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Article
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Abstract

We have developed a generalisable machine learning framework for reservoir quality pre-
diction in deeply buried clastic systems. Applied to the Lower Jurassic deltaic sandstones
of the Tilje Formation (Halten Terrace, North Sea), the approach integrates sedimentological
facies modelling with mineralogical and petrophysical prediction in a single workflow.
Using supervised Extreme Gradient Boosting (XGBoost) models, we classify reservoir
facies, predict permeability directly from standard wireline log parameters and estimate
the abundance of porosity-preserving grain coating chlorite (gamma ray, neutron porosity,
caliper, photoelectric effect, bulk density, compressional and shear sonic, and deep resis-
tivity). Model development and evaluation employed stratified K-fold cross-validation to
preserve facies proportions and mineralogical variability across folds, supporting robust
performance assessment and testing generalisability across a geologically heterogeneous
dataset. Core description, point count petrography, and core plug analyses were used
for ground truthing. The models distinguish chlorite-associated facies with up to 80%
accuracy and estimate permeability with a mean absolute error of 0.782 log(mD), improv-
ing substantially on conventional regression-based approaches. The models also enable
prediction, for the first time using wireline logs, grain-coating chlorite abundance with a
mean absolute error of 1.79% (range 0–16%). The framework takes advantage of diagnostic
petrophysical responses associated with chlorite and high porosity, yielding geologically
consistent and interpretable results. It addresses persistent challenges in characterising
thinly bedded, heterogeneous intervals beyond the resolution of traditional methods and is
transferable to other clastic reservoirs, including those considered for carbon storage and
geothermal applications. The workflow supports cost-effective, high-confidence subsurface
characterisation and contributes a flexible methodology for future work at the interface of
geoscience and machine learning.

Keywords: machine learning; grain-coating chlorite; porosity-preservation; permeability;
lithofacies; heterolithic sandstones; wireline logs; extreme gradient boosting; deltaic
sandstone; clay-mineral
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1. Introduction
The mineral chlorite is an important constituent of many clastic sedimentary rocks, as

it can have a significant impact (both positive and negative) on hydrocarbon field reservoir
quality (porosity and permeability), as a function of its abundance and morphology. Chlo-
rite can occur in the sedimentary environment as detrital grains, or develop in the diagenetic
realm by the transformation of a precursor mineral such as smectite, kaolinite, or berthierine
(an Fe-rich clay) to form authigenic chlorite [1–5]. Present in moderate quantities, chlorite
can preserve porosity by forming grain coats that serve to inhibit quartz cementation by
acting as a barrier between a detrital grain and silica-rich pore fluid, which might otherwise
precipitate quartz on the quartz substrate during meso-diagenesis (>80 ◦C) [4,6–8]. The
absence of chlorite may allow extensive quartz cementation to occur, degrading reservoir
quality. A sandstone may contain too much chlorite so as to fill pores and block pore
throats, reducing permeability just as extensive quartz cementation would. Therefore, a
‘Goldilocks zone’ sweet spot of chlorite content (not too little but not too much) must be
present in the rock to mitigate negative effects and maximise porosity preservation [9].
Chlorite grain coats have been reported to form in sediments from almost every clastic
sedimentary environment in a variety of basins [1,10]. Indeed, they are responsible for
elevated porosity at depth (>3 km) in a large number of oil and gas fields globally [5,11,12]
such as the Ordos Basin in China [13,14], the Gulf of Mexico [12], and the North Sea [15–20].
Therefore, advancing our understanding of the origin and improving the prediction of the
distribution of grain-coating chlorite in sandstones is crucial for reservoir appraisal and
development in chlorite-rich intervals found across the world.

The Lower Jurassic siliciclastic Tilje Formation in the Halten Terrace area of the North
Sea (Figure 1) hosts elevated porosity compared to regional porosity-depth trends [19,20].
In fields such as Smørbukk, the enhanced porosity observed in this formation has been
attributed mainly to the formation of continuous chlorite grain coats on the surface of
detrital quartz grains before the onset of quartz cementation [20–22]. In the Tilje Formation,
Fe-rich minerals in lithic fragments and Fe-rich clays in ooids, possibly sourced from
hypersaline lagoons, have been reported to contribute to the formation of authigenic chlorite
coats [18]. However, the distribution of chlorite grain coats within the Tilje Formation
is not uniform, and varies on a bed-scale due to the heterolithic nature and variable
depositional controls on its occurrence, but has been found to be facies-controlled by core-
based studies [18,23,24]. These challenges, which are not unique to the Tilje, mean that
predicting chlorite grain coat distribution vertically and laterally on a large scale is difficult,
even with traditional methods such as petrophysical interpretation of wireline logs, or
seismic data [25,26].

Petrophysical data obtained by wireline are ubiquitous in the energy industry due
to their utility to characterise sediment attributes and distinguish reservoir from non-
reservoir [27]. In basic cases, this is achieved using a gamma ray log, which has high
responses in many mudstones (typically considered low permeability) due to K-, Th-,
or U-bearing clay minerals and low response in many sandstones (typically considered
higher permeability) due to the absence of clay minerals [27,28]. However, petrophysical
discrimination of chlorite is complex as it theoretically contains no radioactive elements to
contribute to a gamma ray response, and has a high neutron response and low resistivity,
both of which can be affected by pore fluid [4,29]. Typically, a core-based study is required
to understand the distribution of chlorite within an interval of one well; however, this
is expensive and spatially limited. Being able to understand the occurrence of chlorite
within a field using wireline petrophysical data would allow for a highly novel, cheap,
high-resolution field-wide interpretation of chlorite grain coat distribution.
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Figure 1. (A) Location of the Halten Terrace offshore mid-Norway. (B) Producing hydrocarbon
fields within the Halten Terrace area. (C) Position of well 6506/12-N-4H within the Smørbukk field
investigated in this study. Dashed lines represent major faults (data obtained from the Norwegian
Offshore Directorate https://www.sodir.no/en/about-us/open-data/, accessed on 17 August 2023;
modified after [18]).

Machine learning is the use of computational methods to identify patterns in data
without being explicitly programmed, typically with the intention of creating robust pre-
dictive models for application to unknown samples [30]. In the context of oil and gas
exploration, machine learning has been utilised to aid reservoir quality prediction in a
variety of geological settings, employing different data types [31–34]. Supervised ma-
chine learning algorithms train models to classify samples with a known continuous (e.g.,
chlorite abundance, porosity) or discrete classification label (e.g., facies, lithology) using
associated data as predictors (e.g., wireline) [35–38]. Wireline log data have been used as
predictors for diagenetic facies or lithology, or to directly predict reservoir properties in
machine learning models [33,34,39], and could be adapted to predict chlorite grain coat
abundance. The present study contributes to the growing literature on the use of machine
learning methods for lithofacies and permeability prediction in hydrocarbon exploration
and reservoir characterisation, with the addition of grain coating chlorite quantification,
which is key to understanding many reservoirs [40–44]. The ability of machine learning
methods to outperform conventional methods for predicting reservoir quality parameters,
and their ability to provide additional geological information, such as lithofacies, highlights
the advantages of machine learning use over other statistical methods [39,45].

This study is designed to test the highly novel ability of a supervised machine learn-
ing algorithm to predict the occurrence of porosity-preserving grain coating chlorite in a
deeply-buried reservoir qualitatively with a model predicting lithofacies, and quantita-
tively with a separate model predicting petrographic data, and to identify what factors
affect performance. A third model quantitatively predicts permeability (calibrated using
conventional core analysis). All the models created use petrophysical wireline data as
predictors, thus enabling a rapid method of determining the presence of chlorite grain coats
in a well without the need for additional core. We have trained models using data obtained
from the deeply-buried (to 4.2 km TVD) heterolithic Tilje Formation in well 6506/12-N-4H

https://www.sodir.no/en/about-us/open-data/
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of the North Sea. Before training the three separate predictive machine learning models,
we used a statistical approach to establish how predictor wireline log variables relate to
porosity, permeability, lithofacies, and the abundance and morphology of chlorite. Then,
machine learning models were trained to predict lithofacies distribution (in a classification
model), and grain-coating chlorite abundance and permeability (in regression models).
The performance of each model has been analysed, highlighting where predictions are
accurate and where they are inaccurate, quantifying the importance of each predictor
petrophysical variable in reducing model error to enhance interpretations. Ultimately, we
have identified and synthesised possible sedimentological, petrophysical, and engineering
influences on model performance to discuss more broadly how machine learning may be
used as a tool to make predictions in chlorite-rich clastic petroleum reservoirs.

2. Geological Setting
2.1. Tilje Formation, Smørbukk Field

The Halten Terrace area of the Norwegian North Sea contains several fields which pro-
duce hydrocarbons from the Tilje Formation (Figure 1) [23,24,46]. The Tilje Formation, part
of the Båt Group, is a highly heterolithic and heterogeneous sequence of tide-dominated
deltaic and shallow to marginal marine sandstones, as well as associated siltstones and
mudstones that were deposited during the Early Jurassic (Figure 2) [18,24,47]. Sedimenta-
tion during this time was locally controlled by the formation of the Halten Basin during
the Late Triassic-Early Jurassic early syn-rift phase of the opening of the North Atlantic
Ocean [47,48]. Local variations in subsidence, sediment supply, and depositional processes
give rise to multi-scale heterogeneities in the type and extent (spatial and temporal) of pri-
mary depositional facies, which are further compounded by early to late burial diagenetic
processes [23,24,46,49].

 

Figure 2. Summary of the Early Jurassic lithostratigraphy in the Halten Terrace area indicating
approximate depositional environment and tectonic activity. The present study focuses on the top of
the Tilje Formation in well 6506/12-N-4H (modified after [47]).

Lithological heterogeneity within the formation, and the distribution of depositional
facies introduce challenges for hydrocarbon exploration, field appraisal and develop-
ment, as well as production; however, improvements in reservoir characterisation and
prediction have improved recovery [24]. Across the formation at shallow to moderate
depths (<3.5 km burial), reservoir quality may be controlled by sediment texture (grain
size and sorting), overpressure, or calcite cementation [24]. However, in deeper fields
(>3.5 km burial) such as Kristin, Smørbukk Sør, and Smørbukk (the focus of this study),
the presence and total grain coverage of grain coating chlorite is the principal control on
reservoir quality [18,20,23,24]. Therefore, in such fields, understanding the distribution of
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grain-coating and pore-filling chlorite and the facies that contain them is crucial to reducing
uncertainty during reservoir development.

2.2. Sedimentology and Reservoir Quality Controls in Well 6506/12-N-4H of the Smørbukk Field

Core 6506/12-N-4H is a production well drilled in the Smørbukk field of the Nor-
wegian North Sea in the year 2000. The well was drilled in 272 m water depth down to
a measured depth (mRKB) of 6212 m and true vertical depth (mTVD) of 4922 m, termi-
nating in the Late Triassic Åre Formation that underlies the Tilje Formation (Figure 2).
Non-continuous core was recovered from the well between 5610 and 6122 mRKB. The well
is deviated, and bedding has an apparent dip of 50◦ relative to the horizontal of the core.
The focus of the present study is on three cored reservoir sections of Tilje Formation in
well 6506/12-N-4H between 4263 and 4216 mTVD (Figure 1). The reservoir intervals are as
follows: Section 1 between 5974 and 5986 mRKB, Section 2 between 5939 and 5956 mRKB,
and Section 3 between 5893 and 5907 mRKB. These three intervals have been subjected
to high-resolution targeted sampling by Griffiths, Worden, Utley, Brostrøm, Martinius,
Lawan and Al-Hajri [18], for analysis by petrographic point-counting, X-ray diffraction for
mineral identification and quantification, and facies description. The study reconstructed
the paleoenvironmental conditions during deposition, but crucially determined the major
controls on reservoir quality and the origin of grain-coating and pore-filling chlorite.

Griffiths et al. [18] reported that the three described reservoir intervals constituted
three different facies associations: tidal channel (FA1), tidal-fluvial channel (FA2), and
distributary mouth bar (FA3) (Figure 3A). The three facies associations were made up
of eight lithofacies, which were further split into fourteen sub-facies, distinguished by
variations in bioturbation type and intensity (after [50]), grain size, sedimentary structures,
and bedding style (Table 1). Within well 6506/12-N-4H, the intervals characterised are
interpreted to represent a shift from being tidally-dominated (reservoir Section 1), to mixed
tidal-fluvial (reservoir Section 2), to fluvially-dominated (reservoir Section 3) as a result
of variability in seasonal rainfall, autogenic lobe switching, eustatic sea-level change, and
tectonically-generated accommodation space (Figure 3) [18,49,51].

 

Figure 3. Summary of depositional environment model and reservoir quality controls at the top of
the Tilje Formation of well 6506/12-N-4H. (A) Interpreted depositional environment for facies associ-
ations 1 to 3 present within the reservoir sections in this study (modified after [49]). (B) Interpreted
processes active during deposition of facies associations (FA) 1 to 3 and the relation of those processes
to chlorite grain coat occurrence (modified after [51]). (C) Representative SEM image of 5982 mRKB
showing the effects of no chlorite grain coats on reservoir quality, where quartz cementation has not
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been inhibited. (D) Representative SEM image of 5895 mRKB showing chlorite as coats on the
surface of detrital quartz grains, leading to preserved porosity at depth by the inhibition of quartz
cement. (E) Representative SEM image of 5939.5 mRKB showing the effects of too much chlorite as a
pore-filling matrix, blocking pores (modified after [18,46]).

Table 1. Summary of the lithofacies scheme used to describe the three reservoir sections investigated
in this study, with interpreted controls on reservoir quality. For lithofacies classification, sub-facies
2.2 and 2.3 are merged into ‘Lf2.2_3’, separate from sub-facies 2.1, 2.4, and 2.5, which form ‘Lf2.1_4_5’,
and lithofacies 7 and 8 are merged into the class ‘Lf7_8’. Bioturbation index is defined after Taylor
and Goldring [50]: 0—no bioturbation; 1—low bioturbation, bedding distinct, few discrete traces;
2—moderate bioturbation, low trace density; 3—high bioturbation, traces discrete, sharp bedding
boundaries, rare overlap; 4—high bioturbation, indistinct bedding boundaries, high trace density
with common overlap; 5—intense bioturbation, high trace density, completely disturbed bedding;
6—complete bioturbation, sediment reworked due to repeated overprinting (based on [47]).

Facies Subfacies
Grain Size and
Sedimentary
Structures

Bioturbation Type and
Intensity

Environmental
Interpretation

Reservoir Quality
Controls/Effect of
Chlorite

Reservoir Quality
Properties

Lf1: Cross-stratified
sandstone with quartz
pebbles

No subfacies (n = 32)

Medium- to
coarse-grained,

BI: 0. Absent.
Tidal-fluvial channel
bar close to the tidal
limit.

Positive. Chlorite grain
coats (5–15% gc
chlorite) inhibit quartz
cementation, preserving
porosity and
permeability

15–20% porosity, 100 s
to 1000 s mD
permeability.

moderately well-sorted
sandstone
with sub-rounded
quartz pebbles and
granules. Individual
beds have
erosive basal contacts,
often lined by
quartz pebbles and/or
granules.

Lf2: Cross-stratified
heterolithic sandstones

2.1: Cross-stratified
sandstone with fluid
mud (n = 7)

Medium-grained and
moderately-sorted
cross-stratified
sandstone with
homogeneous fluid
mud layers (<2 cm) at
basal contacts. Fluid
mud layers become less
frequent upward (in
younger deposits), and
grain size typically
increases

BI: 0. Absent.
Tidal-fluvial channel
bar at or close to the
central turbidity
maximum.

Negative. Pore-filling
chlorite decreases
porosity and
permeability

~11%
porosity, ~10 mD
permeability

2.2: Cross-stratified
sandstone with flasers
(n = 24)

Medium- to
coarse-grained,
moderately well- to
poorly-sorted, and
relatively structureless
sandstones, with
localised isolated mud
flasers, interbedded
with silty-sandstone.
Bed contacts can be
bioturbated or
erosional.

BI: 0 to 1 (locally 3 to 4).
Absent to moderate.
Small-scale Skolithos.

Tidal-fluvial channel
point-bar.

Positive. Grain-coating
chlorite inhibits quartz
cementation, preserving
porosity and
permeability

10 to 15% porosity, 10 to
1000 mD permeability

2.3: Bioturbated
cross-stratified
sandstone (n = 36)

Medium-grained,
moderately-sorted, and
intensely bioturbated
cross-stratified
interbedded with
bioturbated
silty-sandstone. Basal
contacts can be sharp,
erosional, gradational,
and bioturbated. Bed
thickness and grain size
typically increase
upwards.

BI: 2 to 4. Low to high.
Small-scale mixed
Cruziana-Skolithos
bioturbation
assemblages

Distributary mouth bar.

Positive. Grain-coating
chlorite inhibits quartz
cementation, preserving
porosity and
permeability

10 to 25% porosity

2.4: Trough
cross-stratified
sandstone with fluid
mud and/or
conglomeratic lag (n =
7)

Coarse-grained and
poorly-sorted trough
cross-stratified
sandstone. Erosional
basal contacts are lined
by fluid mud (<2 cm)
and quartz granules
and pebbles.

BI: 0. Absent.
Tidal-fluvial dunes at or
close to the central
turbidity maximum.

Negative. Pore-filling ~7%
porosity

2.5: Speckled sandstone
with fluid mud (n = 12)

Medium-grain and
moderately sorted
cross-stratified
sandstone with single
and compound fluid
mud layers (<2 cm).
Bioturbated and
fragmented mud layers
(mud intraclasts) give
the sandstone a
speckled appearance.

BI: 1 to 4. Sparse to
intense. Small-scale
Skolithos.

Fluvial-influenced
tidal-channel bar. Negative. Pore-filling 5 to 10% porosity
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Table 1. Cont.

Facies Subfacies
Grain Size and
Sedimentary
Structures

Bioturbation Type and
Intensity

Environmental
Interpretation

Reservoir Quality
Controls/Effect of
Chlorite

Reservoir Quality
Properties

Lf 3: Current rippled
and cross-laminated
sandstone

No subfacies (n = 25)

Fine-grained, well- to
moderately-sorted,
current rippled,
cross-laminated
sandstone.
Current-ripple laminar
sets are bound by
double mud drapes and
flow-reversal structures.

Tidal-channel bar with
slow-moving currents Negative. Pore-filling ~12%

porosity

Lf4: Cross-stratified
sandstone with
sand-mud couplets

4.1: Cross-stratified
sandstone with
sporadic sand-mud
couplets (n = 26)

Medium- to
coarse-grained
sandstone with an
abundance of
sand-mud couplets.

BI: 0. Absent.

Confined tidal dune
top-sets. Sand-mud
couplets are
preferentially eroded on
the top sets of tidal
dunes.

No chlorite. Quartz
cementation allowed to
occur unhindered,
blocking pores.

~8%
porosity

4.2: Laminae-sets of
sand-mud couplets

Medium- to
coarse-grained
sandstone with an
abundance of
sand-mud couplets.

BI: 0. Absent.

Confined tidal dune
toe-sets. Sand-mud
couplets are
preferentially preserved
in the toe-sets of dunes.

No chlorite. Quartz
cementation allowed to
occur unhindered,
blocking pores.

5 to 8%
porosity

Lf5: Sandstones with
large-scale
Diplocraterion

5.1: Cross-stratified
sandstone with
large-scale
Diplocraterion (n = 19)

Medium- to
coarse-grained,
moderately- to
poorly-sorted
sandstone with faint to
clear cross-stratification
and/or current ripple
cross-lamination with
double mud drapes.
Local iron staining is
present.

BI: 2 to 5. Low to
intense. Small-scale
Skolithos and large-scale
Diplocraterion and
Teichichnus.

Tidal-channel bar
margin or point-bar
(periodic fluvial
influence).

No chlorite. Quartz
cementation allowed to
occur unhindered.

~8%
porosity

5.2: Homogenised
sandstone with
large-scale
Diplocraterion

Medium- to
coarse-grained,
moderately- to
poorly-sorted
sandstone with barely
visible
cross-stratification,
ripple cross-lamination,
and local double mud
drapes, due to intense
bioturbation.

BI: 5 to 6. Intense to
completely bioturbated.
Small-scale Skolithos
and large-scale
Diplocraterion and
Teichichnus.

Negative. Pore-filling
chlorite and quartz
cement

~8%
porosity

Lf 6: Intensely
bioturbated
heterolithics

6.1: Bioturbated
sand-dominated
heterolithics (60:40 to
90:10 sand/mud) (n =
70)

Fine-grained, well- to
moderately-sorted
sandstone with barely
visible current-rippled
cross-lamination due to
intense bioturbation.

BI: 5 to 6 (mostly 6).
Intense to completely
bioturbated.
High-diversity.
Small-scale Planolites,
Skolithos, and less
common large-scale
Diplocraterion.

Tidal-channel bar
margin or point-bar.

Negative. Pore-filling
chlorite and quartz
cement

11%
porosity

6.2: Bioturbated mixed
sand/mud heterolithics
(40:60 to 60:40
sand/mud)

Very fine- to
medium-grain, poorly-
to moderately-sorted,
bioturbated
sand-dominated
heterolithics with
locally preserved
current ripple
cross-lamination, flaser
and lenticular bedding.

BI: 3 to 5. Moderate to
intense. High diversity.
Planolites, Skolithos,
Diplocraterion,
Teichichnus, and
Chondrites.

Sub-aqueous tidal flat.
Negative. Pore-filling
chlorite and quartz
cement

5 to 10% porosity

6.3: Bioturbated
mud-dominated
heterolithics (10:90 to
40:60 sand/mud) (n = 1)

Very fine- to
fine-grained, poorly- to
moderately-sorted,
bioturbated mixed sand
and mud heterolithics
with locally preserved
current rippled
cross-lamination.

BI: 3 to 6. Moderate to
intense. High diversity.
Planolites, Skolithos,
Diplocraterion,
Teichichnus, and
Chondrites.

Negative. Pore-filling
chlorite and quartz
cement

5 to 10% porosity

Lf7: Wavy-bedded
sand-dominated
heterolithics showing
current-ripple cross
lamination

No subfacies (n = 6)

Wavy-bedded
fine-grained,
moderately well-sorted,
sandstone with ripple
cross-lamination bound
by homogeneous and
laminated mud layers
(0.5 to 3 cm thick).

BI: 0 to 1. Absent to
sparse. Small-scale
Diplocraterion in sand
intervals. Small-scale
Planolites in laminated
and lenticular-bedded
mudstone layers.

Tidal-fluvial channel. Negative. Pore-filling
chlorite.

<5%
porosity

Lf 8: Lenticular-bedded
ripple cross-laminated
sandstone

8.1: Bioturbated
lenticular-bedded
ripple cross-laminated
sandstone (n = 17)

Intensely bioturbated,
very fine- to
fine-grained, poorly
sorted, with locally
preserved ripple
cross-laminated and
lenticular bedding.

BI: 3 to 5. Low to high.
Skolithos, Diplocratrion,
Planolites, Paleophycus,
Cyclindrichnus, and
Chondrites.

Tidal-flival channel
margin or point-bar top.

No chlorite. Poorly
sorted with minimal
cements, main porosity
loss attributed to
mechanical compaction.

<5%
porosity

8.2: Non-bioturbated
lenticular-bedded
ripple cross-laminated
sandstone

Very fine- to
fine-grained,
poorly-sorted,
sandstone with clear
current-ripple
cross-lamination and
lenticular bedding.

BI: 0. Absent. RQ controlled by
texture? Too mud-rich?

<5%
porosity

The study concluded that reservoir quality was primarily controlled by the presence,
absence, and total volume of grain-coating chlorite and pore-filling chlorite, which in turn
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controlled the extent of quartz cement [18]. Grain-coating chlorite, sourced from iron-rich
precursor lithics and iron ooids, locally preserves reservoir quality by inhibiting quartz
cementation (Figure 3D), whereas pore-filling chlorite occludes pore space and blocks pore
throats (Figure 3E), significantly reducing porosity and permeability. Where grain-coating
or pore-filling chlorite is not present, extensive quartz cementation has destroyed porosity.
Chlorite grain coats are effectively absent from the tidal channel facies association (FA1)
but are present in the tidal-fluvial channel (FA2) and distributary mouth bar (FA3) facies
associations; however, FA2 is also likely to contain pore-filling chlorite, reducing porosity
(Figure 3). FA2 and FA3 are contrasting sedimentologically as FA2 contains metre-scale
massive coarse-grained sandstone beds (Lf1) with minor muddy facies (e.g., Lf7, Lf8),
whereas FA3 is highly heterolithic, containing interbedded bioturbated cross-stratified
sandstone (Lf2.3) and mixed bioturbated sand-mud heterolithics (Lf6). The strong facies-
controlled nature of chlorite grain coat distribution in this well provides a strong basis to use
it as a proxy to predict reservoir quality using supervised machine learning classification.

3. Materials and Methods
3.1. Core 6506/12-N-4H Wireline, Lithofacies Description, and Petrographic Point-Count Data

In the following section, we will outline the wireline log parameters used as predictor
data, core analysis data, lithofacies description, and chlorite grain coat abundance used
as labels to be predicted by three separate models. In addition, we will provide details
of statistical analyses carried out on the data, and finally describe the machine learning
workflow that we have employed. Lithofacies and petrographic point count data presented
and used in this study were originally generated by Griffiths et al. [18].

3.1.1. Predictor Features: Wireline Log Data

Wireline data used in this study were obtained via the Norwegian Offshore Directorate
(previously Norwegian Petroleum Directorate). The data were obtained at a measurement
spacing of 0.1524 m (6 inches) with an 8.5-inch drill bit for the length of the entire sec-
tion analysed in this study. Eight wireline parameters were employed to train models:
neutron porosity (NPHI; %), photoelectric effect (PEF; unitless), caliper (CALI; inches),
compressional wave delay time (DTCO; µs/ft), shear wave delay time (DTS; µs/ft), bulk
density (RHOB; gcm−3), gamma ray (GR; API), and deep resistivity (RD; Ωm). All of
these parameters act as the predictor variables in training data to predict horizontal core
analysis permeability in regression ‘Model C’, lithofacies in classification ‘Model A’, and
point-counted grain-coating chlorite in regression ‘Model E’. A summary of predictor
features and training labels is presented in Table 2.

Table 2. Summary of wireline data used as predictor features and training labels for Model A, Model
C, and Model E.

Predictor Features Training Labels

Neutron
Porosity
(Fraction)

Photoelectric
Factor (Pe) Caliper (in)

Compressional
Wave Delay
(µs/ft)

Shear Wave
Delay (µs/ft)

Bulk Density
(gcm−3)

Gamma Ray
(API)

Deep
Resistivity
(Ωm)

Model C:
Core Analysis
Permeability
(mD)

Model E:
Point Count
Grain-
Coating
Chlorite (%)

Model A:
Litho-facies

Count 282 282 282 282 282 282 282 282 163 54 282
Mean 0.09284 4.1336 8.676 69.57 118.87 2.499 51.69 13.66 109.167 4.55 -
Std. dev 0.0347 1.3061 0.223 5.281 9.212 0.102 20.73 4.25 418.478 4.99 -
Min 0.01275 0.3965 8.34 61.08 94.52 2.214 28.47 5.99 0.000 0.00 -
Lower
Quartile 0.07169 3.2505 8.517 65.72 112.67 2.437 35.78 11.39 0.002 0.00 -

Median 0.0969 3.7549 8.625 68.37 116.79 2.512 43.55 13.06 0.015 2.50 -
Upper
Quartile 0.1168 4.5581 8.753 72.43 125.37 2.563 63.86 15.38 0.276 8.70 -

Max. 0.17326 10.4839 9.293 85.2 146.38 2.739 123.5 26.58 3086.169 16.30 -

3.1.2. Model C Training Labels: Conventional Core Analysis Permeability

Core plugs were taken from core 6506/12-N-4H by the operator Equinor to carry out
conventional core analysis (CCA), measuring porosity (as a fraction) and permeability (in
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milliDarcys, mD). Within the three reservoir sections investigated in this study, there are
195 measurements of porosity (φCCA) and 163 measurements of horizontal permeability
(KCCA). The core analysis horizontal permeability measurements were selected to be used
as label variables in Model C. We did not choose to model porosity using machine learning,
as this can be done with reasonable accuracy using a conventional standard bulk density
(RHOB) transformation, which produces an R2 score of 0.733.

Prior to model training and testing, permeability values were transformed using
the log10(x), where x is permeability (mD), as it was found to solve problems in model
predictions. Using raw permeability measurements as an objective in some cases led to
negative permeability predictions, which is physically impossible. It was also found that the
model trained on raw data performed well at predicting permeability values >100 mD but
very poorly at permeability values <100 mD, likely due to the linear nature of the selected
objective metric, root mean square error (rmse), meaning it is unsuitable for measuring the
error of a variable that spans many orders of magnitude, such as permeability.

3.1.3. Model A Training Labels: Lithofacies Description

The objective of the lithofacies classification Model A is to distinguish, based on wireline
parameters, the lithofacies that contain enough grain-coating chlorite to preserve reservoir
quality, namely lithofacies 1 and sub-lithofacies 2.2 and 2.3, from non-reservoir lithofacies
intervals (Table 1; Figure 3). Intervals coincident with wireline log data in Tilje Formation
reservoir units, Sections 1–3, have been labelled according to the lithofacies scheme as pro-
posed by Griffiths et al. [18] (Table 1). In total, 282 core intervals have been manually assigned
lithofacies labels, forming the training label dataset for classification Model A.

Here we have trained a model to classify lithofacies, rather than facies association or
sub-facies (Table 1). The sub-facies within lithofacies 2, Lf 2.1, 2.4, and 2.5 have been merged
to form class ‘Lf2.1_4_5’, separated from Lf 2.2 and 2.3, which form the class ‘Lf2.2_3’.
We have separated these sub-facies as even though they belong to the same over-arching
lithofacies, they are reported to have very different reservoir quality, attributed to grain-
coating chlorite present in Lf 2.2 and Lf 2.3, which has preserved porosity and permeability,
while Lf 2.1, 2.4, and 2.5 host pore-filling chlorite, reducing reservoir quality [18]. Lithofacies
7 (n = 6) and 8 (n = 17) have been merged to form the ‘Lf7_8’ class to increase sample size
for the class and, as they both have poor reservoir quality due to pore-filling chlorite, suit
the intended utility of the model.

3.1.4. Model E Training Labels: Petrographic Point Count Grain-Coating Chlorite

Point counted grain coating chlorite (PCGCC) was chosen as the regression objective in
Model E, as it is the main control on reservoir quality in the studied reservoir sections [18].
Training labels for this model were generated by Griffiths et al. [18] from the optical point
counting of 300 grains in polished thin sections taken from horizontal core plugs. In total,
54 thin sections were point counted (14 in reservoir Section 1, 20 in reservoir Section 2,
and 20 in reservoir Section 3) and contributed to the training set for Model E. Prior to
model training, raw values of PCGCC (in percent) were transformed using log10 to force
non-negativity of predictions. A total of 20 of 54 PCGCC values were measured as zero.
In order to preserve zero values of PCGCC after log-transformation, zero values were
artificially set to 0.1%; previously, the lowest non-zero value was 0.3%. Table 2 summarises
raw PCGCC data.

3.2. Statistical Analyses

To investigate the relationships between wireline log parameters, core analysis data,
and lithofacies, we have carried out statistical tests on the combined dataset. First, the
Pearson’s correlation coefficient (R) has been determined to describe the strength of the
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relationships between wireline log parameters, PCGCC, and core analysis porosity (frac-
tional) and horizontal permeability (log10(mD)), with corresponding p-values for each
test quantifying the significance of each relationship. In addition, an analysis of variance
(ANOVA) test was carried out to assess whether there are statistically significant differences
in wireline log parameters as a function of lithofacies. Following the ANOVA test, a post-
hoc Tukey’s honest significant difference (HSD) test determined which lithofacies were
statistically significantly different from one another as a function of wireline log parameters.
All statistical analyses were performed in RStudio version 4.3.0 [52].

3.3. Machine Learning Workflow
3.3.1. Overview

In this study, we present predictive machine learning regression models, which predict
continuous variables, and a classification model that predicts a discrete class-based variable.
To train predictive machine learning models, we have opted to use the supervised deci-
sion tree-based Extreme Gradient Boosting (XGBoost) algorithm in RStudio [52,53] available
through the ‘xgboost’ package and tools within the ‘tidymodels’ package for hyperparameter
optimisation [54,55]. XGBoost was chosen as some studies show that it is able to outperform
other algorithms, specifically in geophysical prediction models [56,57]. The workflow em-
ployed to train models has been adapted from Houghton, Nichols, Griffiths, Simon, Utley,
Duller and Worden [38] and Nichols, Worden, Houghton, Duller, Griffiths and Utley [37] who
predicted the sub-depositional environment and estuarine zone in a modern estuary using
bulk sediment grain size characteristics and geochemistry. The workflow has been adapted
here to use wireline log data obtained from well 6506/12-N-4H as predictors for permeability
regression (Model C), lithofacies classification (Model A), and point-counted grain-coating
chlorite regression (Model E) as outlined in previous sections. Regression models C and
E used the evaluation metric RMSE (Table 3) as the objective metric to minimise during
hyperparameter optimisation, and model training and testing.

Table 3. Evaluation Metrics for classification and regression models used in this study. TN = True
negative, FN = False negative, TP = True positive, FP = False positive (modified after [35,58]).

Model Type Metric Name Equation Description

Classification
(Model A)

Precision TP
TP+FP

The proportion of positive predictions that are true
positives versus false positives

Recall TP
TP+FN

The rate at which a classifier identifies true positive labels
versus to false negatives

F1 TP
TP+ 1

2 (FP+FN)

A measure of accuracy combining precision and recall,
which does not take into account true negatives

Overall Accuracy ∑l
i=1

TPi+TNi
TPi+TNi+FPi+FNi

l

Overall effectiveness of a classifier at identifying true labels,
where ‘l’ is the number of classes

Regression
(Model C and E)

Root mean square error (RMSE)
√

∑N
i=1

(
xi−x̂i

)2

N

A metric scaled to the predicted label dataset; a lower score
indicates greater accuracy.

Coefficient of determination (R2) 1 −
∑N

i=1
(
xi−x̂i

)2

∑N
i=1

(
xi−x

)2

A score ranging from 0 to 1, where 0 indicates no correlation
between actual values and predicted values and 1 indicates
perfect agreement between actual and predicted values.

Mean absolute error (MAE) ∑N
i=1

∣∣xi−x̂i
∣∣

N

Mean of the absolute error between actual and predicted
values; lower score indicates higher accuracy

The machine learning workflow employed to create predictive models is outlined in
Figure 4. The workflow is split into the following three sections:

(1) Importing of wireline log and point counting data with lithofacies labels;
(2) Bayesian optimisation of XGBoost hyperparameters;
(3) Model training and testing with 4-fold partitioning.
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Figure 4. Diagram illustrating the machine learning workflow employed in this study.

Hyperparameters are adjustable numerical values that control how a machine learning
model is built to improve performance and control over-fitting. For example, hyperparame-
ters can set the maximum number of splits allowed in a decision tree or force sub-sampling
of predictor variables or training samples. Default hyperparameter values may not be
suitable for all datasets or classification problems, and, if untuned, can lead to unrep-
resentatively poor model performance. Therefore, it is necessary to find the optimum
values suitable for each training/testing dataset [59]. Within the model creation workflow,
hyperparameters are selected by Bayesian optimisation (BO) and k-fold cross-validation
(after [38,59]). The BO process evaluates the performance of models made using different
combinations of hyperparameters spread evenly across the hyperparameter space selected
by Latin hypercube sampling within search ranges set by the user. For all models created
in this study, we have optimised the following hyperparameters (with the search ranges
in parentheses): nrounds (10 to 1000); max_depth (4 to 30); min_child_weight (1 to 10);
gamma (−1 to 3); subsample (0.6 to 1); colsample_bytree (2 to 7); eta (−3 to −1).

Once a model has been trained using Extreme Gradient Boosting, the ‘importance’ of
each predictor variable (known as a feature) used in model training can be extracted. The
importance score of all features sums to one and indicates what proportion of training error
is reduced by each feature, where the higher the score, the more important that feature is
for reducing error in the model.

3.3.2. Model Evaluation and Comparison

In order to evaluate the performance of individual lithofacies within the classification
Model A, we have employed the evaluation metrics: recall, precision, and F1 score. These
metrics provide information about aspects of model performance, such as proportion of
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true positive predictions (precision), and overall effectiveness at identifying true positives
and true negatives (overall accuracy) [35,58]; these are summarised in Table 3.

To evaluate the performance of regression Model C and E, we have employed the root
mean square error (RMSE), the coefficient of determination (R2), and mean absolute error
(MAE), also summarised in Table 3 [60].

4. Results
4.1. Facies Analysis and Wireline Data

Raw wireline log data and petrographic point-count pore-filling and grain-coating
chlorite data for the reservoir sections of well 6506/12-N-4H are presented in Figures 5–7
alongside a graphic sedimentary log. The three reservoir sections are highly heterogeneous
in terms of grain size, bed thickness, sedimentary structures, and bioturbation type and
intensity. A summary of wireline log parameters and core analysis properties is presented
as a function of lithofacies in Figure 8.

 

Figure 5. (A) Composite wireline log data of the tidal channel facies association (FA1) in well 6506/12-N-
4H with graphic sedimentary log, conventional core analysis porosity (φCCA) and permeability (KCCA),
and petrographic point count data for grain coating (green diamonds) and pore-filling (red circles)
chlorite abundance. Core photographs of: (B) 5974 to 5975 mRKB; (C) 5978 to 5979 mRKB; (D) 5980 to
5981 mRKB; and (E) 5985 to 5986 mRKB showing each of the lithofacies in this reservoir section.
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Figure 6. (A) Composite wireline log data of the tidal-fluvial channel facies association (FA2) in
well 6506/12-N-4H with graphic sedimentary log, conventional core analysis porosity (φCCA) and
permeability (KCCA), and petrographic point count data for grain coating (green diamonds) and
pore-filling (red circles) chlorite abundance. Core photographs of: (B) 5939 to 5940 mRKB; (C) 5943 to
5944 mRKB; (D) 5952 to 5953 mRKB; and (E) 5955 to 5956 mRKB, illustrating the lithofacies diversity
in the reservoir section.
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Figure 7. (A) Composite wireline log data of the distributary mouth bar facies association (FA3) in
well 6506/12-N-4H with graphic sedimentary log, conventional core analysis porosity (φCCA) and
permeability (KCCA), and petrographic point count data for grain coating (green diamonds) and
pore-filling (red circles) chlorite abundance. Core photographs of: (B) 5895 to 5896 mRKB; (C) 5899 to
5900 mRKB; (D) 5905 to 5906 mRKB; and (E) 5906 to 5907 mRKB showing the highly heterolithic and
interbedded nature of this reservoir section.
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Figure 8. Boxplots of core analysis properties, (A) porosity, (B) log-permeability, wireline parame-
ters: (C) Gamma ray; (D) Photoelectric effect; (E) Neutron porosity; (F) Caliper; (G) Bulk density;
(H) Compressional wave delay; (I) Shear wave delay; (J) Deep resistivity. Petrographic point count
abundance of (K) grain-coating chlorite, and (L) total chlorite as a function of lithofacies. Numbers at
the top of each sub-plot are sample numbers (n = x) and the median values of each parameter for
each lithofacies. Sample numbers for sub-plots C to J are the same.

In the tidal channel facies association (FA1; Figure 5), elevated tidal energy conditions
have winnowed fines and deposited coarse clean sands which contain neither pore-filling
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nor grain-coating chlorite, particularly in lithofacies 3 and 4. The result is reduced porosity
and permeability caused by extensive quartz cementation and stylolitisation in the top and
bottom of the section (Table 1; Figure 3C; Figure 5). Beds of lithofacies 2.2 occur in the
middle of this section, hosting low amounts of chlorite grain coats, resulting in moderate
reservoir quality beds between beds of poor quality Lf5.

The tidal-fluvial channel facies association (FA2; Figure 6) is highly heterogeneous,
containing thin beds (0.2 to 0.8 m) of non-reservoir lithofacies 2.1, 2.4, 2.5, 5, 6, 7, 8, which
host pore-filling chlorite due to the mud-rich nature of the sediments (Table 1; Figure 3E).
Reservoir Section 3 hosts lithofacies 1 and 2.2 as thick beds (2 to 4 m), which have marked
increases in grain-coating chlorite, leading to elevated porosity and permeability compared
to other facies (Figure 3).

The mixed tidal-fluvial distributary mouth bar facies association (FA3; Figure 7)
contains lithofacies 2 interbedded with lithofacies 6 with bed thicknesses varying between
0.05 and 1.1 m. Lithofacies 2.2 and 2.3 contain grain-coating chlorite, which preserves
reservoir quality (Table 1; Figure 3D). Pore-filling chlorite is present in this facies association
in lithofacies 6 (Table 1; Figure 3E).

4.2. Statistical Analysis of Wireline and Core Analysis Data

Pearson’s correlation coefficients have been derived to describe the statistical relation-
ships between the continuous variables of wireline log parameters (e.g., neutron porosity,
caliper, bulk density, etc.), core analysis measurements (porosity and permeability), and
point-counted grain-coating chlorite (Table 4, Figure 8). Analysis of variance (ANOVA)
reveals that there are statistically significant differences in some wireline log parameters
between lithofacies classes. Results of the post-hoc Tukey Honestly Significant difference
test are presented in Table 5, highlighting between which lithofacies there are significant
differences (p < 0.1) in wireline log parameters.

Table 4. Pearson’s correlation coefficient (R) matrix between wireline parameters and core analysis
properties is shown in the bottom portion of the table, and p-values are shown in the top portion.
Correlation coefficients are coded to show their statistical significance, where p < 0.05 is significant (*),
p < 0.01 is very significant (**), p < 0.001 is extremely significant (***), and lighter shading indicates a
more significant correlation.

NPHI PEF CALI DTCO DTS RHOB GR RD log(KCCA) φCCA PCGCC
NPHI 1.000 0.815 0.009 0.0000 0.000 0.000 0.486 0.000 0.477 0.000 0.000
PEF −0.014 1.000 0.000 0.000 0.007 0.000 0.000 0.002 0.010 0.000 0.025
CALI −0.156 ** 0.487 *** 1.000 0.000 0.003 0.000 0.000 0.000 0.000 0.000 0.001

DTCO 0.651 *** −0.232
***

−0.343
*** 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DTS 0.541 *** −0.161 ** −0.177
** 0.668 *** 1.000 0.000 0.374 0.000 0.000 0.000 0.003

RHOB −0.457
*** 0.207 *** 0.230 *** −0.795

***
−0.465

*** 1.000 0.000 0.024 0.000 0.000 0.000

GR 0.042 0.292 *** 0.219 *** −0.307
*** −0.053 0.632 *** 1.000 0.001 0.000 0.000 0.020

RD −0.517
*** −0.180 ** −0.338

***
−0.305

***
−0.388

*** 0.135 * −0.200
*** 1.000 0.203 0.048 0.030

log(KCCA) 0.405 *** −0.296
***

−0.533
*** 0.680 *** 0.350 *** −0.778

***
−0.508

*** 0.104 1.000 0.000 0.000

φCCA 0.527 *** −0.332
***

−0.309
*** 0.744 *** 0.481 *** −0.856

***
−0.555

*** −0.142 * 0.881 *** 1.000 0.000

PCGCC 0.733 ** −0.305 * −0.447
*** 0.656 *** 0.403 ** −0.692

*** −0.317 * −0.296 * 0.777 *** 0.828 *** 1.000
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Table 5. ANOVA and post-hoc Tukey Honestly Significant Difference (HSD) test to identify which
wireline parameters have statistically significant differences between lithofacies in well 6506/12-N-4H.
p-values are coded to show their statistical significance, where p < 0.1 is marginally significant (+), p <
0.05 is significant (*), p < 0.01 is very significant (**), p < 0.001 is extremely significant (***), and lighter
shading indicates a more significant difference.

Lithofacies Comparison GR RHOB PEF CALI DTCO DTS RD NPHI PCGCC
2.1_4_5 vs. 1 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 1.000 0.000 *** 0.019 *
2.2_3 vs. 1 1.000 0.000 *** 0.914 0.064+ 0.000 *** 0.000 *** 0.206 1.000 1.000
3 vs. 1 0.000 *** 0.000 *** 0.628 0.000 *** 0.000 *** 1.000 0.000 *** 0.002 ** 0.126
4 vs. 1 0.735 0.000 *** 0.653 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.006 **
5 vs. 1 1.000 0.000 *** 0.573 0.140 0.000 *** 0.000 *** 1.000 0.000 *** 0.014 *
6 vs. 1 0.000 *** 0.000 *** 0.130 0.000 *** 0.000 *** 0.000 *** 0.002 ** 0.002 ** 0.023 *
7_8 vs. 1 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.994 0.065+ 0.126
2.2_3 vs. 2.1_4_5 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.061+ 0.348 0.000 *** 0.017 *
3 vs. 2.1_4_5 1.000 0.517 0.059+ 0.000 *** 0.278 0.000 *** 0.000 *** 0.999 1.000
4 vs. 2.1_4_5 0.000 *** 0.990 0.000 *** 0.000 *** 0.938 0.016 * 0.000 *** 0.000 *** 1.000
5 vs. 2.1_4_5 0.000 *** 0.894 0.173 0.000 *** 0.793 1.000 1.000 0.117 1.000
6 vs. 2.1_4_5 1.000 1.000 0.029 * 0.016 * 0.006 ** 0.540 0.008 ** 0.744 1.000
7_8 vs. 2.1_4_5 0.000 *** 0.129 1.000 0.013 * 0.803 1.000 0.991 0.825 1.000
3 vs. 2.2_3 0.000 *** 0.000 *** 0.037 * 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.001 ** 0.136
4 vs. 2.2_3 0.484 0.000 *** 0.993 0.246 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.004 **
5 vs. 2.2_3 1.000 0.000 *** 0.044 * 1.000 0.000 *** 0.117 0.306 0.000 *** 0.012 *
6 vs. 2.2_3 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.814 0.646 0.000 *** 0.018 *
7_8 vs. 2.2_3 0.000 *** 0.000 *** 0.000 *** 0.043 * 0.000 *** 0.024 * 0.045 * 0.081+ 0.136
4 vs. 3 0.000 *** 0.954 0.020 * 0.000 *** 0.012 * 0.000 *** 0.000 *** 0.000 *** 1.000
5 vs. 3 0.000 *** 1.000 1.000 0.000 *** 0.998 0.000 *** 0.000 *** 0.032 * 1.000
6 vs. 3 1.000 0.181 1.000 0.000 *** 0.991 0.000 *** 0.000 *** 0.982 1.000
7_8 vs. 3 0.000 *** 0.000 *** 0.050+ 0.000 *** 0.994 0.000 *** 0.000 *** 0.983 1.000
5 vs. 4 0.849 0.999 0.022 * 0.825 0.157 0.046 * 0.000 *** 0.006 ** 1.000
6 vs. 4 0.000 *** 0.923 0.000 *** 0.613 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.999
7_8 vs. 4 0.000 *** 0.012 * 0.000 *** 0.997 0.143 0.068+ 0.000 *** 0.000 *** 1.000
6 vs. 5 0.000 *** 0.681 1.000 0.023 * 0.804 0.636 0.012 * 0.000 *** 1.000
7_8 vs. 5 0.000 *** 0.005 ** 0.147 0.438 1.000 1.000 1.000 0.002 ** 1.000
7_8 vs. 6 0.000 *** 0.054+ 0.026 * 0.986 0.661 0.308 0.000 *** 1.000 1.000

4.3. Machine Learning Modelling Results
4.3.1. Model C: Permeability Regression

Model C was trained to predict horizontal core analysis permeability values within the
core using all eight wireline log parameters as predictors (Table 2). The relative importance
of each parameter in reducing error for Model C is shown in Figure 9. Bulk density (RHOB),
caliper (CALI), and compressional wave delay (DTCO) are shown to be the three most
important parameters with above-average contributions (>0.125), and all other parameters
have below-average contributions (<0.125).

Figure 9. Relative importance of each wireline parameter in reducing error when training Model C. The
bars above the dashed line represent variables that are above-average contributors to error reduction.
(RD = deep resistivity; CALI = caliper; GR = gamma ray; RHOB = bulk density; NPHI = neutron porosity;
PEF = photoelectric effect; DTS = shear wave delay; DTCO = compressional wave delay).
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The amalgamated results of four folds of training/testing data are presented as a cross-
plot of XGBoost prediction versus measured value in Figure 10. Performance metrics have
been calculated on the log-transformed values of permeability so that the performance is not
disproportionately impacted by the ability of the model to predict high permeability values
compared to low ones. Across all four folds, R2 score ranges between 0.6102 (fold 1) and
0.8865 (fold 4) but results in an amalgamated score of 0.6928, corresponding to a root mean
square error (RMSE) of 1.09, and mean absolute error (MAE) of 0.782 (Table 6). However,
these amalgamated scores may be skewed by the high performance of fold 4 (Table 6).

Figure 10 shows that 8 of 152 testing predictions lay outside a two orders of magnitude
difference from the actual value; these occur in the lithofacies Lf2.2_3, Lf1, and Lf6. In order
to investigate why these large errors have occurred, we present the results of Model C as
a function of depth in the core in Figures 11D, 12D, and 13D, corresponding to reservoir
Sections 1–3, respectively.

Figure 10. Cross-plot of XGBoost predicted core analysis permeability values (KXGB) vs. measured
values (KCCA), shape-coded for the observed lithofacies of each sample.

Table 6. Evaluation metrics for individual folds of Model C testing data. See Table 3 for an explanation
of evaluation metrics. These R2 values can be compared to the prediction of permeability by linear
regression of RHOB, for which R2 = 0.605.

Fold R2 RMSE log(mD) MAE log(mD)

1 (ntest = 38) 0.6102 1.10 0.808
2 (ntest = 38) 0.663 1.18 0.831
3 (ntest = 38) 0.6904 1.17 0.822
4 (ntest = 38) 0.8865 0.87 0.666

All (ntest = 152) 0.6928 1.09 0.782
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Figure 11. Lithofacies classification logs for reservoir Section 1 (Facies association 1) between 5974
and 5986 mRKB. Shown is (A) a graphic core log indicating grain size, the presence of sedimentary,
biogenic, and diagenetic structures, and point-counted thin section samples alongside the assigned
lithofacies label for each wireline measurement interval. (B) An amalgamation of test results for Model
A showing the probability of a given lithofacies label for each interval; the most probable lithofacies
label for that wireline interval; a log indicating whether the most probable lithofacies label assigned by
the Model A is ‘true’ or ‘false’; an indication of whether a prediction of Lf1 or Lf2.2_3 is a true positive
(TP), false negative (FN) or false positive (FP). True negatives are left blank. (C) Amalgamated results
of Model C core analysis permeability regression prediction. (D) Amalgamated results of Model E
point count grain coating chlorite regression prediction.
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Figure 12. Lithofacies classification logs for reservoir Section 2 between 5942 and 5959 mRKB. Shown
is (A) a graphic core log indicating grain size, the presence of sedimentary, biogenic, and diagenetic
structures, and point-counted thin section samples alongside the assigned lithofacies label for each
wireline measurement interval. (B) An amalgamation of test results for Model A showing the
probability of a given lithofacies label for each interval; the most probable lithofacies label for that
wireline interval; a log indicating whether the most probable lithofacies label assigned by the Model
A is ‘true’ or ‘false’; an indication of whether a prediction of Lf1 or Lf2.2_3 is a true positive (TP), false
negative (FN) or false positive (FP). True negatives are left blank. (C) Amalgamated results of Model
C core analysis permeability regression prediction. (D) Amalgamated results of Model E point count
grain coating chlorite regression prediction.
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Figure 13. Lithofacies classification logs for reservoir Section 3 between 5893 and 5907 mRKB. Shown
is (A) a graphic core log indicating grain size, the presence of sedimentary, biogenic, and diagenetic
structures, and point-counted thin section samples alongside the assigned lithofacies label for each
wireline measurement interval. (B) An amalgamation of test results for Model A showing the
probability of a given lithofacies label for each interval; the most probable lithofacies label for that
wireline interval; a log indicating whether the most probable lithofacies label assigned by the Model
A is ‘true’ or ‘false’; an indication of whether a prediction of Lf1 or Lf2.2_3 is a true positive (TP), false
negative (FN) or false positive (FP). True negatives are left blank. (C) Amalgamated results of Model
E point count grain coating chlorite regression prediction. (D) Amalgamated results of Model C core
analysis permeability regression prediction.
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Permeability predictions in Section 1 show minimal errors for most of the section,
typically where permeability is low (<0.1 mD). Under-estimations are observed in several
high permeability samples between 5979 and 5981.2 mRKB, where an anomalously high
permeability interval (compared to the rest of the section) within Lf2.2_3 is not predicted to
occur by Model C.

Reservoir Section 2 shows much more variation in permeability compared to section
1 (compare Figures 11D and 12D), as there are three high permeability intervals, two
within Lf1, and one within Lf2.2_3 in thick metre-scale beds. The predictions in these
high permeability intervals are much more accurate compared to reservoir Section 1;
however, errors are observed to occur in the transitional intervals between high and low
permeability facies, for example, at 5948.8, 5949.3, and 5952 mRKB, at the boundaries
between two contrasting lithofacies.

Reservoir Section 3 exhibits thinly inter-bedded Lf6 and Lf2.2_3, which have con-
trasting reservoir properties (Figure 13D). Lf6 typically has low permeability because of
pore-filling chlorite, whereas Lf2.2_3 has high permeability due to chlorite grain coats. In
this section, significant errors occur between predicted and measured values in thin beds,
such as in a thin bed of Lf2.2_3 at 5895 mRKB and in a thin bed of Lf6 at 5897.5 mRKB.
Generally, the higher measured permeabilities are under-estimated by roughly one order
of magnitude, whereas the lower measured permeabilities are over-estimated by Model C
by several orders of magnitude.

4.3.2. Model A: Lithofacies Classification

Model A was trained to classify lithofacies using all eight wireline log parameters as
predictors (Table 2). The relative importance of each parameter in reducing error for Model
A is shown in Figure 14. Deep resistivity (RD) and caliper (CALI) are shown to be the most
important predictors of Lithofacies in core 6506/12-N-4H, whereas the two least important
are shear (DTS) and compressional (DTCO) sonic logs.

Figure 14. Relative importance of each wireline parameter in reducing error when training Model A to classify
lithofacies. The bars above the dashed line represent variables that are above-average contributors to error reduc-
tion. (RD = deep resistivity; CALI = caliper; GR = gamma ray; RHOB = bulk density; NPHI = neutron porosity;
PEF = photoelectric effect; DTS = shear wave delay; DTCO = compressional wave delay).

The amalgamated results of four folds of training/testing data are presented in the
confusion matrix, Figure 15, with associated evaluation metrics for each lithofacies class for
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Model A presented in Table 7 The overall accuracy of Model A ranges from 69.4 to 73.9%
across all four folds, with a mean overall accuracy of 71.6%.

Figure 15. Confusion matrix of predictions of unseen testing data across all four folds of Model A.
This matrix consists of rows that represent actual Lithofacies classifications of core intervals, and the
columns represent which Lithofacies those intervals are predicted to be. Darker colors indicate a
higher number in the cell.

Table 7. Mean evaluation metrics for Model A when classifying testing data for each Lithofacies
across 4-folds of training/testing data (one standard deviation in parentheses). Overall accuracy for
Model A is 71.6% (1 sd = 1.64%).

Lithofacies Precision Recall F1

Lf1 (ntest ≈ 7) 0.927 (0.074) 0.804 (0.129) 0.853 (0.070)
Lf2.2_3 (ntest ≈ 15) 0.728 (0.061) 0.812 (0.057) 0.767 (0.054)

Lf2.1_4_5 (ntest ≈ 5) 0.492 (0.215) 0.601 (0.244) 0.529 (0.215)
Lf3 (ntest ≈ 5) 0.811 (0.189) 0.977 (0.039) 0.871 (0.124)
Lf4 (ntest ≈ 3) 0.972 (0.048) 0.889 (0.136) 0.922 (0.084)
Lf5 (ntest ≈ 4) 0.775 (0.155) 0.565 (0.157) 0.643 (0.125)

Lf6 (ntest ≈ 20) 0.639 (0.076) 0.670 (0.093) 0.646 (0.044)
Lf7_8 (ntest ≈ 13) 0.600 (0.424) 0.370 (0.377) 0.337 (0.209)

As the purpose of the modelling was to test if reservoir lithofacies Lf1 (cross-
stratified sandstone with quartz pebbles) and Lf2.2_3 (cross-stratified sandstone with
flasers/bioturbation) could be distinguished from non-reservoir lithofacies, we will focus
on the two reservoir lithofacies in the following results and discussion.

The results show that Model A can positively identify Lf1 and Lf2.2_3 intervals with a
recall score of 0.804 and 0.812, respectively, indicating a roughly 20% false negative rate for
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both classes. It is worth noting that 3 of 32 Lf1 intervals are incorrectly classified as Lf2.2_3
(Figure 15), making up half of the false negatives for Lf1. In this case, the interpretation
of reservoir vs. non-reservoir facies would not change significantly when compared to
incorrect non-reservoir classifications. False negatives for Lf2.2_3 intervals are mostly in
Lf6 (intensely bioturbated heterolithics).

Lf1 has a much higher precision score of 0.927 when compared with Lf2.2_3’s score of
0.728, indicating that intervals belonging to other lithofacies may be falsely identified as Lf1
or Lf2.2_3 by Model A at a rate of 7.3% and 27.2% respectively. The confusion matrix shows
that false positives for Lf2.2_3 can be attributed mainly to Lf1 (reservoir) and Lf5 and Lf6
(both non-reservoir). Where Lf2.2_3 is predicted instead of a non-reservoir lithofacies, this
error could lead to misinterpretation of the well in terms of facies distribution.

Figure 11B illustrates the performance of Model A within reservoir Section 1. With
respect to Lf1 and Lf2.2_3 classifications in reservoir Section 1, there are two false negatives
(yellow), four false positives (orange), and eight true positives (green), with the remaining
66 intervals true negatives (white). In this section, the false negatives and false positive
intervals show significant confusion with adjacent lithofacies classes, as evidenced by the
classification probability log, which shows greatest uncertainty (where the probability
of classifications is near equal for multiple classes) on the boundary of two lithofacies,
particularly between 5982 and 5982 m (Figure 11B). This is surprising as the model is
given no information about the relative position of the datapoints, or that they are spatially
related at all. In the instances of false negatives at 5979.25 m and false positives at 5980.5 m,
the classification probability is very high for the respective outputs, resulting in one bed
each of Lf5 and Lf2.2_3 between 5978 and 5981 m whereas a manual classification (i.e., by a
trained person) has three beds each of Lf5 and Lf2.2_3 that are interbedded.

In reservoir Section 2, presented in Figure 12, intervals of reservoir facies Lf1 and
Lf2.2_3 are more common than in reservoir Section 1, providing a better test for the model
predictions. Once again, classification errors occur at the boundaries of lithofacies, such
as at 5952 and 5953 m. Where there are contiguous intervals of Lf1 or Lf2.2_3, predictions
remain consistently correct for that bed, such as between 5946.8 and 5948.5 m (Figure 12B).

Reservoir Section 3 hosts highly heterolithic interbeds of Lf2.2_3 and Lf6 with Lf7_8 at
its base (Figure 13A). In this reservoir section, errors in classification with respect to Lf1 and
Lf2.2_3 (false positives and false negatives) are proportionally more common in this section
compared to Section 2. Once again, errors are mainly associated with lithofacies boundaries,
but also with thin beds, and exhibit confusion only with adjacent lithofacies, apart from at
5902.75 m, where Lf3 is predicted to occur despite not appearing anywhere in this section.
Similar to the results for Section 2, in Section 3, Model A appears to simplify the stratigraphy,
forming thicker beds with fewer thin interbeds than those interpreted manually.

4.3.3. Model E: Point Counted Grain-Coating Chlorite Regression

Model E was trained to quantify point count grain-coating chlorite (PCGCC) using the
eight wireline log parameters as predictors (Table 2). Note that there has been no previous
attempt to predict grain-coating chlorite using wireline logs. The importance of these eight
parameters for reducing errors in Model E is presented in Figure 16, which reveals that the
most important parameter to predict PCGCC is bulk density (RHOB), but neutron porosity
(NPHI) and gamma ray (GR) are also shown to be above-average contributors to error
reduction. All other parameters have much lower importance values, at <0.091.

Amalgamated predictions of all folds of unseen training data for each reservoir section
are presented in log form in Figures 11C, 12C, and 13C, and in Figure 17 as a cross-plot
of predicted versus measured values. The performance of each fold of testing data is
presented in Table 8 to reveal that folds 1 to 3 have much higher R2 (greater than 0.68)
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compared to fold 4 (R2 = 0.2608), whereas RMSE and MAE metrics do not have such a
significant reduction. This drastic reduction in R2 may be a result of two outliers, seen as
two large underestimates in Figure 17.

Figure 16. Relative importance of each wireline parameter in reducing error when training Model E
to quantify point count grain-coating chlorite. The bars above the dashed line represent variables that
are above-average contributors to error reduction. (RHOB = bulk density; NPHI = neutron porosity;
GR = gamma ray; CALI = caliper; DTS = shear wave delay; DTCO = compressional wave delay
RD = deep resistivity; PEF = photoelectric effect;).

Figure 17. Cross-plots of predicted point-count grain-coating chlorite values vs. measured values, shape-
coded for the effects of chlorite in each sample, and colour-coded for: (A) data fold, and (B) lithofacies.
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Table 8. Evaluation metrics for individual folds of Model E testing data. See Table 3 for an explanation
of evaluation metrics. These R2 values can be compared to the prediction of point count grain coating
chlorite by linear regression of NPHI, for which R2 = 0.537.

Fold R2 RMSE (%) MAE (%)

1 (ntest = 14) 0.8098 1.82 1.00
2 (ntest = 14) 0.6842 3.72 2.38
3 (ntest = 13) 0.8419 2.01 1.60
4 (ntest = 13) 0.2608 4.31 2.33

All (ntest = 54) 0.6499 3.11 1.79

Figure 17 shows that under-estimations of predicted PCGC occur more than over-
estimations, and the highest value of actual PCGC (16.3%) is predicted as 10.19%, an
interval of Lf2.2_3 at 5897.25 m. Under-estimates of 8.8%, predicted as 1.33% (in Lf1) and
13.6%, predicted as 1.68% (in Lf2.2), occur at 5949 m (reservoir Section 2; Figure 12C) and
5895 m (reservoir Section 3; Figure 11C), respectively. A total of 43 predictions lie within
±2.5% of the actual value, including all twenty < 0.1% values, indicating that the model
is effective at identifying intervals without porosity-preserving chlorite grain coats. The
point with the highest over-estimation (2.6% measured; 7.51% predicted) occurs in a thin
(10 cm) bed of Lf6 in reservoir Section 3 at 5897.5 m (Figure 12C).

5. Discussion
5.1. Controls on Wireline Responses; Links to Lithofacies and Chlorite

The effects of chlorite on wireline log responses and its identification using wireline data
are topics of discussion in the literature, as they are key to understanding the potential for
porosity-preserving grain coats [4,29,61]. Traditionally, the presence of clay minerals is inferred
from the gamma ray log due to the presence of radioactive elements such as K, Th, or U.
However, in the case of chlorite, an Mg-Fe-rich aluminosilicate ((Mg,Fe)4–6(Si,Al)4O10(OH,O)8),
there are no radioactive elements contained within the crystal structure and so chlorite
provides minimal contribution to a gamma ray response [4,27]. Authigenic chlorite platelets
are known to retain water within microporosity, resulting in elevated irreducible water
saturation, which, if briny, reduces resistivity of the chlorite-bearing interval despite oil
emplacement, which would otherwise increase resistivity [29,62,63]. Additionally, the neutron
log response of chlorite-bearing rock is theoretically high due to the relatively high number
of hydrogen atoms per unit cell [4]. Based on these petrophysical properties of chlorite,
Worden, Griffiths, Wooldridge, Utley, Lawan, Muhammed, Simon and Armitage [4] suggested
that chlorite-coat-derived enhanced porosity is characterised by low resistivity, high neutron
response as a result of the presence of chlorite, and low bulk density and high acoustic delay
as a result of the high porosity. Considering the known petrophysical expression of chlorite, it
is possible to assess whether the models presented in this study are able to truly exploit the
petrophysical expression of chlorite or whether non-unique properties (e.g., high porosity) are
more important.

Reservoir lithofacies class Lf1 is shown to have very low bulk density (RHOB) com-
pared to non-reservoir lithofacies and moderately lower when compared to Lf 2.2_3 (Fig-
ure 8G). Conversely, Lf1 has very high compressional wave delay (DTCO) compared to
non-reservoir lithofacies and moderately higher when compared to Lf2.2_3 (Figure 8H).
These differences are highlighted as being statistically significant by ANOVA and post-hoc
Tukey Honestly Significant Difference (HSD) test (Table 5), as RHOB and DTCO are shown
to be statistically significantly different from all other lithofacies, likely contributing to
their high evaluation metric scores for precision, recall, and F1 (all above 0.8; Table 6).
The differences between Lf1 and other lithofacies may be a result of the high porosity,
which is known to reduce bulk density and increase compressional wave delay time [27,64].



Geosciences 2025, 15, 325 27 of 36

These relationships are also evidenced in the wireline data for this well, as there is a strong
negative correlation between core analysis porosity and bulk density (R = −0.856), and a
strong positive correlation between core analysis porosity and compressional wave delay
(R = 0.744) (Table 5).

Deep resistivity (RD) is shown to be the most important wireline parameter for reducing
errors in the model (Figure 9), likely caused by the significant differences between Lf3 which
has relatively low resistivity (less than 10 Ωm), Lf4 with high resistivity (more than 20 Ωm),
compared to the other lithofacies which have moderately low resistivity, between 10 to 20 Ωm,
which are shown graphically in Figure 8J. Statistically, Lf3 and Lf4 have significant differences
in deep resistivity values when compared to each other and all other lithofacies, potentially
allowing them to be heavily exploited by Model A (Table 5; Figure 8J). Despite these differences
for Lf3 and Lf4, the Tukey HSD tests (Table 5) between other lithofacies classes suggest that RD
is not a statistically reliable discriminator, as only 5 of 15 other comparisons are significantly
different. This may be due to the low chlorite content in Lf4 (Figure 8J,L), and so has not
retained elevated irreducible water saturation after oil emplacement, which would lower
resistivity [4]. By contrast, other lithofacies have a significant amount of chlorite (Figure 8L),
which results in high irreducible water saturation, and lowering resistivity. Neutron porosity
is also observed to be higher in reservoir facies, but this is not shown to be a highly important
parameter for reducing error (Figure 9).

While the intended utility of Model A is to identify chlorite-coated facies, it is likely
only doing this as a proxy through the effects of the grain-coating chlorite rather than
directly exploiting the petrophysical response of the grain coats themselves. For example,
reservoir lithofacies Lf1, Lf2.2, and Lf2.3 are grain-coated by chlorite, therefore have ele-
vated porosity, resulting in decreased bulk density and increased acoustic delay times. The
discrimination of other lithofacies by the model may be attributed to other effects, such as
radioactive elements in some clay minerals increasing gamma responses, such as in Lf7_8,
which host fluid muds (Figure 8C).

Model E shows that bulk density (RHOB) is the most important parameter in reducing
model error, which, similar to previous discussion of links of grain coating chlorite affecting
porosity, which affects RHOB rather than a petrophysical response to chlorite (Figure 9).
Neutron porosity is the second-most important parameter for reducing error in the Model E
which, given the typically high response of chlorite, could indeed be linked to chlorite coat
abundance at these intervals as it is shown to have the strongest correlation with chlorite
grain coat abundance (R = 0.733) of any of the wireline parameters (Tables 4 and 7).

Here, we suggest that the performance of Model A and E may be influenced by the
presence of chlorite directly and indirectly. Deep resistivity and neutron porosity are
known to be discriminators of chlorite-bearing rocks, and these responses are possibly
being exploited in the modelling as suggested by the high importance of deep resistivity in
Model A (Figure 9), and of neutron response in Model E (Figure 14). However, the presence
of chlorite as coats may be indirectly used by the model to identify high porosity zones,
which coincide with high chlorite grain coat abundance in both Models A and E. The direct
effects of chlorite may be exploited by Model A, but only in distinguishing between very
high and very low chlorite. However, this chlorite may variably be present in the rock as
grain-coating, pore-filling, or grain-replacive types, each of which has different effects on
reservoir quality [18,65,66]. Furthermore, the presence of non-reservoir classes, which are
discriminated more effectively by other parameters, might dilute the effects of chlorite for
lithofacies classification.
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5.2. Lithofacies Classification of the Tilje Formation

Sediment texture often acts as a significant control on reservoir quality [67], leading
many studies to train models that can identify lithology based predominantly on grain size,
with generic class labels such as ‘sandstone’, ‘mudstone’, ‘siltstone’ (e.g., [32,33,59,68,69]).
A lithology-based scheme may be sufficient when a reservoir’s porosity and permeability
are governed by the primary texture of the rock; however, for the many reservoirs where
diagenetic processes control reservoir quality, texture-based classes may be inappropriate to
infer reservoir quality [15,70,71]. To solve this problem, some authors choose a ‘diagenetic
facies’ label which more accurately reflects the diagenetic controls on reservoir quality
compared to lithology, such as in the Yanchang Formation of the Ordos Basin, where the
main control on reservoir quality is secondary porosity formed by dissolution of rock
fragments and feldspars during mesodiagenesis [39,45]. The lithofacies scheme trained
for classification in Model A is defined by grain size characteristics, sedimentary structure,
bioturbation, and chlorite presence, linked to sedimentological processes. These properties
can then be inferred in intervals where lithofacies predictions could be made in uncored
wells, offering an advantage over schemes that require core for detailed facies definition. In
addition, the environmental links in the lithofacies scheme could point toward connectivity
potential, lateral continuity, or bed morphology. This scheme sits between a strict descrip-
tive nature of lithology and diagenetic controls on reservoir quality, which also influenced
merging lithofacies classes prior to model training, such as in the merging of Lf7 and
Lf8, which are both non-reservoir due to high pore-filling chlorite and low grain-coating
chlorite; distinguishing these two lithofacies does not represent significant value in terms
of determining reservoir quality by proxy.

Model A presented in Figures 12–14 has eight distinct classes, which reflect geological
variability but not reservoir quality variability. If geological information is of lower value, a
user could instead binarize the class predictions into classes such as ‘contains chlorite grain
coats’ and ‘does not contain chlorite grain coats’, which would also provide information
about the presence of chlorite grain coats. In the present study, we chose to keep the eight
lithofacies discrete to preserve as much geological information as possible, which may be
of use for further modelling and interpretation.

5.3. Sources of Error When Predicting the Presence of Grain-Coating Chlorite Using Machine Learning

The predictions of Lf1 and Lf2.2_3 by Model A appear to perform the worst in the most
heterogeneous, and cm-scale interbedded Lf2.2_3 and Lf6 of Section 3 (Figure 13), when
compared to the massive, metre-scale bedding of Lf1 and Lf2.2_3 in Section 2 (Figure 12).
Also in Section 2, the model predictions fail to recognise the presence of 30 cm-thick
interbeds of Lf5 and Lf2.2_3 within larger beds (Figure 12). We suggest that these errors in
classification at lithofacies boundaries may be a function of limitations of the acquisition
of wireline measurements with respect to sampling volume and resolution, and the tilt
of the wellbore with respect to the heterolithic beds, especially a problem in thin-bedded
heterolithics. These log resolution and tilted bed issues cause shoulder effects in wireline
responses as the log measurements are a combination of the two adjacent lithofacies, which
may also explain why classification probabilities for lithofacies boundaries commonly
contain high probabilities of classification from adjacent lithofacies. This issue can also
be seen to affect quantitative prediction of permeability values by Model C, and grain
coating chlorite by Model E, for example, the outliers in reservoir Section 3, where thin
beds of contrasting reservoir quality are interbedded. This effect is perhaps most obvious
in the bulk density (RHOB) response of facies association 3 (Figure 7A), where contrasting
low RHOB values in Lf2.2_3 (approximately 2.3 gcm−1) and high RHOB values in Lf6
(approximately 2.6 gcm−1) are interbedded to produce a fluctuating response (a similar
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pattern is observed in shear sonic response, DTS) which may contribute to the model errors
observed in Figure 13. In effect, the measurements for a given depth are also capturing
responses of adjacent lithofacies as well as that of the ‘actual’ lithofacies recorded at that
interval. The effect of this was also noted as a contributor to difficulty in interpreting the
Smørbukk field by Martinius, Ringrose, Brostrom, Elfenbein, Naess and Ringas [24] and
the results here are directly affected by this issue.

Similar effects are observed in the regression Model E to predict point count grain
coat chlorite (PCGCC) abundance, for example, at 5895 mRKB in reservoir Section 3
(Figure 13), Model E underestimates the amount of PCGCC within the very thin bed of
Lf2.3, represented in Figure 17 by the bottom right-most point. This sample lies between
thicker beds of Lf6, which likely have lower PCGCC abundances, but the signal of the
bed at 5895 mRKB is below the full resolution of the wireline measurement. Similar to
the performance of Model A, Model E exhibits confusion at or near lithofacies boundaries
between differing PCGCC abundance. An example of this may be seen at the base of the Lf1
package at 5952 mRKB in reservoir Section 2 (Figure 12), where PCGCC is under-estimated,
which may be a result of conflicting signals of the PCGCC-poor Lf2.1, which underlies
it, represented in Figure 17 by the bottom middle point. The cases where Models A, C,
and E have been observed to be accurate or inaccurate are illustrated in Figure 18 which
summarises sources of error in the models presented here, specifically in the geological
context of this well. One weakness of Model E trained in this study is a low sample
size, which may have decreased model performance by not capturing the full extent of
petrophysical characteristics of grain-coat chlorite bearing intervals to allow near-perfect
prediction. However, due to the practical limitations of sampling core and the time-
consuming analyses to obtain permeability and petrographic data, the authors were not
able to improve this aspect of the modelling process.

The results presented here represent sub-optimal conditions for the application of
machine learning to facies and chlorite coat prediction due to the apparent dip of beds
relative to the wellbore and thinly-bedded heterogeneous nature of the deposits, resulting
in multiple lithologies being captured in one interval, and the higher likelihood that a
bed is below detectable thickness. Log parameters with high penetration depths are most
impacted by this effect, such as induction logs and laterologs, but the effect will be lessened
in the responses of low penetration depth measurements, such as gamma, density, and
sonic logs [27,72]. Here we suggest that the ideal conditions for the application of the
method presented are when beds are horizontal relative to the wellbore and where beds
are thick enough to allow for full resolution, which, depending on logging conditions, pa-
rameters measured, and parameter importance in the desired model (Figures 9, 14, and 16),
is between 15 and 90 cm [27,28]. For example, optimal measurements of bulk density,
the most important feature in predicting permeability in Model C and chlorite grain coat
abundance in Model E (Figure 16), would be when beds are at least 45 cm thick [62]. In
contrast, for lithofacies classifications by Model A, when resistivity is the most important
feature, thicker beds of at least 76 cm may represent optimal conditions [62]. Although the
limitations highlighted to affect model performance in this study have not been accounted
for by data curation or transformation (beyond log-transformation), it may be possible
to reduce shoulder effects and thin bed effects by deconvolution of petrophysical logs to
better discriminate the petrophysical characteristics of facies and grain coating chlorite [27].

Given the limitations and proposed sources of error of the modelling presented, it is
suggested that the use of both models (A and C) in tandem can qualitatively suggest the
accuracy of the model output. For example, a lithofacies log (synthetic or manual) could
highlight interbeds, thin beds, or lithofacies boundaries where predictions of a chlorite
grain coat and permeability predictions are likely to be more prone to errors (Figure 16).
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Figure 18. Schematic diagram of subsurface wireline log acquisition with strata (with different beds represented by various colours) inclined relative to the wellbore
illustrating how multiple facies may be contributing to the response at a particular depth. A qualitative representation of a theoretical and actual wireline response
is shown. Known lithofacies labels are shown compared to machine learning (ML) predictions, and the cause of possible differences is highlighted. Point count
grain-coating chlorite (PCGCC) measurements and predictions are also shown, with model performance highlighted.
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5.4. Implications for Reservoir Quality Prediction

Multiple authors have highlighted that a lack of understanding of the distribution
of cementation in the Tilje Formation has been a significant contributor to difficulties in
predicting porosity and permeability in deep fields [24–26,73]. In such fields, reservoir
quality is controlled less by sand-to-mud ratio, which may be determined by a ‘Vshale’
calculation from gamma ray response, and more by variations in cementation as a result
of grain-coating chlorite, which cannot be easily distinguished by conventional wireline
log characteristics. The workflow presented here to train a machine learning model to
identify lithofacies in a chlorite-cemented heterolithic marginal marine sandstone such as
the Tilje Formation represents a step toward developing tools which can (1) increase our
understanding of the distribution of facies-controlled cementation at the same resolution as
wireline data and (2) potentially facilitate stochastic modelling to build a three-dimensional
reservoir-scale facies model by using lithofacies predictions (and probabilities thereof)
made by Model A [25,74,75]. Incorporating the machine learning workflow presented here
into field-scale reservoir characterisation involving multiple wells could reduce uncertainty
by providing a geological interpretation of a wireline log without the need for collecting
core, thereby also reducing costs.

Being able to predict the distribution of chlorite-bearing facies using wireline log
data represents value in comparison to purely core-based determination, which requires
very expensive acquisition of core and then petrographic studies. The core-calibrated
predictive model created here can be applied to uncored intervals from the same well or to
a different well, increasing the value of the acquired core and wireline data. However, a
user of field/formation-specific models should be careful to ensure that the regional and
stratigraphic context of the model’s basis is well-understood, i.e., the user should develop
such a model for wells, intervals, or fields which share sedimentary environments and
reservoir quality controls. For example, the models trained here in the deep Tilje Formation
of the Smørbukk field are not suitable for application in time-equivalent intervals in shal-
lower fields such as Heidrun, where grain coats are absent and instead calcite cementation
controls reservoir quality (Figure 1) [24]. Similarly, the model may be unsuitable to predict
chlorite-coated intervals in different formations, such as the overlying Tofte Formation,
which, despite hosting chlorite grain coats, was deposited in a different sedimentary envi-
ronment and so could contain environment-specific facies that are not accounted for by a
Tilje-calibrated model (Figure 2) [21]. Given training data from multiple cored wells in the
Tilje Formation of the Smørbukk field, it would be possible to train a generalised model
capable of reliable field-wide formation-specific prediction of lithofacies distribution and
grain coat abundance [31,34]. Including data from multiple wells would increase sample
size for each lithofacies, and capture reservoir-scale heterogeneities within the formation in
contrast to the smaller core-scale heterogeneities captured in the models of the study; this
is a key issue to consider in heterolithic tide-influenced and tide-dominated successions
whose multi-scale heterogeneity is well-documented [24,76–78].

When training a model using multiple wells, other non-geological factors must be
considered that affect the quality of well log responses, thereby affecting model performance
and prediction. For example, log data obtained can be affected by the type of drilling fluid,
particularly affecting resistivity (conductive vs. non-conductive mud) and caliper logs (due
to mud cake build-up) [27]. Age and equipment manufacturer also impact data acquisition,
as not all measurement equipment records the full suite of logs that are utilised in this
study. In addition, as observed in well 6506/12-N-4H, well deviation affects measurements
and produces shoulder effects (Figures 5–7), the consequences of which would be different
in vertical or horizontal wells. Considering these wide-ranging effects of data acquisition
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limitations, it may be necessary to process data prior to model training when handling data
from multiple wells with different equipment, age, and logging environments.

6. Conclusions
This study focused on the heterolithic tide-dominated Tilje Formation in three reser-

voir sections of well 6506/12-N-4H of the Smørbukk field of the Norwegian North Sea,
where porosity is preserved (up to 26%) at great depths (>4 km) due to the presence of
grain-coating chlorite, which has inhibited quartz cementation. Due to the multi-scale
heterogeneous nature of the formation, predicting the distribution of chlorite grain coats
using traditional approaches is challenging. Here we test the ability of machine learning
models (using an Extreme Gradient Boost-based workflow) to predict lithofacies (as a
proxy for grain-coat presence) and grain-coating chlorite abundance using eight measured
wireline log parameters as predictors. We quantify the performance of the two models, and,
by exploring the statistical and geological relationships between predictors and labels, we
discuss how geological factors affect model performance.

Statistical differences between eight wireline log responses as a function of lithofacies
have been described and identified, where these differences are statistically significant. Dif-
ferences in wireline log responses between lithofacies are likely linked to differences in mud
content, chlorite content, and cementation, which are controlled by primary depositional
and secondary diagenetic factors.

The statistical relationships between wireline responses, lithofacies, and chlorite coat
abundance provide a basis to create a machine learning classification model to predict
lithofacies and grain-coating chlorite abundance using wireline responses as predictors.

Model C is a regression model trained to quantitatively predict horizontal permeability
based on eight wireline parameters. Across four folds of training/testing data, the corre-
lation coefficient (R2) between predictions and measurements of unseen log-permeability
data is 0.6928, root mean square error of 1.09, and mean absolute error of 0.782.

Model A is a classification model trained to predict lithofacies in three reservoir
sections. Across four folds of training/testing data, the mean overall accuracy of the model
is 76.1%. Reservoir lithofacies can be distinguished from non-reservoir lithofacies with
approximately 80% accuracy.

Model E is a regression model trained to quantitatively predict the amount of grain-
coating chlorite in an interval, calibrated using petrographic point counting data. Grain-
coating chlorite has never previously been predicted from wireline log data. In the training
data set of 54, grain coating chlorite abundance varies between 0 and 16.1%. The model is
able to predict the quantity with an R2 value of 0.6499, root mean square error of 3.11% and
mean absolute error of 1.79%.

Thin beds at or below the resolution of wireline data acquisition, where lithofacies are
interbedded with bed thicknesses of less than 30 cm, may be missed by the classification
prediction, resulting in poor model performance compared to the core.

Where beds are thick (>30 cm), model predictions are good, but there may be errors in
classification or quantification at boundaries.

The deviated nature of the well that we have worked on also results in model confusion,
as, during acquisition, multiple lithofacies may contribute to the log measurement, causing
further confusion in the model predictions.
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