGS data collected by different probes
(Fig. 1c) are recorded in digital format and represented by drill
hole logs (Fig. 1d).

Fig. 1 Engineering geophysical
sounding operation in Jiilich,
Germany: a the drill rod is being
connected to the others that have
been pushed into the ground, b
wired rods prepared for
measurement with a connector
and a cone head, ¢ combined
gamma-ray probe used for the
measurement of natural gamma-
ray intensity and formation
density, d real-time visual display
of observed parameters on the
screen of E1009-type surface unit
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The geophysical model used in this study for describing the
petrophysical characteristics of the unsaturated zone contains
two types of parameters. In addition to the fractional volumes
of rock constituents and pore-filling fluids, one has to deter-
mine a certain number of zone parameters including the phys-
ical properties of clay, fluids and minerals, and the textural
features of rocks. The parameters of the first group change
rapidly with the depth, while the zone parameters are almost
constant in the entire domain of the geophysical sounding (the
maximum penetration depth is 20-30 m in loose sediments).
The model parameters included in the probe response equa-
tions are normally estimated by solving a local inverse prob-
lem at a given depth. Since having a smaller number of data
types than unknowns at the depth point, the zone parameters
are normally treated as constant, the initial values of which
are a priori given using laboratory data or by literature. If
the zone parameters were estimated by local inversion, an
underdetermined inverse problem should be solved for an
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infinite number of solutions. In that case, the problem of
ambiguity and numerical instability of the inversion
procedure could not be avoided. Instead of this, Drahos
(2005) suggested solving an overdetermined (local) in-
verse problem to give an estimate to the volumetric rock
properties by fixed zone parameters. In order to compen-
sate for different measurement accuracies and scales, the
weighted least squares method is applied (Menke 1984).
The preceding EGS inversion approach is very quick, but
rather noise sensitive, as there is barely more data than
unknowns at a given depth. Moreover, it requires the
isk, because the inversion procedure is exposed to uncon-
trolled modeling error.

So far, there has not been significant progress in the
automated determination of zone parameters even in
oilfield-well-log analysis. Narayan and Yadav (2006) give
a least squares estimate to a limited number of matrix
parameters, where only the mean values of observed well
logs are optimized in a particular water-bearing horizon.
The zone parameters of quartz and water are fixed during
the optimization procedure, while those of other minerals
(if present) are changed to a maximum of 20% of their
initial values originally given by cross-plot techniques.
Petrophysical software used by leading oil companies also
treat the zone parameters as constant, which have to be set
before the processing of well logs. One possible solution
is the use of the interval inversion technique, which al-
lows the estimation of suitably chosen zone parameters
and layer-thicknesses within the inversion procedure
(Dobroka and Szabo 2012). The interval inversion method
inverts the data set of a longer depth-interval to predict
the vertical distributions of petrophysical parameters in a
joint inversion procedure. In the framework of interval
inversion, the model parameters including the zone pa-
rameters are expanded into a series by using orthogonal
polynomials as basis functions, and the expansion coeffi-
cients are estimated by inversion. This approach is more
stable and gives more accurate results than local inversion
(Dobroka et al. 2016). For a high overdetermination (data-
to-unknowns) ratio, which is responsible for the signifi-
cant improvement in estimation accuracy, far fewer ex-
pansion coefficients are applied as unknown parameters
than inverted data. In that case, however, the vertical res-
olution of the inversion method is limited. A better reso-
lution does not allow the incorporation of too many un-
knowns. Dobroka and Szabd (2011) give an estimate to
three textural parameters and four volumetric ratios in a
Hungarian gas-bearing formation by using a simulated
annealing based interval inversion method. Other alterna-
tive methods such as factor analysis, can help reduce the
number of unknowns as they allow the independent esti-
mation of some petrophysical parameters such as shale

@hoice of appropriate zone parameters, which may pose a

volume (Szabd et al. 2014) and hydraulic conductivity
(Szabo 2015).

The zone parameters often correlate strongly to each
other and volumetric parameters, which may lead to
ambiguity in the inverse problem. Balazs (2015) theoret-
ically shows that the amount of correlation between the
zone parameters and volumetric properties increases with
the number of inversion unknowns in linear inversion. On
the other hand, parameter sensitivity experiments show
that some zone parameters, like the saturation exponent,
hardly bear influence on the observed well logs in fully
saturated formations (Dobroka and Szabo 2011). Low or
zero sensitivity to the saturation exponent and other zone
properties may cause the failure of gradient-searching in-
version methods. In addition to this problem, the linear-
ized inversion procedures tend to find a solution at a local
minimum of the objective function and are generally bad-
ly conditioned from the numerical point of view. In such
cases, when a linear inversion approach is inapplicable,
one can successfully apply a global optimization method,
e.g. simulated annealing or evolutionary algorithms (Sen
and Stoffa 2013). Global optimization methods give both
a derivative-free and a practically initial-model indepen-
dent solution, while they seek the absolute extremum of
the objective function. The class of genetic algorithms has
been used as an effective global optimization tool for bi-
ological and engineering problems and artificial intelli-
gence approaches (Cranganu et al. 2015). Similar to nat-
ural selection, the genetic search iteratively improves a
population of artificial individuals. The population con-
sists of a number of individuals each representing one
feasible solution in the model space. In geophysical inver-
sion, each model parameter is coded into a chromosome,
the basic elements of which, called genes, are randomly
exchanged and modified during the searching process. In|
advanced genetic algorithms, the model parameters are
encoded as real numbers and the genes are randomly
modified by real operations. The float-encoded genetic
algorithm (FGA) assures a high resolution of the model
space and a relatively fast solution (Michalewicz 1992).

An FGA meta-algorithm-assisted EGS inversion meth-
od, named as genetic meta-algorithmic inversion (GMI),
is suggested for the simultaneous estimation of volumetric
parameters and physical properties of clay and matrix
components (i.e. zone parameters) using engineering geo-
physical sounding data. The originally underdetermined
EGS inverse problem is solved in two overdetermined
inversion phases. In the inner loop of GMI, the volumetric
parameters are locally estimated by a linearized inversion
algorithm, whereas the zone parameters are determined by
the FGA meta-algorithm in the outer loop. The GMI as-
sures the best fit between the measured and calculated
data and gives a reliable solution practically independent
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of the initial model. Therefore, laboratory information on
zone parameters is unnecessary in this stage of interpreta-
tion. The GMI is numerically tested using engineering
geophysical sounding logs observed in a Hungarian un-
saturated loessy-sandy formation to confirm the feasibility
of the proposed inversion workflow.

Materials and methods
Forward problem

In the petrophysical characterization of unsaturated
(clastic) sediments, the rock matrix is assumed to be
composed of coarse and fine grain components and the
pore-space is occupied by freshwater and some amount
of air. In the GMI procedure, the fractional volumes of
water (Vy), air (V,), clay (V) and sand (V) are calcu-
lated locally at a given depth, while the matrix and clay
properties are estimated as constant for the entire length
of a drill hole. From the inversion results, one can de-
rive the hydraulic conductivity (Nyari et al. 2010) and
other important geotechnical parameters, e.g. undrained
shear strength (Shin and Kim 2011) and dry density
(Szabo 2012).

In the forward modeling process, theoretical EGS logs are
calculated from the known values of model parameters, which
are adjusted to observed data by inversion. The input of the
inversion procedure is composed of natural gamma-ray inten-
sity (GR), bulk density (py,), neutron-porosity (Py), and resis-
tivity (R) logs. In shallow sediments, the nuclear parameters
are calculated by the response functions suggested by Drahos
(2005) and Szabo et al. (2012), while the resistivity is calcu-
lated by the model of De Witte (1955)

GR = VyGR¢ + ViaGRy (1)
Py = Vwpy + Vel po + Veapsa (2)
q)N = qu)N,w + Vc](I)N,cl + Vsdq)NA,sd (3)
_ -1
R = (Vw + Va + Vcl)im <Vcl/(VW + Vcl) + 1 [Vcl/(vw + Vcl)]) (4)
Ry Ry
Vw + Vcl E
@ VW + Va + Vcl
Vy+Va+Vag+ V=1 (5)

where the zone parameters are gamma-ray intensity in sand
(GRyy) and clay (GR)), density of water (py,), sand (psq) and
clay (p.1), neutron-porosity of water (Py ), sand (P sq) and
clay (Pn ), resistivity of water (Ry) and clay (R.), and the
cementation exponent (m). Equation (5) represents the mate-
rial balance in the soil, which derives one of the volumetric
parameters from the others.

@ Springer

Estimation of volumetric rock properties

In the local inversion phase (inner loop) of the GMI, the frac-
tional volume of sand, water and clay is estimated in each
depth separately. The air volume is estimated outside the in-
version procedure using Eq. (5). The column vector of EGS
data observed in a given depth is

T
dlebs) — [GR(obs)’pt(’obS)’ (I)g)bs)’ R(0bs) (6)

where T denotes the symbol of matrix transpose. The model
vector of the inverse problem defined at the same depth is

m = [va Vch Vsd]T (7)

The theoretical value of the EGS data “measured” by the k-
th probe is given by the forward modeling procedure using the
relevant choice of Egs. (1)—(4)

d]((cal) = fk(VW7 VC]7 Vsda P) (8)

where p is the vector of zone parameters (k= 1,...,4). In the
inner loop of the GMI, the zone parameters are assumed to be
fixed as constant and a set of marginally overdetermined in-
verse problems (as having four data against three unknowns)
is solved along the drill hole, which has an unique solution.
Because of Eq. (4), the set of probe response functions f is
nonlinear; thus, the nonlinear inverse problem is usually line-
arized (Menke 1984). The linear approximation of data vs.
model relation is d*” =Jm, where J is the 4-by-3 Jacobi’s
matrix including the partial derivatives of EGS data with re-
spect to the model parameters given in Eq. (7). The distance
between the measured and calculated data normalized to the
data variances as a measure of instrument uncertainty is given
in the 4-by-1 deviation vector e. The objective function of the
inverse problem is

2 2 .
E = le||; + &*[|m]J; = min )

where 2 is a positive regularization parameter used for stabi-
lizing the solution of the ill-posed inverse problem. If one has
no prior information on the data variances, the deviation error
e can be normalized by the observed data to take the relative
importance of each data type into consideration in the inver-
sion procedure. The actual model is refined until the best fit
between the measured and calculated data is achieved. The
vector of model parameters is continuously improved by
m = m, + 0m in an iterative procedure, where my is the initial
model. The model correction vector dm is estimated by the
damped least squares method (DLSQ) suggested by
Marquardt (1959)

sm = (JT3+ 1) IT6d
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where dd is the difference between the measured and actually
computed EGS data vector and I is the unity matrix.

The EGS inversion method allows the checking of the
quality of the estimated model. The covariance matrix of the
model parameters estimated by a linearized inversion method
can be related to the data covariance matrix including the
variances of observed data

covm = F 'covd©®) (F_l)T (11)
where F~ ' is the generalized inverse matrix of the DLSQ
method (Menke 1984). The estimation error of volumetric
parameters is calculated as the square root of variances obtain-
ed in the main diagonal of cov m. The reliability of inversion
results can be quantified via the Pearson’s correlation matrix
(corr m) derived from Eq. (11). One can use the following
scalar for the measure of average correlation

=y £ 3 o, 571 00
S(m) =¢—— corrm),  —O,y 12
M(Mil) u=1v=1 "

where § denotes the Kronecker delta, and M is the number of
model parameters. The solution is considered to be reliable,
when the estimated three fractional volumes correlate poorly.
In opposite cases, high correlation causes ambiguity, which
prevents the reliable determination of the individual parame-
ters by an inversion procedure.

Estimation of zone parameters

The global optimization phase (outer loop) of GMI provides a
heuristic search for the unknown zone parameters. In the FGA
inversion meta-algorithm, only the zone parameters are up-
dated, whereas the volumetric properties preliminary estimat-
ed in the inner loop of iterations are treated as fixed parame-
ters. The model vector is composed of the matrix and clay
properties being the unknowns of the inverse problem

f) = [GRcla GRg, R, Pels Psds (I)Nv‘ﬂ] ! (13)

the constant values of which are estimated for the entire pro-
cessing interval. To achieve this, all data collected from the
drill hole are integrated in one data vector

3 00s 0Ds 00s 00s T
de™ = [a (14)

where N is the total number of processed depths. In the genetic
search, the lower and upper bounds of zone parameters are
first initialized. A number of randomly generated models of
zone properties as individuals is simultaneously tested during
the optimization process, in which those having parameters
out of the physical range are effectively rejected. In the first

phase of the GMI, a set of DLSQ inversion runs are executed
by fixed values of zone parameters for the determination of the
depth distribution of volumetric parameters (inner loop of
GMI). Then, the updated values of fractional volumes are
fixed, and the zone parameters are re-calculated by fitting
the observed and predicted data by the FGA process (outer
loop of GMI). The two phases of the GMI are repeated until a
stop criterion is met.

In the outer loop of GML, a population of model vectors p;
(j=1.2,...,P, where P is the population size) is gradually im-
proved to minimize the misfit between the observed data giv-
en in Eq. (14) and those calculated using Eq. (8). For data
prediction, the same probe response functions given in Egs.
(1)—(4) are used as in local inversion. The chromosome of an
individual is built up from the model parameters of Eq. (13).
According to the Darwinian theory of evolution, the fittest
individuals survive and reproduce, while others disappear
from the population over time. In this study, the fitness of
the j-th model is calculated from the normalized data deviation
along the entire length of the drill hole

where m; is the vector of volumetric parameters fixed at
the i-th depth (i=1,2,...,N) and K is the number of ap-
plied probes. The solution of the optimization problem is
to be found at F(p) = max. The value of fitness multi-
plied by —100 characterizes the relative distance between
the measured and calculated EGS logs in percent. Next, a
suitable combination of real genetic operations is used to
increase the average fitness of subsequent generations. In
order to get a quick solution and best resolution, floating-
point genetic operations such as selection, crossover and
mutation are implemented (Houck et al. 1995).

At first the fittest individuals are selected for reproduction.
In this study, the mating of individuals is performed by tour-
nament selection. In the selection process, a number of indi-
viduals are randomly chosen from the population, with re-
placement, and the fittest ones are copied into the new popu-
lation. This procedure is repeated until P number of individ-
uals have been selected. This approach is probability-free un-
like other selection methods, e.g. roulette wheel or ranking
operations (Razali and Geraghty 2011). The number of tour-
naments as a control parameter is set to ensure the develop-
ment of convergence of the genetic search. Less adaptable
individuals have a smaller chance to be selected for the next
generation if this tournament size is large. In the next step, a
pair of individuals (p, and p, ) is chosen from the actual
population that had undergone the selection process and some
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383  amount of genetic information is exchanged between them.
384 By the use of simple or multi-point crossover, the model vec-
385  tors are divided into two or more segments, the genes of which
386  are exchanged between the crossover points to get new indi-
387  viduals. The heuristic crossover extrapolates two individuals
388  as follows
389

P =P +a(f’1_f’2) (16)

P =D
390  where « is a random number generated from U(0,1). It is
392 assumed that the fitness value of p; is higher than that of
393 p,.Ifany value of p; is out of bounds, a new random number
394  is generated and Eq. (16) is recalculated. After a certain num-
395  ber of failures, the new values of model parameters are set to
396  equal the old ones. The third genetic operation is a uniform
397  mutation. For the mutation process, the model vector p; is
398  selected and its /y-th parameter is substituted with a random
399  floating-point number () generated from its pre-defined
400  range
401

» g, ifl=1I

Pi= {f)l’,, otherwise (17)
403  where 13,1 is the mutated individual. The selection and the
404  preceding genetic operations (Eqs. 16—17) are applied in suc-
405  cessive generations until a termination criterion is met. An
406  elitism-based reproduction can be optionally used, which

preserves the fittest individual(s) of the previous generation
and replaces the weakest with them in the next generation
(Bijani et al. 2012). The stop criterion is defined either as the
maximum number of generations or a specified threshold in
the distance between the measured and calculated data. In the
last generation, the model vector with maximum fitness is
regarded as the solution of the global optimization problem.
The estimation error of a zone parameter is calculated as the
standard deviation of its values obtained for different individ-
uals in the last generation.

Feasibility results
Geological setting

The GMI is tested in the Bataapati (Uveghuta) site, South-
West Hungary (Fig. 2a). Ground geophysical surveys were
previously carried out for establishing a nuclear waste repos-
itory in the igneous bedrock (Vértesy et al. 2004). The aim of
geophysical measurements in the shallow unconsolidated sed-
iments was to detect neotectonic events by tracing horizons
connected with soils and explore local hydrogeological con-
ditions. The loessy-sandy formation is deposited on a partially
weathered granite basement, where the water table is situated
approximately at the top of the granite. The EGS logs were
measured in the upper 20-30 m of the loose unsaturated for-
mation in seven drill holes (H4-H10) located 50 m apart from
each other along a 300-m-long profile (Fig. 2b). The zone

a) “ Slovakia 227 f Ukraine
W sl o 1"‘\
Austria J 3 4 )
(! Danube
2 /\r\_/
¥ (
of Hungary /
T2 » c
f{ ’\( y ©
S | oven ia Great Hungarian Plain ,-)3 g
(5— Bataapati D (14
Mecsek Nl
Mts. N U —
. 'N’J’\‘/\_/ g
s \1 £
Croatia Serbia £
[}
P
Legend
100-}| — Elevation (m)
----- Road
— EGS profile
|| @ Hole
0 — .
0 100 200

Easting (m)

Fig. 2 Location map of the studied area: a Bataapati well site in South West Hungary, b topographic map and the profile of the investigated drill holes
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parameters in Egs. (1)—(4) other than clay and matrix proper-
ties are given from the literature (Drahos 2005), i.e. R,, =12
ohmm, m=1.7, py,=1.0 g/em®, Gy = 1.0 Vv, Pya=0 V/v.
In Egs. (2)—(3), the air volume is not included, because the
mass density and neutron-porosity of air are set to zero.

Single borehole application

In a one-dimensional (1D) application of the GMI, the ver-
tical distribution of water, clay and quartz volumes and the
constant values of matrix and clay properties are simulta-
neously estimated in drill hole H4 (Fig. 2b). The input of
the inversion procedure is composed of the GR, py,, @n, R
logs measured with a sampling interval of 0.1 m. Table 1
shows a moderate correlation between the EGS measure-
ment types on average. The mean of Pearson’s correlation
coefficients calculated by Eq. (12) is $=0.55. The stron-
gest correlation is indicated between the resistivity and po-
rosity logs. The uncertainty of EGS data represented by the
data variances in Eq. (11) are chosen from Drahos (2005)

such  as  ogg = 0.05kepm®, o7 =0.01 g*/cm®,

451@?% =2510" v2/v2, J%{ = 0.05 ohm’m?. The forward

roblem is solved using Egs. (1)—(4) in both phases of the
1D GML
In the inner loop of iterations, the volumetric properties are
updated by Eq. (10), the initial values of which for each depth
are chosen as Vy,0=0.3 v/v, Vyq0=0.4 v/v, V=0.15 v/v.
The air volume is directly derived from the EGS inversion
results using Eq. (5). The optimal solution is found after 10
iteration steps in each depth. The regularization factor in Eq.
(10) is chosen as &2 =0, which shows a stable linearized in-
version process. At the end of the local inversion phase, the
1D GMI is switched to the FGA searching (outer) loop. The
fractional volumes estimated in the last iteration of local in-
version are fixed, and the start population with 30 individuals
is initialized (Fig. 3a). The search domain of the matrix and
clay properties is listed in Table 2. The fitness of individuals is
calculated by Eq. (15), which has local maxima at certain
selected values of zone parameters (Fig. 3c—d). The genetic
operators including tournament selection, heuristic crossover

Table 1  Pearson’s correlation matrix of engineering geophysical
sounding logs measured in drill hole H4

GR Po Dy R
GR 1 0.23 0.11 -0.29
Po 0.23 1 0.65 —0.73
Dy 0.11 0.65 1 —0.83
R -0.29 —0.73 —0.83 1

GR gamma-ray intensity; p, bulk density; @5 neutron-porosity; R
resistivity logs

and uniform mutation are used to find the optimal values of
zone parameters. The control parameters of FGA are chosen
as tournament size (200), crossover retry (50) and mutation
probability (0.05). An elitism-based reproduction is per-
formed, as the vector of zone parameters with the maximum
fitness is automatically copied into the next generation. After
each local inversion loop including 10 iterations, the FGA
procedure runs over 1,000 generations. The total number of
iterations of the 1D GMI is set to 10. As a result of the com-
bined use of linear and global inversion methods, the relative
distance between the measured and calculated data decreases
continuously (Fig. 3b). In the first step of 1D GMI, the relative
data distance is 39%, which reduces to 4% at the end of the
inversion procedure. The measured and calculated EGS logs
as well as the optimal values of volumetric parameters can be
found in Fig. 4. The estimation errors of volumetric parame-
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ters calculated by Eq. (11) are obtained as ov,, =0.6 V/V,6
Ovsda =54 VIV, ovq =0.93 v/v (Fig. 5). The mean correlation 237

between the volumetric parameters calculated by Eq. (12) is
S§=0.51. As part of the inversion result, the estimated values
of zone parameters including their estimation errors are listed
in Table 2. The inversion results show stable and reliable in-
version procedure. The required CPU time of the 1D GMI
using a quad-core processor workstation is 4 min 43 s.

Multi-borehole application

The two-dimensional (2D) version of the GMI allows the
estimation of the volumetric properties and zone parameters
not only along the depth coordinate but also as a horizontal
profile of drill holes. It is assumed that the zone parameters do
not change significantly in lateral direction. Therefore, the
volumetric parameters are determined in each depth by local
inversion, whereas the zone parameters are treated as con-
stants in the whole shallow region and estimated by the
FGA procedure. The only difference between the 1D and 2D
GMIs is that the fitness of the j-th model, in the 2D case, is
calculated using the data from all drill holes

~ (obs) . 29172
F (~) 1 g K ;h d g _fk(mhhpj)
Pj) = HKN™ ;=1 50iS d%’”
(18)

where my,; is the vector of volumetric parameters fixed at
the i-th depth in the A-th hole, N, is the number of proc-
essed depths in the A-th hole and A is the total number of
penetration holes. The solution of the inverse problem is to
be found at F*(f)) = max. In the 2D GMI, the GR, py, Py,
R logs measured in drill holes H4-H10 are simultaneously
inverted (Fig. 2b). The sampling interval is 0.1 m and the
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lengths of drill holes are not exactly the same (the bottom
is between 19.9-27.7 m). The total number of EGS data is
N*¥=Ny+ N, + ...+ Ny=6,972. The mean spread calculat-
ed by Eq. (12) is $=0.27, which shows weaker correlation
between the observed physical quantities than in hole H4.
This may be due to the lateral variation of lithology and
data noise. The strongest correlation is indicated between
the resistivity and neutron-porosity logs (Table 3). The
theoretical values of EGS data are calculated using Eqs.
(1)—(4), in both phases of the 2D GMI, and the same data
variances are assumed as in section ‘Single borehole
application’.

In the inner loop of iterations, the DLSQ method is used
to produce the 2D interpolated sections of volumetric prop-
erties (Fig. 6); note that the same control parameters are
used as in section ‘Single borehole application’. In the
FGA search phase, a population of model vectors (13) is

improved in 250 generations using the same genetic oper-
ations as in section ‘Single borehole application’. The fit-
ness of individuals is evaluated using Eq. (18). The esti-
mated values of the matrix and clay properties are found in
Table 4, the errors of which are calculated as the standard
deviations of model parameters given in the last generation.
At the end of the 2D GMI, the average of relative data
distance decreases from 42.4 to 4.9%. The 2D distribution
of relative data distance is plotted in Fig. 7a. The largest
deviations are associated primarily to interpolation errors
because of the different drilling depths. The quadratic mean
of the estimation errors of volumetric parameters calculated
by Eq. (11) is below 0.046 v/v (Fig. 7b), its average is
0.038 v/v, and the mean spread of the same quantities is
§=0.49. This result also shows stable and reliable inver-
sion procedure. The CPU time of the 2D GMI using a quad-
core processor workstation is 8§ min 41 s.

Table 2 Zone parameters

estimated by 1D genetic meta- Zone parameter Search domain Estimated value Estimation error Unit

algorithmic inversion in drill hole

H4 GR 8.0-12.0 8.86 0.01 kepm
GRyqg 0-2.0 1.83 0.01 kepm
el 1.9-2.3 2.07 0.02 g/em’
s 23-2.7 241 0.01 g/em’
LN 0.2-0.5 043 0.05 v/v
Ry 1.0-6.0 4.56 0.61 ohmm

GR.; and GR,, gamma-ray intensity of clay and sand, respectively; p.; and p,; density of clay and sand, respec-
tively; @y, neutron-porosity of water; R, resistivity of clay
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Discussion

The estimation of zone parameters has been one of the most
challenging task in formation evaluation. It was previously
studied that well-logging data are often insensitive to the var-
iation of zone parameters such as tortuosity coefficient and
saturation exponent, which also show high correlation to each
other. During the inversion tests, high correlation was ob-
served between the resistivity of water and density param-
eters. Because of the problem of ambiguity, the number of
zone parameters estimated by inversion is restricted; how-
ever, these numerical tests show that the matrix and clay
properties can be simultaneously estimated with the volu-
metric parameters in a stable meta-algorithmic inversion
procedure. The use of global optimization is justified since
there are several local maxima of the fitness function at
selected values of zone parameters. The adaptability, nu-
merical stability and initial-model independence of the
FGA are proven to be higher than those of linearized inversion

methods which usually become unstable in ambiguous situa-
tions and thus give a divergent solution. On the other hand, in
the traditional local inversion approach, it is inevitably impos-
sible to find a reliable solution for the volumetric and zone
parameters together in one underdetermined inversion proce-
dure (i.e. the estimation of six zone parameters and three vol-
umetric properties— nine unknowns in total—from four data
types).

The inversion results of the 1D and 2D GMIs show a
close agreement. The estimation of volumetric parameters
is made without regularization in both cases. The uncer-
tainty of the fractional volumes is proportional to that of
the input data (Fig. 5). In case of extremely noisy data sets,
the application of robust weighting procedures is advis-
able, which effectively suppress the instrument noise, es-
pecially the influence of outliers (Steiner 1991). The most
accurate parameters are the water volume and clay content,

the standard deviation of which is obtained around 1 V/V4
8

For a more reliable estimation of the matrix volume, it is

Fig. 5 Quality results of 1D Depin CR L Pu R Ve Ve Ve
. o 12 kepm 36|15 glom® 23005 vv 045 15 ohmm 90 005 vv 03 005 v 03 04 _vv__ 08
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1.2 kepm 3615
Data error

glcm3

Hole H4 Data error

inversion in drill hole H4.
Observed engineering

23

0.05 viv
Data error

ohmm 90
Data error

0.45 | 15 0.05 viv

0.3 0.05 wiv 03|
error | imati

04 N 0.8

geophysical sounding logs and

their confidence intervals (tracks

1-4). Estimated petrophysical 50
parameters and their estimation

errors (tracks 5-7) (o is standard

deviation) 100

15.0

20.0

@ Springer

567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583

5


Norbert
Öntapadó jegyzet
Please change "1 v/v" to "0.01 v/v".


AUTHORFIPROEGE:

t3.1

3.2

t3.3
t3.4
t3.5
t3.6

586
587
588
589
590

Hydrogeol J

Table 3  Pearson’s correlation matrix of engineering geophysical
sounding logs measured in drill holes H4-H10

GR Do Dy R
GR 1 0.03 0.13 0.07
Po 0.03 1 —0.01 0.08
Dy 0.13 —0.01 1 0.63
R 0.07 0.08 0.63 1

GR gamma-ray intensity; p, bulk density, @y neutron-porosity; R
resistivity logs

necessary to include new measurement types, the number of
which is relatively limited in this stage of the EGS technology.
New directions of tool development aim to measure such pa-
rameters that give information on the pore-space distribution
and the type and level of soil contamination. The obtained

a) Profile distance (5 m) Vw (VIV)
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2D Genetic Meta-Algorithmic Inversion

Fig. 6 Results of 2D genetic meta-algorithmic inversion in drill holes
H4-H10: a water volume (V) estimated by 2D GMI, (b clay volume
(V) estimated by 2D GMI, ¢ sand volume (Vyq) estimated by 2D GMI

@ Springer

values and estimation errors of zone parameters also con-
firm the feasibility of both the 1D and 2D GMI. In com-
paring the estimation results, very similar results are giv-
en for the resistivity of clay, which is a basic parameter
of the dual water model. Much larger differences are
obtained for the density of quartz and the neutron-
porosity of clay, which will be studied in the future using
different real data sets. The estimated values of zone
parameters show a close agreement also with the results
of Drahos (2005). The CPU time of the GMI is accept-
able, which can be further improved by using more pow-
erful workstations or by using the very fast simulated re-
annealing, as a quick global optimization method pro-
posed by Ingber (1989) in the outer loop of the GMI.

Conclusions

A new inversion strategy assisted by evolutionary compu-
tation is proposed for evaluating the petrophysical prop-
erties of the shallow unsaturated zone. The novel ap-
proach named GMI combines the estimation of volumet-
ric rock properties and zone parameters for improving the
reliability of hydrogeological interpretation. By the inver-
sion procedure, the physical properties of clay and matrix
are estimated from an objective source. By using an adap-
tive genetic algorithm, the inversion process is practically
initial-model independent, which does not require the ini-
tial value of the zone parameters. There is no need for
laboratory data for the inversion process; they are only
necessary for the initialization of FGA to set a possible
range of zone parameters. Another advantage of the GMI
is that with more accurate definition of zone parameters,
the response functions of the forward problem are also
automatically calibrated. The local inversion phase of
the GMI provides both a fast solution and a high vertical
resolution for the volumetric rock model, while the global
optimization process provides a derivative-free solution
for matrix and fluid parameters by effectively avoiding
the ambiguity domains of correlated zone parameters.
The latter computes the estimation error of the zone pa-
rameters from the entire population. By incorporating the
data measured on core samples, the domains of zone pa-
rameters can be further constrained or the inversion re-
sults can be confirmed with the laboratory measurements.

The GMI hopefully becomes a useful tool not only in
hydrogeophysical but also in oilfield well-logging applica-
tions where a large number of zone parameters affect the
outcome of the evaluation of hydrocarbon reservoirs.
Future research will extend the GMI to 3D applications,
which will further improve the hydrogeological model of
near-surface sediments. The optimization tool used in the
inversion procedure will be made robust by using
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Table 4 Zone parameters

estimated by 2D genetic meta- Zone parameter Search domain Estimated value Estimation error Unit

algorithmic inversion in drill

holes H4-H10 GRy 8.0-12.0 8.02 0.17 kepm
GRy 0-2.0 1.98 0.01 kepm
Pel 1.9-2.3 1.97 0.03 glem’
Dsd 23-2.7 231 0.01 g/em’
Dl 0.2-0.5 033 0.01 viv
Ry 1.0-6.0 4.19 0.49 ohmm

GR.; and GR,, gamma-ray intensity of clay and sand, respectively; p.; and p,, density of clay and sand, respec-
tively; @y ., neutron-porosity of water; R, resistivity of clay

statistically efficient weighting procedures, e.g. Cauchy or
Steiner weights, to exclude the harmful effect of outliers
and enable a more robust processing of non-Gaussian data.
The output of inverse modeling can be used fruitfully in the
factor analysis of the same EGS logs. The statistical factors
can be applied for a more reliable estimation of water sat-
uration and the derivation of hydraulic conductivity. In a
reverse process, one may increase the overdetermination of
the inverse problem by using the factor analysis-derived
water saturation as a fixed parameter during the inversion
process. The combination of the GMI with the aforemen-
tioned interval inversion method would make it possible to
further improve the estimation accuracy of volumetric pa-
rameters and to determine the layer-thicknesses in an auto-
mated inversion procedure. The latter can also be extended

a) Profile distance (5 m) Dy (%)
0 10 20 30 40 50 60 16

H4 H5 Hé H7 H8 H9 H10

Mean of data distance = 4.9 %

b) Profile distance (5 m) o, (VIV)

0 10 20 30 40 50 60
H4 H5 H6 H7 H8 H9 H10 0.045

0.043

A

0.041
0.039
0.037
0.035

0.033

0.031

Quadratic mean of standard deviation = 0.038 v/v 0.029

Fig. 7 Quality results of 2D genetic meta-algorithmic inversion in drill
holes H4-H10: a 2D section of relative data distance (Dg) between
observed and calculated engineering geophysical sounding logs, b 2D
section of average estimation error of fractional volumes (G, )

to multi-borehole applications to locate the soil boundaries
and to detect the lateral variation of the water table.
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