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Abstract

Lithology is a crucial factor in reservoir characterization. Due to the limited availability of cores, the
classes of the subsurface lithologies in boreholes need to be predicted from indirect measurements like well
logs. However, the spatial interdependence between sediments and the spatial coupling between the well
logs data pose challenges in this lithology classification. Numerous proposed classifiers are based on spatial
element-wise independence and these classifiers usually fail to provide accurate predictions. In this study,
we focus on two classification models from the Bayesian and the deep learning framework, which both take
spatial context into account. We discuss a kernel-based hidden Markov (HM) model and a kind of recurrent
neural network model named gated recurrent unit (GRU). Cross-validation results from these two models
of three partially cored real wells are compared to result from a simple non-spatial deep neural network
(DNN) model. The cross-validation results indicate that the lithology classifiers from models taking vertical
spatial dependency into account are much more reliable in terms of classification accuracy and geological
interpretation. The probabilistically defined HM model performs better than the neural network GRU
model.

Keywords: Hidden Markov Model, Recurrent Neural Network, Lithology Classification, Well Logs

Inversion

1. Introduction

Lithology is one of the most crucial factors to control the reservoir characteristics. To predict this cate-
gorical attribute, qualitative analyses of the well logging curves labeled by core-plugs are usually performed.
Also, geological experience and geophysics forward modeling is involved in the classification procedure (Fre-

sia et al., 2017). However, the number of cores are limited by the costly coring operation and the fragile
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borehole condition. Thus, the quantitative information hidden in the well logging data is needed in the
classification models for the subsurface lithology distribution (Saggaf and Nebrija, 2000; Ghosh et al., 2016).

Proposed classifiers usually belong to one of two types, either multivariate statistics or artificial intelli-
gence. We focus on Bayesian classifiers from the former type and the deep learning neural networks from the
latter. In the Bayesian setting, the geological knowledge derived from the reservoir exploration experiences
are captured in the prior model while the observation response can be represented in the likelihood model
(Loures and Moraes, 2006; Lindberg et al., 2015; Corina and Hovda, 2018). The posterior model is fully
defined by the prior and the likelihood models. The Bayesian framework is frequently used in geological
inversion of well log data into lithology classes (Schumann, 2002; Eidsvik et al., 2004; Grana et al., 2012;
Moja et al., 2018). The deep learning framework provides many data-driven models. Deep learning meth-
ods, for example the deep neural network (DNN), take advantage of the hidden information of the labeled
data in order to predict attributes automatically based on few distributional assumptions (LeCun et al.,
2015; Forgione et al., 2015). In recent years, with the enormous development in the processing power of
computers, deep learning methods are applied in many research fields such as computer vision, medical
diagnostics, natural language process and robotics. Also, in geoscience research deep learning is used in
classification for lithologies and oil-water layers (Liu et al., 2009; Horrocks et al., 2015; Ghosh et al., 2016;
Maxwell et al., 2019; Saporetti et al., 2019; Tian et al., 2019).

The lithology class and the corresponding physical properties of the local sediments are mainly controlled
by the depositional environment. Since the depositional environment stays relatively stable during a period,
the sediments during one period are more similar than those sediments deposited in another period. Hence
there is a spatial dependency between the adjacent sediments. Note that we assume that there are no faults
or other post-sedimentary formation reconstructions. Furthermore, limited by the resolution of well logging
tools, the observed well log measurements may record a spatial convolution of the true physical properties
of the subsurface sediments. Each recorded value of logging curves is a weighted summation of the adjacent
sediments’ logging responses (Lindberg et al., 2015). Hence there may also be spatial coupling between the
observations. Traditional lithology classifiers in both the Bayesian and the deep learning framework treat
each sample as a spatial element-wise independent event. Fortunately, advanced models can take the spatial
dependency into account which is expected to improve lithology classification.

A first order hidden Markov (HM) model from the Bayesian setting and a recurrent neural network
(RNN) classifier named bidirectional gated recurrent unit (GRU) model from the deep learning framework
are discussed in this study. The HM model is frequently used in statistical analysis. For the lithology
classification, the prior model with the Markov chain assumption is used to capture the vertical spatial
dependency between classes (Eidsvik et al., 2004; Lindberg and Omre, 2014). The RNN model is specially
designed for sequential data processing (Cleeremans et al., 1989; Schuster and Paliwal, 1997). An advanced
version of RNN, the bidirectional GRU model, is implemented in this study as a classifier. The bidirectional
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GRU model captures the hidden information of the observations in a neighborhood of the current sample
(Schuster and Paliwal, 1997; Cho et al., 2014; Chung et al., 2014). Then the model is used for lithology
classification.

In Section 2, we describe the lithology classification challenge and present the data in our case study.
We also introduce suitble notation for the study. In Section 3, we introduce and discuss three classifiers
including the DNN model, the bidirectional GRU model and the HM model. In Section 4, we compare the
performance of the models based on the case study. In Section 5, we display the cross-validation results
for three wells and discuss the results. Finally in Section 6, the conclusion and recommendation for further

work are presented.

2. Problem definition, case study and notation

The clastic sediments of our study area are created in a beach depositional environment. Hence the
predominant deposition is widespread fine-grained sediments. The lateral continuity of the fine-grained
sedimentary layers ensure high correlation between wells. However, for sediments generated in fluvial system,
lithology identification of beach and bar sedimentary bodies are a laborious task. The rarely changed grain
size limits the discrimination of well log responses for various matrix. Low porosity and permeability restrain
the effects of formation fluids on logging measurements. Therefore the categorical information is hidden in
the multidimensional data space. Furthermore, the facies along a vertical 1D profile through the subsurface
layers should be considered as a spatial inversion problem because of interdependence between sediments and
convolution properties of well log data. In this case study we consider the lithology sequence along vertical
wells in which well-log observations are available. The sedimentary lithologies are classified as medium
sandstone (MS), fine sandstone (FS) and siltstone (SS). In the wells, the lithologies are partly observed in
core samples, see Fig.1. Note that a large proportion of the well profile lacks core samples. Five normalized
logging curves from three wells are available for us. These curves are acoustic log (AC), density log (DEN),
gamma ray (GR), log-deep resistivity (R4) and spontaneous potential (SP). Pairwise scatterplots of the
well logs sorted by lithologies are displayed in Fig.2. Although the MS layers may be identified by using
primarily the GR log, there appear large overlaps between most of the log responses for varying lithologies.
The 1D profile along the well path is discretized to T = {1,...,T}. At each t € T, a observation vector
d; = (di1,...,dr5) is provided by five well logs with d = {d;;t = 1,...,T} being the complete set of
observations. At each depth t, we assign one of the three lithologies x; € Q, : {M S, F'S,SS}. The objective
of our study is to assess the full lithology profile represented by the vector & : {ky;t = 1,...,T} given
the observations d, i.e. [k|d]. The lithology variables of interest with associated well log observations are
displayed in Fig.5a, and we need to connect these variables by a directed graph pointing from d to & in

order to make the lithology classification.
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Figure 1: Normalized well logs AC, DEN, GR, R4, SP and the cored profiles in wells

3. Methodology

We discuss three classification models: the traditional DNN model, the bidirectional GRU model and the
HM model. The former two are neural network models which are typical artificial intelligence classifiers while
the latter one is cast in a statistical Bayesian framework. Both the HM and the GRU models capture the
spatial vertical dependency in the problem, while the traditional DNN model ignores the spatial dependency.

3.1. The Traditional Deep Neural Network

As mentioned above, the traditional DNN classifier, which is found to be superior to many other simple
machine learning methods such as decision tree and k-means, provides us with the benchmark results.
DNN model assumes the observations are spatial elementwise independent. Hence it does not take any
vertical spatial dependency into account. The observations are directly processed through the DNN-layers

le].,...,LdaS

l lg—1
7 = fRelu(Fldetd + ﬁ?)

with initial condition z? = d;. The z! is a n;,-vector with ng = ng4. The unknown model parameters are
I‘id being a (n;, X n;,_1)-matrix and ,Bid being a n;,-vector. The dimension at the last layer ny, must be

4
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Figure 2: Pairwise scatterplots and histograms of all the well logs sorted by lithologies

three corresponding to Q, : {MS, F'S,S5S}. Hence the result z; = zf‘i = [t x,)rieq. 1S just based on the
corresponding measurements d;, see Fig.3.

The marginal probabilities for x; € {2, are then defined as

p(ke]d) = p(keldy) = p(ki|ze)
_ exp Zt,nt
2 wieq, XP 2k,

and a marginal maximum posterior (MMAP) criterion is used in the lithology profile prediction

Ryaap = {ky = argmax{p(k¢|d¢) };t € T}

Kt

and we use p(k¢|dy); ke € Qp;t € T for uncertainty quantification. Note that the neural network model only
provide marginal probabilities, hence no general statements about  given d can be quantified probabilisti-
cally. Moreover, realizations from [k|d] cannot be generated. The unknown model parameters denoted by
matrices I, and vectors 3. are estimated from a training set of wells [k°,d°];;¢ = 1,...,np. We use the

matching criterion for each well,
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Figure 3: Dependence structure of the DNN; (a) the lithologies profile with the corresponding observations; (b) the posterior

marginal distribution from DNN.

L(kmmap, kT, B) = Z I(Epmape = KY)
teTo

and define the estimator as

T, 8] = argrgaX{L(kMMAP, k% T, 6}
I,B:

The actual optimization is made by the advanced gradient-based optimization method back-propagation
through time (BPTT) with a fixed loss-function, and it is demanding computationally. Note that the model
parameters have no intuitive interpretation and hence we have to rely fully on the algorithm to identify a

optimum solution.

3.2. Bidirectional Gated Recurrent Unit Neural Network

In recent decade, a lot of attention has been paid to data-driven methods represented by deep learn-
ing. Deep neural network methods are believed to automatically extract the hidden information in data
concerning the variable of interest. Bidirectional GRU provides a memory unit with several gates to inte-
grate the input data at current and nearby depths. The GRU system provides an artificial vector at each
depth t called the recurrent hidden n,-vector state, a; = (as1,...,an,) by summarizing the observations
th" ={dyt =t—Ay,...,t,...,t+As} to capture the vertical spatial dependency in a 2A;+1 neighborhood.
Thereafter a general DNN classifier is activated on these artificial vectors hence the classifier is k; = g(ay),
see Fig.4. The possible interaction in the lithology vector k is not captured by the model, hence available

6
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Figure 4: Dependence structure of the RNN; (a) the lithologies profile with the corresponding observations; (b) the posterior

marginal distribution from RNN.

The bidirectional GRU model capture the information in the well logs in a neighborhood around t,
represented by th". The model iterates over t € T and for each GRU-layer [ = {1,...,L,} of dimension n;.

It sweeps A; both from above to t and below to t, and generates the recurrent hidden state for each depth

t at the current hidden layer [, i.e. al. The upward sweep of a! is made recursively for s =t — A, ...t as
follows
al_,
a. =
al-!

alf = fsigmoid(rlfac + ﬁ‘lf)

o
Cls = ftanh(rlc . Xac| + ﬁé)
12,4
ai;, = fsigmoid(riac + ﬂi)

l

1 1 l . l l
A, =y, ® Cs + [lm - au] ® As—1

The downward sweep of a} is made in a similar way in the opposite direction for s’ =t + A,...,t. The
initial conditions are a) = d,, a = dy and a,_, _; = &l 5 ., = Oi,,. Hence a, is a n; + 2n;_1-vector

l l

for | = 2,...,L, and a n; + ng-vector for | = 1. a}, al,, ¢, and a. are n;-vectors. The unknown model

7
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parameters I'l., TL and T'!, are (n; x (n; +2n;_1))-matrices for | = 2,..., Ly and (n; x (n; +ngq))-matrices for
I =1, while ﬁ;, B and Bl are all nj-vectors. The transfer functions fsigmoid(-) and fiann(-) are activation
functions which improve the nonlinear regression performance. More details of the upward and downward
sweep are presented in Appendix A.

We set the final results of the sweeps as a. = al_,, ﬁi = al,_, and then stack them to get the hidden

state for ¢ at (' layer

Hence the al is a 2n;-vector. The upward recursion at ¢ though s after the last GRU-layer is performed
to obtain the np  -vector é’tL". Similarly the downward recursion at ¢ though s’ after the last GRU-layer
provides the ny_-vector ﬁtL ?. The stacked 2ny, -vector atL ¢ = [é’tL ‘, ﬁtL 91T, which we believe has captured the
spatial coupling in observations, is then processed by the following traditional DNN classifier through the

DNN-layers Ig = 1,..., L4 of dimension n;, as

l lg—1
th = fRelu(]:‘lzdztd + Blzd)

with initial condition zg =a,?. The zf; is a ny,-vector with ng = 2ny_. The rest of the parameters are

identical to the ones in the traditional DNN classifier defined in Section 3.1. The recursion of GRU model
provides the n,,-vectors z; = z-¢ = [2t,5, |, €0, Which are dependent on the observation vector d2* through
the initiation at afg .

We define the corresponding marginal probabilities for k; € €, as

p(reld) = p(re|dP) = p(rselze)
_ XD 2tk
ZntEQN OXP Zt, k4

Lastly we use a MMAP criterion to predict the lithology class

Rarvap = {F = argmax{p(r,|d>)};t € T}

Kt
Here the uncertainty quantification is based on p(k|d5); &y € Qy;t € T. The matching criterion and model
parameter estimator used in Section 3.1 are also used here. Furthermore, the gradient-based optimizer and

loss-function for parameters estimation are identical to the ones used for the traditional DNN.

3.8. The Hidden Markov Model

According to Bayes’ rule, the posterior model is provided by
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p(/d) = Yﬁ % p(d[r)p(r)

where the likelihood model p(d|x) defines the procedure of well logs data collection, the prior model p(k)
represents the geological and exploration experience with the variable of interest , and p(d) in the equation
is a normalizing constant. In general high-dimensional models the normalizing constant is computationally
demanding to assess, but under certain model assumptions efficient recursive algorithms can be defined.
The likelihood model p(d|k) links the observations to the lithology classes, which are in focus here. We
assume that the likelihood model is conditional independent with single-site response, and can be expressed

as

p(d|r) = [ p(dilk) = [ ] p(delse)

t t

Hence the likelihood function is defined by the location-wise likelihood functions

p(dt‘lﬁlt); Rt S Q,ﬁt S ‘I

which we assume to be stationary, hence independent of ¢.

The prior model, represents our knowledge about the geological setting and sediments. A Markov chain
with the first-order Markov property is chosen to represent the spatial coupling of the lithologies. It can be
defined as

p(K) = p(k1) H p(kelki—1,.. ., k1) = p(k1) H p(ke|ke-1)

teT_q teT_1

The initial pdf p; and the set of transition matrices P¢_q ;¢ € T_; is defined as

P1 = [p(ﬁl)}/ﬂGQm
P14 = [p(re|ke-1)]w, 1 mene; €T

and we assume the transition matrices to be stationary, hence independent of ¢. Moreover the initial pdf
is defined as the stationary pdf of this transition matrix. The set of marginal prior pdfs p;;t € T can be

calculated by

Pt = [P(Ke)]kien. = Péfl,tptfﬂ teT

Due to the stationarity assumptions these marginals will be identical. The HM model is displayed in the
directed graph Fig.5b. The prior and likelihood models given above will fully define the posterior model.
The resulting posterior pdf is
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(i) = < T pldulee) > p) T ploelser)

( ) teT teT_1

1
= — (dq]k1)p(K1) I | (de|re)p(kelre—1)
p(d) "R L PR

= p(k1]d) H p(ke|ki—1,deT)
teT_4
The latter identity, which is varying through depth, entails that the posterior model is a non-stationary
first-order Markov chain (Moja et al., 2018), see Fig.5c. From Fig.5b it is easy to interpret this posterior
model. Focus on x;, and conditioning on x;_1 cuts off the lower part of the graph and hence only dependence

on dy.r remains. The recursive reverse algorithm, see Baum et al. (1970); Scott (2002); Moja et al. (2018),

can efficiently provide the initial pdf and the transition matrices

Pija = [p(k1]d)]x, eq.
Pi_14a = [p(kelke—1,der)]ke 1 mec; €T 1

The marginal posterior pdfs can be calculated as

Pija = [P(k¢|d)]k,eq, = P£71’t|dpt71\d; teT 4

and they will all depend on the full set of observations d, see Fig.5d, since they are recursively obtained
starting with p;jq which depends on d. Hence the HM model has captured the spatial coupling in the
variable k£ and in the observations d. From the posterior model we can generate posterior realizations
rapidly according to the initial posterior pdf and the set of posterior transition matrices. Moreover, the

recursive Viterbi algorithm provides the gobal maximum posterior (MAP) prediction (Viterbi, 1967),

Ryvap = argmax{p(k|d)}
K

Lastly, the posterior probability profiles for a given x can be presented as

Pr = [p(kt = Kld)|teT; K € Qp

and we quantify the prediction uncertainty by these probability profiles. An alternative naive prediction

can be defined as the MMAP predictor

Ravmap : {k = argmax{p,(x:|]d)}; t=1,...,T}

Kt

where the maximizations are made marginally.

10
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(b) the definition of hidden Markov model; (c¢) the posterior Markov chain; (d) the posterior marginal distribution from HMM.

This HM model is completely probabilistically defined, and the posterior model is assessable by very fast
recursive algorithms. The advantage of having the posterior model available is that the probability of any

statement involving « given d can be calculated. Example of relevant questions are:

e at depth t, what is the probability of having an unbroken string of three for a given lithology '

upwards?

e in the profile, what is the probability of having more than five transitions between two given lithologies

k' and k"7

Note also that the model can be extended to capture convolved observations, i.e. likelihood models
being conditional independent with multi-site response. Also higher-order Markov chain prior models can
be evaluated. These extensions, see Lindberg et al. (2015), define posterior models which also can be assessed
recursively, although with considerable larger computational demands.

We use a kernel estimator to estimate p(d|x:), see Moja et al. (2018). Denote the observed well logs of

cores of class k as d* = (d¥,...,d" ), see Fig.2, then the estimator is,

) Nk

1 & dy—dF
o (de ) = 3 Ly, Q
Pr(de|k) — 2 k( I ); k€EQ

where k(7); 7 € R™ is the kernel function and h,; is the band width which defines the smoothness of the

density distribution. The kernel function applied here is Gaussian kernel function,

11
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ka(T) = on(7;0,,3,); T€ER"

with a zero n-vector 0,, as the expectation of each class of observations d” and a (n x n)-matrix 3, as
the empirical covariance matrix. A cross validation psuedo-likelihood (CVL) method provides the optimum

band width h,, as

Ny

CVL(he) =Y pr_, (df|r)
i=1

where py_, (+) is the kernel estimator based on the observations d* = (df,...,d} ;,df,,...,d; ). Then

the estimator for the band width can be chosen as

h,, = argmax{log CVL(h,)}
hy

We use a naive counting estimator to provide the transition probabilities p(k¢|ki—1), and denote the

observed lithology classes k° = [k9, ..., k%], then
~ 1 o o
P(Kelke—1) = T_1 Z I(kY = ke NK)_1 = Kie1); Ki—1, ke € Qg
€T _q

The actual estimator is adjusted for missing observations. The associated initial pdf p; is defined by the

stationary pdf obtained by the expression

P1 = P2_1,f,P1

The estimators for the model parameters p(d:|s:); kr € Q, and p(k¢|ki—1); ki—1, ke € Qy can be justified

intuitively from the interpretation of the parameters, and they are extremely fast to assess.

4. Model comparison

We use the three wells displayed in Fig.1 for the model comparison. We do cross-validation by removing
one well at the time and estimate model parameters based on the two others. Then we make lithology
classification k* with associated probability profiles p,, = [p(kt = &|d)]tcg for k € Q, for the removed well.
Hence we got three cross-validated wells, where the truth is denoted x°. We propose three coefficients for
the performance evaluation of the DNN, GRU and HM classifiers.

The results from the cross-validation of wells are presented as follows:

e visual inspection of truth k° with classification k* and probability profiles p, for k € , for each of

the models.

12
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e classification match score C'S,; of classification for each x € Q,

Cs,. = PO (o :Ofig = K)
>oteq UK? = K)
where C'S,; € [0, 1], with CS,; = 0 for complete mismatch and M .S, =1 for full match.

e probability score PS, of probability profiles for each x € €,

S Ixt = 0)psi = wld)
> rer 1K = k)
where PS,; € [0,1], with PS, = 0 for complete probability mismatch and PS, =1 for full match.

PS,

e overfit loss OL,, for each k € Q,,

St — oS
s

where C'S¢” is the CS for the cross validation well while CS!" is the CS for training wells. Note

OL,

OL, € [0,1] where OL,, = 0 entails no overfit while OL,; = 1 entails dramatic overfit.

5. Results and Discussion

The model parameters of each model are estimated by the two training wells in each cross-validation
study. The DNN classifier is based on a 64-128-64-32-16-3 general hidden layer model, which does not take
spatial dependency into account. The large number of parameters are estimated from the two training
wells, and it requires about 2 hours on a regular Apple Mac Pro laptop. A GRU classifier with 64-128-64
memory unit layers followed by 32-16-3 general hidden layers is chosen. This model is based on a A; = 2
neighborhood hence including th*ZQ :{dsy;t =t —2,...t+ 2} in the classification at each depth ¢. The
model parameters are also jointly estimated from the two training wells, and the computer demands are
about 3.5 hours. Interpretation of the parameters from the DNN and GRU model is impossible. Hence the
neural network based classifiers should be considered as a kind of black-box model. Lastly, the HM classifier
is parameterized by a prior transition matrix between the lithologies and a likelihood Gaussian kernel. The
transition matrices are assessed by counting estimators on the training wells, see Table.1, while the Gaussian
kernel band width is estimated by cross-validation on the training wells, see Table.2. Note that in spite of
a large proportion of missing core samples, the model parameter estimates in the HM classifier are fairly
consistent. The estimation process is very efficient and the computing demand is less than 10 seconds. On
the contrary with the DNN and GRU model, all the model parameters of HM classifier can be interpreted

easily.
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Table 1: The prior transition matrices and the corresponding stationary pdfs

The training wells The prior transition matrix The stationary pdf
MS  FS SS
MS [0.9358 0.0600 0.0042] M5 |0.0995
Well A& Well B g 100068 0.9390  0.0542 FS 10.5041
ss [0.0075 0.0625 0.9300, S5 |0.3964
MS  FS SS L
MS [0.9480 0.0487 0.0024] M5 |0-1210
Well A& Well C 1 g 10,0090 0.9640  0.0270 FS 10.6595
SS [0.0012 0.0813 0.9175] S5 102195
MS  FS SS L
MS [0.9453  0.0498  0.0050 M5 10.1157
Well B& Well C | g 16 0068 09392 0.0541 FS 10.4616
SS [0.0075 0.0522 0.9403 55 0.4277]

Table 2: The optimized band widths

- Lithology class MS FS S
by
By using well A and B 2.337 2.913 1.660
By using well A and C 1.360 2.930 1.500
By using well B and C 1.363 2.926 1.730

We separately trained these classifiers by using the labeled observations from two of the wells each time.
The remaining well is taken as a blind test well to evaluate the performance of the classifiers. Hence three
blind test results for each model are provided by our study.

Fig.6-8 display the blind test results for each of the three cross-validated wells. Each display contain from
the left to right, the true profile k°, DNN classification (MMAP) and probability profiles, GRU classification
(MMAP) and probability profiles and two HM classifiers (MAP, MMAP), the probability profiles with four
realizations.

Fig.6 displays the cross-validation results of well A. The DNN model provides random, frequent and thick
SS layers with extremely thin MS layers next to them along the well profile. The GRU model provides more
FS layers at the upper and middle part. However, SS layers with unreasonable thickness are also predicted.

Both these neural network method miss the true MS layers which can be identified by core-plugs at the
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upper part. The HM model provides homogeneous prediction with thick F'S layers. Wrong MS and SS layers
are predicted in the bottom of the well. But the HM model is able to give us the correct prediction of the
MS layer at depth 2068m and always provides the predicted MS and SS layers with reasonable thickness.
Note that well A is the one with the most core-plugs, hence more samples are removed from the training
set. All models are considered to provide unsatisfactory predictions in this cross-validation study.

Fig.7 displays the cross-validation results for well B. The DNN model predicts the bottom part as a thick
SS layer with thin MS interlayers. Moreover, it arranges many layers with wrong depth for the remaining
well profile. The GRU model supply a reliable reproduction of the lithology profile. It arranges scattered
but wrongly located SS layers in the bottom of the profile. We also get a reliable reproduction by the HM
model. The MMAP is closer to the truth than the corresponding MAP because it has larger prediction
heterogeneity. The four realizations are of course even more heterogeneous prediction. According to the

MMAP, the SS layer at the bottom of the well and the thinner MS layer in the middle are correctly predicted.
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Figure 6: The cross-validation result for well A

Fig.8 displays the cross-validation results for well C. All models fail to predict the thick SS layers at the
top of the well. The DNN model predicts more MS layers and frequent MS-SS transitions in the middle

unknown part. This effect is not consistent with geological interpretations and observations in core plugs.
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Figure 7: The cross-validation result for well B
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The predictions from GRU and HM model are similar to each other. The proportion of SS increases with
depth. At bottom of well both the GRU and HM models correctly arrange the MS interlayer around depth
2153m while the HM model predicts the thickness better.

The proposed evaluation coefficients provide us with quantitative information to compare the model
performances. We calculate CS, PS and OL for each model, lithology and cross-validation. Then we take
the average values as their finally scores, see Table 3. The models which take the vertical spatial dependency
into account are superior in almost all scores except for lithology SS. The DNN model is superior for SS.
The severe over-prediction of the thick SS layers by the DNN model causes this effect. For the models with
spatial coupling, the HM model preforms better than the GRU model in all cases, also for lithology SS.

Hence we consider the HM model to be the most general and robust lithology classifier in this study.

Table 3: Model Comparison by evaluation coefficients, with best values colored

Coefficient |, —=-LIHoloBY) g FS ss

DNN model 0.176 0.558 -

CS GRU model 0.310 0.773 0.449
HM model
DNN model

PS GRU model 0.309 0.748 0.488
HM model
DNN model

OL GRU model 0.666 0.209 0.518

HM model -I 0.024 0.456

6. Conclusion

According to the predictions from the three models and the corresponding comparisons, the spatial
interdependence between the sediments and the spatial coupling of the observations are quite important
for the lithology classification. The DNN classifier which takes no vertical spatial dependency into account
provides the worst lithology classifications for all cross-validation. The GRU model which just captures the
spatial coupling in observations has medium performance in each case. And the HM model, which represents
the spatial interdependence between sediments and the spatial coupling in observations by using the Markov
chain assumption, is the most reliable one of the classifications. Moreover, the neural network training is
a time consuming process. The training time for the DNN and GRU models are dramatically longer than

for the recursive reverse algorithm of the HM model. Last but not least, the neural network methods only
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provide the locationwise classifiers. Meanwhile the HM model provides a fully specified probabilistic model
which is able to provide answers to any statement about . In this case study, a small data set collected
from just three wells is used for the experiments. Hence more comparisons and discussions based on big real

data sets from variable geological settings are needed to obtain a more reliable conclusion.
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Appendix A. The Upward and Downward Sweeps for Bidirectional GRU Neural Network

Algorithm 1: The upward and downward sweep algorithm

fori=1,...,L,do
fort=1,...,7 do
for s=t—A,...,tdo

X/ — 0 0_d.-
set a; 5, | =0i, and aj =d;

ag
ac = ;

—1
al~1
ddf = fsigmoid(:[‘(lfac + 69),
[ & _
6{9 = ftanh(rlc . ’ Kac| + /Bé)v
12,4
&L — fsigmoid(ribac + ﬂi)y
ag = al, ® ¢+ [in, —dJ@a

end

S oal .
Ap = Ag—y;

for s’ =t+A,,...,tdo

-1 — 0 0 _ g ,.
203 set a;, 5, 1 = 0iy, and a;, = dy;
-1
_ as/+1
i VAT
al

s’
.y ! X
af = fsigmoid(rfac +ﬁf)v

" .y ai« ol
Cyr = ftanh(rc ®ac +/Bc);

12n;, 4

.y o o
o, = fsigmoid(ruac + ﬂu)?

Sl =l =l . <1 =1
a, =a, ®Cy + iy, —a,]®ay

end
1 .
a, =al,_,;
=l
1|3t
A=
A
end
1 _ 14l l
a' =laj,...,ap];
end
_ L, _.L g
a=av’ [a1g7 7aTJ]
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