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Abstract
Shear wave velocity information is valuable in many aspects of seismic exploration and

characterization of reservoirs. However, shear wave logs are not always available in

the interval of interest due to cost and time-saving purposes. In this study, we present

a tailored supervised learning approach to estimate shear wave velocity from well-log

measurements in the Lower Cretaceous succession of the Valdemar and Boje fields in

the Danish North Sea. Our objective is to investigate the performance of four supervised

learning regression models (linear, random forest, support vector and multi-layer per-

ceptron). A limited well-log data set from six wells is used for training and testing the

supervised learning models. A set of well data containing normalized gamma ray, com-

pressional wave velocity, neutron porosity and medium resistivity logs gave reasonable

shear wave velocity estimates in the test wells with root-mean-square error scores within

the range of other published studies. Based on limited input data and complex geology,

the multi-layer perceptron was the most successful model in predicting the reservoir

sections of the test wells. However, all models lacked stability in the overburden zones.

Lastly, re-training the multi-layer perceptron on the six wells to predict missing shear

wave velocity in a nearby well showed promising results for further reservoir character-

ization. The obtained results can yield useful input into, for example, seismic pre-stack

inversion, amplitude versus offset analysis and rock physics analysis.

K E Y W O R D S
borehole geophysics, data processing, interpretation, modelling, rock physics

INTRODUCTION

Shear wave velocity (Vs) information from boreholes is some-

times not acquired during drilling operations to minimize

costs. However, in hydrocarbon and green energy applica-

tions, Vs log data provide crucial information to many aspects

of subsurface prospect evaluation and production, such as

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original

work is properly cited.

© 2022 The Authors. Geophysical Prospecting published by John Wiley & Sons Ltd on behalf of European Association of Geoscientists & Engineers.

amplitude versus offset (AVO) inversion (Castagna & Backus,

1993) and reservoir geomechanics (Zoback, 2007). Empiri-

cal rock physics models (RPMs) are commonly used to model

missing seismic or elastic data, especially in areas with good

well coverage for fine-tuning the model. These RPMs are

generally based on calibration coefficients and less geolog-

ical consistent parameters (Greenberg & Castagna, 1992).

1410 wileyonlinelibrary.com/journal/gpr Geophysical Prospecting 2022;70:1410–1431.
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F I G U R E 1 (a) Thickness map of the Sola and Tuxen formation in the Danish Central Graben. The Valdemar Field is outlined in the red

rectangle (modified figure from Jakobsen et al., 2004). (b) Map of the Valdemar and Boje Field with top Tuxen depth and marked well locations.

The red dashed line confines the fields.

Other RPMs, such as theoretical and heuristic models, use

continuum mechanics-based approximations of the relation-

ship between elastic and poroelastic properties of rocks

(Avseth et al., 2005). All RPMs are associated with high non-

uniqueness as there is generally not a universal model that fits

all types of rocks or zonations, and therefore, the RPM param-

eters need to be calibrated for a given data set. Furthermore,

rock physics modelling of rocks with a complex microstruc-

ture and unstable constituent properties, such as carbonates

or organic shales, is usually more challenging compared to

more homogeneous rocks, like a clean quartz-rich sandstone

(Anselmetti & Eberli, 1993; Mavko et al., 2009). The calibra-

tion of an RPM to such complex geological environments can

be supplied using supervised learning as such a data-driven

approach attempts to find a rock physics relationship based

on a set of correlated conventional well-log measurements

(Géron, 2017; Tariq et al., 2017).

Previous studies have successfully used supervised learn-

ing models in different geological areas to predict Vs logs,

yielding reliable results. In the following listed results, the

ones presented using compressional and shear sonic slow-

ness in μs/ft have been converted to velocity SI units (km/s)

when calculating the root-mean-square error (RMSE) for

comparison purposes. Rezaee et al. (2007) and Asoodeh and

Bagheripour (2012) used artificial neural network (ANN)

models with a total of 1336 and 2440 data points, respectively,

and compared the results with fuzzy logic and neuro-fuzzy

algorithms. Their ANN models had an RMSE test score of

0.23 and 0.08, respectively. Bagheripour et al. (2015) applied

a support vector regression (SVR) and ANN model to esti-

mate Vs using compressional wave slowness, bulk density,

true resistivity and neutron porosity with 2879 data points for

training and 1176 for testing. In their case, the SVR model

outperformed the ANN model with RMSE test scores of

0.07 and 0.08, respectively. Anemangely et al. (2017) com-

pared the performance of an adaptive neuro-fuzzy system

combined with particle swarm optimization (ANFIS-PSO)

algorithm with an adaptive neuro-fuzzy system combined

with genetic algorithm (ANFIS-GA) and various empirical

models in Vs estimation. 1042 data points were used in the

study from an Iranian oilfield and a 70−30% train–test–split

with input parameters of depth, neutron porosity, bulk den-

sity and compressional wave slowness. They concluded that

the ANFIS-PSO algorithm had a superior performance with

a low RMSE score for the train and test phase yielding 0.002

in both cases. Ghaithi and Prasad (2020) used six wells from

the open-source Volve data set from Equinor totalling 50 885

data points to train an ANN model and reported an RMSE

test score of 0.1. Liu et al. (2021) compared five artificial

intelligent methods (linear regression (LR), random forest

regression (RFR), SVR, XGBoost and ANN) for Vs estima-

tion introducing an approach that included using adjacent
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F I G U R E 2 Stratigraphic column scheme of the Cretaceous succession in the Danish Central Graben adapted from van Buchem et al. (2017).

depth points to increase the Vs modelling accuracy and

assess the longitudinal continuity of logs. They found that

the XGBoost model outperformed the other models in all

depth continuity configurations with the lowest RMSE test

score of 0.1. Ali et al. (2021) proposed using similarity

metrics such as Jaccard and Overlap similarities to iden-

tify and exploit common geophysical log responses between

wells as a part of the data quality control prior to Vs mod-

elling. Their ANN approach outperformed the empirical Vs

modelling using Greenberg and Castagna’s (1992) method for

the thin shale and sand layer intercalations. In 2020, the Soci-

ety of Petrophysicists and Well-Log Analysts (SPWLA) held

a machine learning competition with the task of determining

both compressional and shear wave velocity based on other

conventional logs (Yu et al., 2020) using 20,525 data points

from three wells for training and one well composing 11,089

for testing. The winning team with the lowest RMSE scores

used an ANN approach to sonic modelling. However, it was
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(a) (b)

F I G U R E 3 A schematic overview of the complete workflow.

seen that the P-wave velocity log (Vp) modelling had signif-

icantly better accuracy than the Vs log with RMSE scores of

0.06 and 0.13, respectively, on the test well for the winning

team.

The formerly mentioned studies in this subsection all esti-

mated Vs logs for large or complete depth sections mostly in

sandstone reservoirs or clean chalk intervals. The scope of

this study is to use a supervised learning approach to predict

missing Vs log information from wells located in the Lower

Cretaceous (LC) succession of the Valdemar Field in the Dan-

ish North Sea (Figure 1) and demonstrate how the modelling

can be a part of a reservoir characterization workflow. The

LC succession is known for the heterogeneous layers com-

prising hydrocarbon-bearing thin sections of marly chalk and

shale with low matrix permeabilities (Ineson, 1993; Jakobsen

et al., 2004). We exclusively investigate the LC interval of

the well logs. This is because the data in the section differ

largely from the surrounding geological deposits, and we sus-

pect that including more data beyond the LC succession would

decrease the accuracy of the models in the marly chalk LC

zones. Figure 2 shows a complete stratigraphic column of the

Cretaceous succession covering the Danish Central Graben.

The main reservoir unit of the LC is located in the upper

part of the Tuxen formation. In the Valdemar and Boje area,

located in the Danish Central Graben, the Vs coverage is lim-

ited to six scattered wells (five vertical and one horizontal)

across 260 square kilometres (Figure 1b), as around 80% of

the vertical wells drilled in the area do not contain shear sonic

log information.

In this paper, the objective is to investigate different super-

vised learning models’ ability to predict Vs logs from the LC

interval based on the six wells. This is followed by a Vs pre-

diction for a seventh well with no available Vs measurements

(well BO-1X in Figure 1b). Although the approach of estimat-

ing Vs using supervised learning is well known, the LC target

is of great complexity and with a restricted amount of well

data coverage. Therefore, the study will focus on the perfor-

mance of the supervised learning models in the heterogeneous

environment and compare their Vs estimates with a calibrated

RPM. The last part of the study will demonstrate how the
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F I G U R E 4 Data conditioning of the well logs with data point counts. (a) Distributions of the raw input of the LC sections, (b) distribution of

processed LC sections (smoothed, sections with bad borehole conditions removed and incomplete sections discarded). (c) Distributions of LC zones

for the different wells, (d) effect of downsampling VALDEMAR-2H in the Lower Tuxen. (e) Datapoint counts per well. (f) Pearson correlation map

for the different logs.

insights obtained throughout the training and testing can be

utilized to add value to a data set from a well that lacks Vs
information.

The four different models proposed to predict Vs logs

are LR, RFR, SVR and an ANN (multi-layer perceptron

regression, hereafter MLPR). The scikit-learn Python library

(Pedregosa et al., 2011) is employed for the machine learning

pipelines and models. A selected subset of well logs in four

wells tune and train the models for the Vs prediction and

two wells are sequentially used to test the fitted models.
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F I G U R E 5 A suite of conditioned well logs for the different wells. For each well: (a) caliper (CALI), (b) normalized gamma ray (GRN),

(c) P-wave velocity (Vp), (d) density (RHOB), (e) neutron porosity (CNC) and (f) S-wave velocity (Vs).

The choice of test wells is based on representing different

Tuxen formation depth intervals (Table 1). Figure 3 shows

the complete workflow of the study.

First, we review the geology of the Danish LC in the

Valdemar and Boje fields. This is followed by an overview

of the available well-log data and the pre-processing steps.

We describe the tuning and evaluation process on the train-

ing wells using the proposed models, which is followed by

examining their performances on the two test wells with Vs
coverage (Figure 1b). Next, the RPM is calibrated to the

reservoir section in one of the test wells to compare the Vs
estimation derived from the RPM with the Vs predictions from
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F I G U R E 6 Pairwise relationship of logs coloured by wells.

T A B L E 1 Reservoir target (the Tuxen formation) depth of the

studied wells

Well name Top Tuxen depth (m)

BOJE-2C 2557

JUDE-1 2520

SIAH NE-1X 2566

VALDEMAR-2H 2364

BO-2X 2373

BO-3X 2538

BO-1X 2352

the four proposed models. When the results have been eval-

uated, we investigate the last test well with no Vs available

in a reservoir characterization aspect (Figure 1b). Finally, we

discuss the shortcomings and potential improvements of the

study.

Geological background

The LC succession in the Danish North Sea remains one of

the geological units of the Danish Central Graben region that

is known to be difficult to map due to highly heterogeneous

geology. It is therefore often considered a secondary explo-

ration target. The geology of the Late Hauterivian to the Early

Aptian age deposits comprises highly layered argillaceous

chalks, marly chalks and marlstones (Figure 2) (Ineson, 1993;

Jakobsen et al., 2004). Commercial production began in the

Valdemar Field in 1993 (Copestake et al., 2003) and reveals

that there is significant hydrocarbon potential in the LC from

the Barremian-Aptian tight main chalk reservoir zone of the

Tuxen formation (Calvert et al., 2018; Jakobsen et al., 2002,

2004). The Boje Field is not a producing field, but a few stan-

dalone appraisal and exploration wells have been drilled in

the area (Figure 1). The Tuxen formation is interbedded with
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F I G U R E 7 Pairwise relationship of logs coloured by LC formations.

a thin organic-rich marlstone member, the Munk Marl Bed

(Ineson, 1993), which subdivides the Tuxen formation into an

upper and a lower zone. Shale content is larger in the LC com-

pared to the Upper Cretaceous succession. However, the chalk

in the upper Tuxen zone resembles that of the Upper Creta-

ceous with lesser shale content and shows the most prominent

reservoir characteristics of the LC with an average hydrocar-

bon saturation of 60% and porosity range around 25%–30%

for both fields (Copestake et al., 2003; Jakobsen et al., 2004).

The Tuxen formation depth varies across the Valdemar and

Boje fields and influences the geological environment of the

reservoir zone (Figure 1 and Table 1). Moreover, the thickness

and extension of the zones within the LC succession across

the two fields vary greatly due to the basin’s complicated tec-

tonic and depositional history (Møller & Rasmussen, 2003;

van Buchem et al., 2017; Vejbæk, 1986).

Data overview and processing

The following sections will focus on the workflow shown in

Figure 3a using the six wells with Vs coverage. The wells

contain conventional logging data including caliper (CALI),

bitsize (BIT), normalized gamma ray (GRN), neutron porosity

(CNC), medium resistivity (ILM), density (RHOB), P-wave

velocity (Vp) and S-wave velocity (Vs) that have been through

petrophysical evaluation. To condition the well-log data from

the six wells for the supervised learning models, the samples

are first cut in depth based on available interpretations of the

LC section. Although the Valhall formation is a part of the LC

succession (Figure 2), it is disregarded in the study as most

of the wells have insufficient coverage of the formation. The

data cover 16 defined LC zones. Figure 4a shows the distri-

butions of the input logs from the LC. The initial log data
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F I G U R E 8 Illustration of the implemented nested cross-validation workflow using a ‘leave-one-well-out’ cross-validation (modified figure

from Raschka, 2018).

quality is assessed by investigating the caliper logs. A cut-

off value of 2 inches between bit size and caliper ensures that

borehole irregularities and washouts are eliminated. Accord-

ing to the BO-3X final well report, a major stratigraphic break

was encountered at the lower part of the Albian Shale and

upper Tuxen zone. Therefore, the section is removed in the

well-log data due to erroneous log data. Depth sections of

incomplete data coverage are removed. Negative log values

are removed from the data set, and to deal with statistical

outliers, spiky log data from GRN, CNC, ILM, RHOB, Vp
and Vs logs representing unrealistic values are smoothed with

a rolling median filter (Tiwary et al., 2007; Bianco, 2014).

As the distribution of the ILM data from the wells appears

highly log-normal in Figure 4a, a logarithmic transformation

is applied to make the distribution more Gaussian and less tail-

heavy (hereafter labelled ILM_log10) (Box & Cox, 1982).

Figure 4b shows the conditioned data set. In Figure 4c, the

data are represented by the number of data points per well in

each LC formation with the nomenclature of the zonations in

the LC adapted from Jakobsen et al. (2004). The data set is

heavily imbalanced in the Lower Tuxen-1 and -2 formation

due to a large number of data samples from the horizontal

well VALDEMAR-2H. The large imbalance is suspected to

infer a poor prediction of the other LC zones and is accounted

for by downsampling. This is done by taking a data sample at

two specified frequencies to attain as much geological infor-

mation along the borehole from the formations as possible.

The rates are set such that the downsampled zones match
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T A B L E 2 Statistical analysis of the pre-processed well-log data

Depth (m) CALI (in) GRN (API) Vp (km/s) RHOB (g/cm3) CNC (v/v) ILM_log10 Vs (km/s)

Count 5134 5134 5134 5134 5134 5134 5134 5134

Mean 2517.32 12.08 41.25 2.68 2.26 32.09 0.39 1.41

Std 113.92 4.15 18.24 0.24 0.12 5.53 0.33 0.18

Min 2286.76 8.17 2.58 2.07 1.94 20.53 −0.52 0.7

25% 2443.16 8.69 27.83 2.5 2.18 27.9 0.14 1.34

50% 2541.27 9.62 36.8 2.7 2.27 31.2 0.36 1.44

75% 2568.7 17.64 50.63 2.83 2.34 35.55 0.65 1.52

Max 3382.37 18.68 115.31 3.99 2.6 54.19 1.54 2.03

F I G U R E 9 RMSE scores of the nested CV outer loop test wells

for each of the models using the best estimator from the inner loop

(Figure 8).

the average number of samples from the two zones in the

other five vertical wells (Figure 4d). Figure 4e shows the total

count of pre-processed data points per well and Figure 4f

shows the Pearson correlation coefficient between the fea-

tures. Due to the apparent low correlation between shear wave

velocity and density, the feature is discarded in Vs modelling.

However, density values provide geological insight and will

be visualized throughout the study. A statistical summary of

the pre-processed data is listed in Table 2, which contains

5134 data points. A suite of pre-processed logs from the wells

is shown in Figure 5. Note that the well SIAH_NE-1X only

has data coverage until the middle part of the LC, which is due

to hole fill during logging. Figure 6 shows the pairwise feature

distributions, and Figure 7 shows the pairwise zonation distri-

butions. In Figure 6, most of the distributions of the wells are

overlapping to some extent, but discrepancies are apparent in

VALDEMAR-2H and BO-2X compared to the other wells.

This can explain the poor correlation between density and

S-wave velocity (Figure 4f) as lower density values through-

out the LC succession are caused by the shallower target

depths (Table 1) for VALDEMAR-2H and BO-2X, which

in total spans over a 200 m burial depth interval that influ-

ences the elastic properties and petrophysical parameters of

the chalk (Fabricius, 2007).

Scaling, split and scoring metric

As the well logs are in different units and of different scales,

it is necessary to scale the features. However, the RFR and

LR do not require the feature transformation, and the step is

skipped in their respective pipeline. For the SVR and MLPR,

the features are scaled using standardization (also known as

Z-score normalization):

𝑧 = 𝑥 − 𝜇

𝜎
, (1)

where z is the standardized feature, x is the input feature,

μ is the mean value expressed by 𝜇 = 1
𝑁

∑𝑁

𝑖=1(𝑥𝑖) and σ is

the standard deviation expressed by 𝜎 =
√

1
𝑁

∑𝑁

𝑖=1 (𝑥𝑖 − 𝜇)2.

We chose the standardization procedure instead of the min–

max scaling, as the former is less affected by outliers (Géron,

2017). The RMSE scoring metric is used to measure the pro-

posed models’ performance and quantify modelling accuracy.

The RMSE is defined as

RMSE =

√√√√ 𝑁∑
𝑖=1

(
�̂�𝑖 − 𝑦𝑖

)2
𝑁

, (2)

where N is the number of observations, �̂� is the predicted Vs,

and y is the measured Vs. We chose the RMSE score as it is on

the same scale as the data and therefore easier to interpret than

other common scoring metrics (Hyndman & Koehler, 2006).

The six wells are segmented into two groups: a training

set with four wells (BOJE-2C, JUDE-1, SIAH_NE-01X and

VALDEMAR-2H), and a test set with two wells (BO-2X and

BO-3X). The training set is used to train and validate the pro-

posed models, and we evaluate (i.e. test) our tuned models’

performance on unseen (blind) data. As such, 72% of the data
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T A B L E 3 Optimal set of hyperparameters found for the models during the nested cross-validation

Hyperparameters
RFR n_estimators = 800 max_depth = 20 min_samples_leaf = 7 min_samples_split = 2

SVR kernel = “rbf” gamma = 0.1 degree = 3 C = 0.01

MLPR activation = “relu” solver = “lbfgs” hidden_layer_sizes = (8, 8) early_stopping = True

alpha = 0.01 max_iter = 4000 validation_fraction = 0.2

are used for training and 28% are used for testing (3714 and

1420 data points, respectively). Note that VALDEMAR-2H

and BO-2X are located at different structural heights with

shallower target depths than the other studied wells (Figure 1b

and Table 1). The specific training wells were assigned to

ensure that wells with different target depth levels are part of

the training set to represent varying diagenetic effects influ-

encing the elastic and petrophysical parameters (Anselmetti

& Eberli, 1993; Fabricius, 2003).

Tuning and training the models

To initially evaluate and compare the models’ Vs predictions,

a nested cross-validation (CV) approach is used on the train-

ing set to quantify modelling errors with low bias (Iizuka et al.,

2003; Refaeilzadeh et al., 2007). Figure 8 shows the work-

flow of the nested CV. A ‘leave-one-well-out’ (LOWO) CV

method, which is a modified case of the leave-one-out CV

(Vehtari et al., 2017), is used within the nested CV structure.

Hence, the four training wells compose four outer folds, where

in each case a three-fold inner loop is used for tuning the

hyperparameters of the proposed model in a grid search. Next,

the optimal set of hyperparameters is applied to the ‘test well’

in the outer loop. Figure 9 shows the RMSE scores of the outer

loop test wells for each of the models using the best estimator

from the inner loop. The mean RMSE scores for the mod-

els are also provided as an estimation of the generalization

error of the models (Géron, 2017). The variations through-

out the outer folds are caused by outliers in the distributions

of GRN, Vp, CNC and ILM_log10, and hence, the values are

not represented in the inner training data and lead to a poorer

fit. Overall, the MLPR model has the lowest RMSE score in

the nested CV and does not vary as much as the other models

throughout the folds. The complete training set is sequentially

re-fitted using the optimal set of hyperparameters found in the

nested CV strategy (Table 3) and the mean RMSE scores on

the training set are listed in Table 4 with the fitted RFR model

scoring the lowest at 0.03. The tuned and trained supervised

learning models are now used to predict Vs logs for the BO-

2X and BO-3X test wells using the input features of GRN, Vp,

CNC and ILM_log10.

RESULTS

Testing the trained models on BO-2X and
BO-3X

The predictions of Vs logs for BO-2X and BO-3X are shown

in Figures 10 and 11, respectively. For BO-2X, the super-

vised learning predictions are accompanied by the results

of the calibrated iso-frame (IF) rock physics model (RPM)

(see Appendix A). The mean root-mean-square error (RMSE)

scores on the test set using the fitted models as well as the

scores on the Tuxen reservoir section for BO-2X are listed

in Table 4. Other than the optimistic mean RMSE training

score for the random forest regression (RFR) model, the train-

ing scores are close to the test scores indicating a moderate

generalization error (Grus, 2019). The multi-layer perceptron

regression (MLPR) model has the lowest mean RMSE test

scores at 0.05. However, considering the individual wells, the

scores are matched by the RFR model for BO-2X and by the

linear regression (LR) model for BO-3X.

Comparing MLPR model results for the BO-2X reservoir

section with the calibrated RPM (Figure 10 and Table 4)

reveals that our trained MLPR model performs slightly better

according to the scoring metric (RMSE score of 0.03 for the

MLPR model and 0.04 for the RPM, support vector regres-

sion (SVR) and RFR). In addition, RMSE test scores are

considered reasonable compared to those reported in previous

studies with RMSE test scores ranging from 0.06 to 0.23.

The modelling errors for BO-2X and BO-3X are visualized

in Figure 12. In both cases, Vs modelling shows instability in

the Rødby and Albian Shale formations. The inaccuracy is at

first somewhat surprising, as around 16% (841 data points) of

the complete data are located in the two overburden zones, and

still, the models have shortcomings in the ability to estimate

the Vs values in the zones properly. Plotting the two zones Vs
kernel density estimation for the individual wells with mea-

sured Vs logs available (Figure 12c, upper row) shows how the

Vs values for BO-2X and BO-3X lie in an interval that is only

partly covered by the distributions of the VALDEMAR-2H

and BOJE-2C training wells. In comparison, the distributions

of the Tuxen reservoir interval (Figure 12c, lower row) are

more overlapping and consistent, yielding a lower modelling
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T A B L E 4 RMSE scores of fitted models on the training and test set

Mean RMSE train Mean RMSE test BO-2X BO-3X BO-2X Tuxen

LR 0.09 0.07 0.09 0.05 0.09

RFR 0.03 0.06 0.05 0.06 0.04

SVR 0.08 0.08 0.07 0.1 0.04

MLPR 0.06 0.05 0.05 0.05 0.03

RPM 0.04

(a) (b) (c) (d)

(e)

F I G U R E 1 0 BO-2X Vs predicted logs using (a) LR, (b) RFR, (c) SVR and (d) MLPR with 95% confidence interval (CI). (e) Vs prediction of

the Tuxen reservoir using the calibrated RPM. Note that the log has been cut to the reservoir interval.
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(a) (b) (c) (d)

F I G U R E 1 1 BO-3X Vs predicted logs using (a) LR, (b) RFR, (c) SVR and (d) MLPR with 95% confidence interval (CI).

error for the section. This highlights a key restraint in the

workflow, as the proposed supervised learning models are

limited in their training and prediction to the Lower Cre-

taceous (LC) section covering 16 defined zones associated

with high heterogeneity. The upper Tuxen reservoir zones in

Figure 12a,b show slight deviations in both wells with one

evident overestimation by the LR in BO-2X for the entire

zone. In all, the LR model for BO-2X has the largest residuals

of up to 0.25 km/s at both the Upper and Lower parts of the

Tuxen formation. However, for BO-3X, the LR model scores

surprisingly well with an RMSE score of 0.05 matching that

of the MLPR model. The models’ predictions in BO-3X

deviate slightly with a systematic underestimation of Vs, and

the SVR model yields the poorest modelling score with a

noticeable large residual of 0.45 km/s around the Munk Marl

Bed.
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F I G U R E 1 2 Residuals of the different models in (a) BO-2X, (b) BO-3X, and the data distributions coloured by wells of the overburden and

reservoir zone shown in (c).

BO-1X Vs prediction and rock physics analysis

Although Vs modelling presented in this study is not

novel, the results contribute to new insights into Vs mod-

elling of heterogeneous chalk and shale successions in the

Valdemar Field. This section demonstrates the application

of Vs log prediction for improved reservoir characterization.

During the former training and testing of the models using

data from the LC section, the following discoveries were

made:
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Modelling accuracy on test data for different

zones is highly dependent on the overlap of the

distributions of the input parameters between

test and training data.

The Vs modelling of the overburden shows insta-

bility and should be interpreted with caution.

The MLPR model had the lowest mean test

RMSE score and showed no apparent residual

outliers for BO-2X and BO-3X compared to the

other supervised learning models.

The BO-1X well does not have a Vs log (Figure 1b), and

therefore, the MLPR model is applied to predict the miss-

ing values. The complete workflow is illustrated in Figure 3b.

The input logs of BO-1X are pre-processed accordingly using

the same procedure as described in the ‘Data overview and

processing’ section, totalling 630 data points. BO-2X and BO-

3X data are included in the training data totalling 5134 data

points, and the MLPR model is re-fitted using the former opti-

mal set of hyperparameters found (Table 3). Figure 13a shows

the overburden (upper row) and reservoir (lower row) distribu-

tion of the training data and the BO-1X data with the MLPR

modelled Vs output. For the overburden, the Vp and RHOB

values for BO-1X are quite low compared to the training wells.

The discrepancy in the parameters is unexpected, as the reser-

voir burial depth differs by 21 m between BO-1X and BO-2X

(Table 1), and the two wells are 2 km apart (Figure 1b). The

missing representation of the values in the training data should

raise a concern about the integrity of the modelling of the

overburden as was observed for BO-2X and BO-3X. At the

reservoir level (Figure 13a, lower row), the data overlap looks

more reasonable, which gives confidence in modelling results.

Figure 13b shows a suite of processed logs for BO-1X and the

modelled Vs as a function of depth.

To consider the predictions in a reservoir characterization

aspect, Figure 14a shows the acoustic impedance (AI) versus

Vp/Vs ratio with petrophysical colouring for the Tuxen sec-

tion of BO-1X with reservoir data of the training wells in the

background. Clear trends in porosity and water saturation are

present in the scatter plots, which seem to accord with the

hydrocarbon bearing zones of BO-1X (see Figure 13b). The

negative porosity versus Vp/Vs correlation and positive water

saturation versus Vp/Vs correlation suggest that the most oil-

saturated facies can be identified using AVO data for larger

offsets given sufficient data quality and resolution. Along the

AI axis, the correlation trends between the two are less pro-

nounced. A diagonal shale trend from low AI and high Vp/Vs
to high AI and low Vp/Vs is present, but the shale and marl

sections cannot be assessed from seismic data due to the lack

of clear correlation along a single axis.

T A B L E 5 Volume fractions of the constituents used in the frame

(large components) and filled in the pore space (small components)

Constituent Volume fraction

Large calcite (cl) 0.1

Small calcite (cs) 0.65

Small quartz (qs) 0.1

Large shale (kl) 0.05

Small shale (ks) 0.1

T A B L E 6 Physical properties of constituents used in the rock

physics IF model calibration for the Tuxen reservoir in BO-2X

Constituent K (Gpa) μ (Gpa) ρ (g/cm3)

Calcite 65 35 2.71

Quartz 37 44 2.65

Clay 15 7 2.7

Water 2.3 – 1.03

Oil 0.6 – 0.8

Following the example of Bredesen et al. (2020a),

Figure 14b shows a rock physics template (Avseth &

Ødegaard, 2004) based on the IF RPM (Appendix A) assum-

ing 100% calcite lithology and an IF value of 0.3. The template

seems to capture some fluid trends in porosity and water sat-

uration. The rock physics analysis of the AI versus Vp/Vs and

RPT shows a relationship between the geological properties

and seismic elastic parameters. Hence, the Vs log prediction

can be a part of the workflow of using quantitative seis-

mic interpretation for further reservoir characterization and

hydrocarbon prospect evaluation.

DISCUSSION

The majority of wells in the Valdemar and Boje Field do not

have Vs log information. The aim of our study was therefore to

employ a supervised learning modelling framework trained on

four wells to predict the missing Vs log information focusing

on the heterogeneous and challenging Lower Cretaceous (LC)

succession on two test wells. The modelling workflow has also

been demonstrated on a well that lacks a Vs log to investi-

gate reservoir parameters as a function of modelled Vs. Some

of the discrepancies observed between the measured and pre-

dicted Vs logs of the proposed models during cross-validation,

testing and comparison with the rock physics model (RPM)

are discussed in this section. Moreover, we outline the lim-

itations of the study and discuss potential improvements for

future studies.

In this study, the proposed machine learning models were

not used in combination as can be arranged in so-called
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F I G U R E 1 3 (a) Data distributions coloured by wells of the overburden and reservoir zone. (b) A suite of petrophysical and elastic logs for

BO-1X and the predicted Vs log.

ensemble models. Whether a combination of different mod-

els could outperform a single intelligent system, as Asoodeh

and Bagheripour (2012) have shown, could be tested. Nev-

ertheless, there is a trade-off in combining several intelligent

systems to increase the accuracy as the computational cost

increases (Mehrgini et al., 2019), but this should not be

of concern regarding the size of the data set used in this

study.

We chose a simple approach to determine the input param-

eters for Vs modelling by investigating the correlation with

the Vs parameter. Anemangely et al. (2017) argued that such

a procedure for feature selection was improper and sug-

gested that a multi-objective optimization approach would be

more suitable for Vs modelling. Their workflow of data pre-

processing combined with a non-dominated sorting genetic

algorithm II (NSGA-II), multi-layer perceptron regression
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F I G U R E 1 4 (a) AI versus Vp/Vs cross-plots with porosity, water

saturation, shale volume and LC reservoir zones for BO-1X data and

training data in the background. (b) RPT using the IF RPM with

BO-1X reservoir data superimposed.

(MLPR) model and ANFIS-PSO and ANFIS-GA showed

promising results, and the use of a multi-objective func-

tion could be considered in the workflow of this study and

plausibly improve modelling accuracies. Nonetheless, our

root-mean-square error (RMSE) test scores (Table 4) should

be considered reasonable compared to those reported in the

previously mentioned studies with RMSE test scores ranging

from 0.002 to 0.23.

In the specified geological interval and geographical loca-

tion, additional well-log data were available, but due to the

poor Vs log coverage, the data set was greatly confined in size.

Including more data from the LC could improve the proposed

models’ accuracy in the zones where they did not perform

sufficiently by potentially filling the gaps in the feature distri-

butions as was observed for the overburden zones (Figures 6,

7 and 13).

Expanding the data set to include the Upper Cretaceous sec-

tions would possibly flag even more of the LC data as outliers

due to the different depositional environments (Copestake

et al., 2003). This would alter the statistics of the feature dis-

tributions as well as the initial scaling and possibly lower

the generalization of the proposed models of the LC section.

However, in the SPWLA 2020 machine learning competition

(Yu et al., 2020), it was demonstrated how different zones

based on GR, RHOB and CNC could be trained and pre-

dicted on separately, yielding promising results. The approach

of training different models for various geological environ-

ments could be considered in the Valdemar and Boje wells

to include the sections above and below the LC and poten-

tially improve modelling in parts of the LC succession. For

example, the geology of the U. Tuxen-1 zone resembles parts

of Upper Chalk and could plausibly be modelled more accu-

rately by grouping its data points in a ‘clean chalk’ zone with

data from the Upper Cretaceous succession.

Arguably, the calibration of the RPM could be adjusted,

plausibly improving the RPM fit. However, calibrating the

RPM can sometimes be challenging by fine-tuning and bal-

ancing a range of model parameters within reasonable ranges

for a specific dataset under certain geological conditions.

For the RPM calibration in this study, mineralogical and

petrophysical analysis of core data from the Tuxen reservoir

zone provided useful guidance for the mineralogical compo-

sition (Bredesen et al., 2020a; Fabricius et al., 2005, 2007).

Nonetheless, the fluid-substituted data tended to follow dif-

ferent IF model trends ranging between IF values from 0.3 to

0.5 (Figure A1). Ambiguity could emerge from the complex

carbonate and organic shale interplays that are difficult to

model accurately with a single model configuration for the

whole zone of interest (Anselmetti & Eberli, 1993; Mavko

et al., 2009). These discrepancies and challenges in the RPM

calibration indicate the usefulness of supplementary MLPR

modelling to the traditional rock physics workflow to improve

the overall understanding of complex rock compositions like

encountered in the LC interval in the Valdemar and Boje

Field.

In the quantitative seismic interpretation study presented by

Bredesen et al. (2021), the reservoir quality of the Tuxen for-

mation in the Valdemar Field was assessed using a Baysian

pre-stack inversion method based on elastic well logs from

BO-2X and BO-3X. We demonstrated how other wells within

the area could be useful to include in the interpretation by

predicting their Vs with the proposed MLPR model. More-

over, with the ongoing decline in hydrocarbon exploration and

production activities in the Danish Central Graben, this study
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can serve as useful insights for future green energy projects

that also relies on meticulous seismic reservoir characteri-

zation (Bredesen, 2022). Worth mentioning is the studies of

exploiting the offshore chalk fields for geological CO2 stor-

age (Bonto et al., 2021; Frykman et al., 2009; Suicmez, 2019)

or potential onshore CO2 storage at, e.g., Stenlille (Zealand,

Denmark), where 7 out of 19 wells drilled are missing Vp logs,

and only 3 wells have Vs logs. Also, seismic reservoir charac-

terization for geothermal purposes has been demonstrated in

Denmark where shear sonic logs have been missing (Bredesen

et al., 2020b; Chopra et al., 2021).

CONCLUSION

A suite of supervised learning regression models (linear,

random forest, support vector and multi-layer perceptron) was

used to predict missing shear sonic velocities through the het-

erogeneous and challenging Lower Cretaceous interval in the

Danish North Sea, based on six wells containing input features

of normalized gamma ray, neutron porosity, P-wave velocity

and medium resistivity logs. The workflow consisted of tun-

ing and training the models with four training wells and testing

the model on two wells. According to the root-mean-square

error scores, the tuned models had reasonable generalization

errors and was within the range demonstrated by previous

studies. However, some discrepancies between the predictions

and the true shear sonic logs were observed in the overburden

and parts of Tuxen during testing. Possible explanations were

found in the feature distributions of the overburden zones

that were lacking cohesion. A comparison of the results of

the proposed models to a calibrated rock physics model in the

Tuxen reservoir zone in one of the test wells showed that the

multi-layer perceptron model had slightly higher accuracy

than the applied rock physics model. Lastly, it was demon-

strated how the supervised learning framework can supply

shear sonic velocities to better investigate and characterize

a heterogeneous carbonate reservoir from elastic or seismic

parameters.
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APPENDIX A
Rock physics modelling
Fabricius (2003) introduced the so-called iso-frame (IF)

effective-medium model that successfully described mathe-

matically how the burial diagenesis alters the sonic velocities

and porosity of deposited chalk sediments. In several studies,

the IF RPM has been implemented to model the relationship

between elastic and petrophysical properties of the LC geol-

ogy from wells in the Danish North Sea (Fabricius, 2007;

Fabricius et al., 2005, 2007; Bredesen et al., 2020a).

The IF RPM composes a rock frame with spherical pores.

Large mineral components make the frame, and the small

mineral particles fill the spherical pores together with pore

fluid. An IF factor indicates a constant degree of suspension

that the pore-filling constituents contribute to stiffening the

rock frame. Hence, an IF = 1 means that all suspended mate-

rial stiffens the frame effectively. The volume fractions of the

various solid constituents are guided by log data and X-ray

diffraction analysis of core plugs from the Tuxen formation

in the Danish North Sea (Fabricius et al., 2005, 2007), and

we use the work of Bredesen et al. (2020a) in the model cali-

bration. For the pore fluid components, a mixture of light oil

and brine is used. The volume fractions of the components

are listed in Table 5 and the physical properties of minerals

and pore fluids are listed in Table 6. Here, the mathematical

equations of the rock physics model are presented, and the IF

model is calibrated to the reservoir section of BO-2X.

Assuming elastic isotropy, Vp and Vs can be calculated

from the bulk modulus (K) and shear modulus (μ) (Avseth

et al., 2005):

𝑉 𝑝 =

√√√√𝐾 + 4
3𝜇

𝜌
, (A1)

𝑉 𝑠 =
√

𝜇

𝜌
. (A2)

The bulk modulus of suspended solids in pores and pore

fluids (Ksus) for a given water saturation (SW) and porosity

(ɸ) is calculated by a Reuss model (Fabricius et al., 2005):

𝐾sus =

[
𝜙𝑆𝑤

𝐾water
+

𝜙
(
1 − 𝑆𝑤

)
𝐾oil

+
𝑐𝑠 (1 − IF)
𝐾calcite

+
𝑞𝑠

𝐾quartz
+

𝑘𝑠

𝐾clay

]−1

×
[
𝜙 + 𝑐𝑠 (1 − IF) + 𝑞𝑠 + 𝑘𝑠 + 𝑠𝑠

]
, (A3)

where the subscript s denotes small constituents of calcite

(c), quartz (q) and shale (k), respectively. IF is the IF fac-

tor that was explained at the beginning of the current section.

The effective suspension is mixed with the constituents of the

rock matrix by an Upper Hashin–Shtrikman bound (Fabricius

et al., 2007; Hashin & Shtrikman, 1963):

𝐾HSW+ =
⎡⎢⎢⎣

𝜙

𝜙𝑐

𝐾sus +
4
3
𝜇calcite

+
(
𝜙𝑐 − 𝜙

)(
𝜙𝑐 (1 − 𝜙)

)
×

(
(1 − IF) 𝑐𝑠 + 𝑞𝑠 + 𝑘𝑠

𝐾sus +
4
3
𝜇calcite

+
IF𝑐𝑠 + 𝑐𝑙

𝐾calcite + 𝜇calcite

+
𝑞𝑙

𝐾quartz + 𝜇calcite
+

𝑘𝑙

𝐾shale + 𝜇calcite

)]−1
− 4

3
𝜇calcite,

(A4)
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(a) (b)

F I G U R E A 1 Reservoir section for BO-2X with different iso-frame (IF) factors. (a) porosity versus bulk modulus (K) and (b) porosity versus

shear modulus (μ). The volume fractions used for modelling are listed in Table 5 and the physical properties of the components in Table 6.

and

𝜇HSW+ =
⎡⎢⎢⎣

𝜙

𝜙𝑐

𝜁
+

(
𝜙𝑐 − 𝜙

)(
𝜙𝑐 (1 − 𝜙)

) ×
(
(1 − IF) 𝑐𝑠 + 𝑞𝑠 + 𝑘𝑠

𝜁

+
IF𝑐𝑠 + 𝑐𝑙

𝜇calcite + 𝜁
+

𝑞𝑙

𝜇quartz + 𝜁
+

𝑘𝑙

𝜇shale + 𝜁

)]−1
− ζ, (A5)

where

𝜁 =
𝜇calcite

6

(9𝐾calcite + 8𝜇calcite
𝐾calcite + 2𝜇calcite

)
, (A6)

and 𝜙𝑐 is the critical porosity. The subscript l denotes

large constituents of calcite (c), quartz (q) and shale (k),

respectively. The effective density is defined as

𝜌 = (1 − 𝜙)
[(
𝑐𝑠 + 𝑐𝑙

)
𝜌calcite +

(
𝑞𝑠 + 𝑞𝑙

)
𝜌quartz +

(
𝑘𝑠 + 𝑘𝑙

)
𝜌shale

]
+𝜙

[
𝑆𝑤𝜌water +

(
1 − 𝑆𝑤

)
𝜌oil

]
. (A7)

Figure A1a,b show cross-plots of porosity versus bulk and

shear moduli with model trends of various IF factors over the

BO-2X data from the Tuxen formation. The data are fluid

substituted to 100% brine to eliminate hydrocarbon effects.

Based on Figure A1, the rock physics model yields a reason-

able match to the BO-2X reservoir data for IF values between

0.3 and 0.5. In Figure A1, most data are clustered around 0.4

and some of the upper Tuxen parts near 0.5. The ambiguity in

the model can plausibly be explained by the complicated com-

position of chalk intermixed with varying contents of shale

and organic material that are challenging to model in a rock

physics framework (Anselmetti & Eberli, 1993; Mavko et al.,

2009).

To model the P-wave and S-wave velocity and density,

the IF model requires an input of the petrophysical logs of

BO-2X (water saturation (SWT), shale volume (VSH), and

porosity (POR)). The petrophysical logs were pre-processed

in the same manner as the input features in the supervised

learning models with smoothing and despiking, but with-

out the standardization scaling which is unnecessary in the

rock physics modelling workflow. Eventually, an IF fac-

tor of 0.3 yielded the best match between the measured

elastic logs and the calibrated rock physics model (see

Figure A2).
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(a) (b) (c) (d) (e)

F I G U R E A 2 A suite of petrophysical and elastic logs for BO-2X with the calibrated iso-frame (IF) rock physics model (RPM) (IF = 0.3) with

a 95% confidence interval (CI). (a) Porosity with oil and water saturation (POR), (b) shale volume (VSH), (c) density (RHOB), (d) P-wave velocity

(Vp), and (e) S-wave velocity (Vs). Note that the logs have been cut to the reservoir interval.


