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SUMMARY

Borehole breakout (BO) has increasingly been utilized to estimate in-situ stress magnitudes
given the importance of the stress field in subsurface activities and the limitations of conven-
tional stress measurement techniques. In this study, a new backpropagation neural network
model is developed to estimate both maximum and minimum horizontal stress magnitudes
from multiscale BO data. A total of 150 experimental data points from pre-stressed true-
triaxial laboratory tests and 44 field data from a mine site in Australia and the literature are
collected and employed for model development and validation. Compared to previous stud-
ies, the collected data set is significantly enhanced in both quantity and quality. To address
discrepancies in stress magnitudes between experimental and field data, the three principal
stresses are normalized by borehole wall strength (BWS). Overall, the model achieves mean
absolute percentage errors of below 8 per cent for the maximum horizontal stress and below
20 per cent for the minimum horizontal stress, significantly outperforming the previous model
developed for this purpose. Furthermore, these error rates fall within the typical error range
(10-20 per cent) of conventional stress measurement techniques, indicating the model’s suf-
ficient accuracy for practical applications. Moreover, the effectiveness and generalizability of
the model are verified using 166 additional BOs from two mine sites, which are independent
of those used in model development. Continuous and detailed stress profiles are established
based on these BOs, covering greater depth intervals than the stress measurements from the
overcoring method. The results of this study demonstrate that the proposed model can provide
reliable and accurate stress estimation, utilizing input parameters that can be readily obtained
from borehole geophysical logs.

Key words: Machine learning; Neural networks, fuzzy logic; Downhole methods; Geome-
chanics.

Cornet, 2003; Lavrov, 2003; Sjoberg et al., 2003; Figueiredo et al.,

I INTRODUCTION 2010; Lai et al., 2019). However, they are generally cost-intensive
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Knowledge of the in-situ stress field is crucial for a wide range of
subsurface activities, including for example, mining and petroleum
operations, carbon geosequestration, hydrogen storage and geother-
mal energy production. Common in-situ stress measurement tech-
niques, such as overcoring, hydraulic fracturing, flat jack and acous-
tic methods (Kaiser effects), could effectively provide direct esti-
mates of the stress field orientation and magnitude (Haimson &

and time-consuming due to the need for field or laboratory test-
ing (Fairhurst, 2003; Ljunggren et al., 2003). Furthermore, as these
techniques often only offer a point measurement of the local stresses
per test, extensive testing is required to establish a comprehensive
understanding of the regional stress field.

Borehole breakout (BO) refers to symmetrical V-shaped elonga-
tions on opposite sides of the borehole walls, commonly observed in
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Figure 1. Schematic diagram of a V-shaped BO in a vertical borehole.

boreholes of various depths (Cox, 1972; Zoback et al., 1985; Lucier
etal.,2009; Jo et al., 2019). The extent of BO can be characterized
by two geometric parameters: angular span (6,) and BO depth (L)
normalized by borehole radius (R) (L/R), as indicated in Fig. 1. In
vertical boreholes, as the redistributed stress primarily concentrates
along the minimum horizontal stress (o) direction around the cir-
cumference, the BO azimuth has been broadly utilized as a robust in-
dicator of stress orientations (Gough & Bell, 1981; Qian & Pedersen,
1991; Zhang et al., 1994; Borm et al., 1997). According to the latest
World Stress Map data base, BO contributes up to 50 per cent of the
stress orientation data within the upper 5 km of the Earth’s crust,
surpassing other indicators such as earthquake focal mechanisms,
drilling-induced tensile fractures and hydraulic fracturing (Heid-
bach et al., 2018). Furthermore, attempts have been made to derive
or constrain the horizontal stress magnitudes from BO geometries as
an alternative to conventional stress measurement techniques. Ana-
lytical methods, such as those described in Barton ez al. (1988) and
Zoback et al. (2003), correlate the redistributed stress around the
BO boundaries with the strength of the rock to constrain the stress
range or calculate the maximum horizontal stress (o) from o,.
Numerical methods have also been adopted by iteratively varying
boundary stresses to match numerical BO shapes with observed field
data (Shen, 2008; Kim et al., 2017). Although these methods have
demonstrated varying degrees of success in practical applications,
they generally provide only the range and relative magnitudes of
the horizontal stresses or require iterative computation for each data
point.

Since the extent of BO is directly correlated with redistributed
virgin stresses, machine learning regression models have been
increasingly adopted in recent years to estimate explicit stress
magnitudes from BO geometries. Compared with the analyt-
ical and numerical approaches mentioned previously, machine
learning methods can provide relatively higher estimation ac-
curacy given their ability to capture nonlinear correlations be-
tween input features and target outputs, as demonstrated in var-
ious geomechanical and geophysical applications (Bergen et al.,
2019; W. Zhang et al., 2023). Zhang et al. (2018) developed a

backpropagation neural network (BPNN) for horizontal stress es-
timation based on a BO data base generated from finite el-
ement method (FEM) simulations, and the same methodology
was later adopted by Zhang & Yin (2019) and Garavand &
Hadavimoghaddam (2023). However, these numerically gener-
ated data sets were not calibrated or validated against real-world
data, and the applicability of these models under field condi-
tions was not verified. Lin, et al (2020a, c) and Wu et al.
(2024) compiled data sets consisting of 79 to 106 experimen-
tal data points and 19 to 23 field data points for the devel-
opment of Kriging and BPNN models, which are considered
more practical compared to those based on FEM data. Nonethe-
less, the reliability of these models remains significantly con-
strained by the quantity and quality of available data sets, par-
ticularly the lack of field data. Moreover, they were built ei-
ther using only one BO geometry or to predict only one hor-
izontal stress component, failing to consider that 6, and L/R
have different formation mechanisms and are affected by the
combined effect of both horizontal stresses (Lee et al., 2016;
Xiang et al., 2024b).

To address the aforementioned limitations, a new BPNN regres-
sion model is introduced in this study to estimate both o, and
o, stress magnitudes from BO geometries. A new data set, com-
prising 194 experimental and field data points, is used for model
development and validation. The effectiveness and generalizability
of the model are further evaluated using additional field data from
two mine sites in Australia. Compared with conventional stress
measurement techniques, the inputs of the proposed model are pri-
marily obtained from borehole geophysical logs without additional
testing, as the logging data have often already been collected for
other applications, such as mineral exploration and geological struc-
ture imaging. Furthermore, since BOs are commonly observed in
boreholes, continuous stress profiles can be established using the
proposed model, which can further contribute to the modelling of
the regional stress field. The outcomes of'this study are also expected
to provide valuable data and new insights into the methodologies
for developing stress estimation models from BOs using machine
learning techniques.

2 DATA COLLECTION AND ANALYSIS

2.1. Experimental data

Given the difficulties in obtaining sufficient field data, experimental
data are used to establish the primary data set for model develop-
ment. Two common testing methodologies for studying BO are the
pre-drilled (PD) method (applying true-triaxial stresses to speci-
mens with pre-drilled boreholes) and the pre-stressed (PS) method
(applying true-triaxial stresses to intact specimens and then conduct-
ing drilling). Based on in-situ observations, numerical simulations
and systematic experimental investigations (Martin, 1997; Eber-
hardt, 2001; Xiang et al., 2024c¢), it is believed that the PS method
more realistically reproduces BO formation under field conditions
due to the impacts of stress path and removal of the rock debris by
the drilling fluid and vibration. Therefore, to ensure the reliability
of the model, only PS experimental data are collected for model
development.

An example of the PS testing setup and procedures is given
in Fig. 2. First, true-triaxial far-field stresses are applied to
the rectangular prismatic samples and maintained for approxi-
mately 10—15 min to allow stabilization. The specimen size varies
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Figure 2. An example of the PS experimental setup and procedures (after Xiang et al., 2024b, 2024c). (a) Rectangular prismatic rock specimens; (b) True-
triaxial PS BO experiment; (c) Schematic diagram showing the stress directions and borehole location on the specimen; (d) 3-D scanning of the tested

specimens; (¢) Scanned point cloud data of a tested specimen.

between 120 x 120 x 120 mm?, 127 x 127 x 178 mm® and
153 x 153 x 229 mm? (Haimson & Kovacich, 2003; Haimson,
2007; Xiang et al., 2024c). Subsequently, drilling is carried out
along the vertical stress (o,) direction, and fluid (tap water) is
circulated through the drill bit and borehole to cool down the
drill bit and remove BO debris. Upon completion of the drilling,
the drill bit is retracted, and the same stress state is maintained
for an additional 30 min to allow BO formation and stabilization.
Post-experiment, the BO geometries are extracted through optical
scanning.

Six sets of PS experimental data based on Gosford sandstone (Xi-
ang et al., 2024b), yellow mudstone (Xiang et al., 2024b), Alabama
limestone (Herrick & Haimson, 1994), Tablerock sandstone (Haim-
son & Lee, 2004), Tenino sandstone (Lee et al., 2016) and Westerly
granite (Song, 1998) are collected from the literature. Additionally,
since the study by Xiang et al. (2024b), six new experiments have
been conducted on Gosford sandstone and included in this study.

In total, the experimental data set comprises 150 PS data points
across various rock types, representing a considerable improvement
in both data quantity and consistency in the experimental approach
compared with previous studies. These data are listed in Table Al
in Appendix A.

Due to the limitations of laboratory conditions, the diameter of
the borehole for all experimental data is around 22 mm, which is
smaller than those in the field. To incorporate the borehole size
effect (Bazant et al., 1993; Martin et al., 1994; Dresen et al., 2010;
Papamichos, 2010; Lin ez al., 2020b), borehole wall strength (BWS)
is commonly employed to replace uniaxial compressive strength
(UCS) to represent the rock strength along the wall of relatively
small boreholes, which can be calculated by eq. (1) (Lin et al.,
2021).

BWS = (O.OOOSRz — 0.0638R + 2.7885) UCS, (1)

where R represents the radius of the borehole in mm.
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Figure 3. Location of the studied area (highlighted by the dashed box) (after Rajabi ef al., 2017). The grey regions represent the various stress provinces in

Australia.

2.2. Field data

Field data is crucial for model development, representing real-world
conditions and variability and essential for accurate model calibra-
tion and validation. The paucity of field data has always been a
significant constraint in previous studies. To address this issue, a
new set of field data is obtained from exploration boreholes of a
coal mine (Mine A) located in the Bowen-Surat 1 area of the Bowen
Basin, Queensland, Australia (Fig. 3). These exploration boreholes
were drilled vertically from the surface to depths of around 300 to
600 m prior to mining. Extensive in-situ stress measurements were
conducted at multiple boreholes through the overcoring method.
According to these stress measurements and the World Stress Map
data base (Rajabi et al., 2017), the stress fields around the studied
area are primarily under the thrust faulting (TF) stress regime (o y
> o0, > 0,), with a small amount of data indicating a strike-slip
(SS) stress regime (o > o, > o) (Anderson, 1905). The measured
oy is primarily oriented towards 20° to 70° from magnetic north
(NE-SW), which is consistent with the World Stress Map data at
this region.

Geophysical logging was carried out in most exploration bore-
holes, including density, gamma, caliper, acoustic televiewer (ATV),
sonic, neutron and verticality logs. The log analysis was per-
formed using the commercially available software Well CAD™ 5.7

(Advanced Logic Technology, Luxembourg). Quality assurance and
quality control (QAQC) were conducted by the field engineers and
service providers to ensure the reliability of the logs. Borehole BOs
are identified based on the ATV and caliper logs. As the maximum
deviations of these exploration boreholes are generally smaller than
3°, the boreholes are assumed to be vertical and aligned with the
o, direction. Therefore, the BO orientation is considered to cor-
respond to the direction of o). For BO geometry extraction, the
traveltime from the ATV logs is first converted to the borehole
radius, and the radius values at BO locations are then averaged
along the length of the BO to reduce local noise. BO geometries
are determined by comparing the borehole radius at BO locations
with the radius of intact borehole sections adjacent to the BOs,
and the final BO dimensions are obtained by averaging the values
from both sides of the borehole. An example of an extracted BO
and the averaged BO profile and cross-section are shown in Fig. 4.
The extraction process is executed through a program written in
Python, similar to that described in Wang et al. (2023). QAQC
is carried out on the extracted BO data based on the following
criteria:

(1) The BO is not intersected by geological structures (e.g. frac-
tures) (LeRiche, 2017).
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Figure 4. An example of an extracted BO. (a) Depth and orientation of observed BOs along an exploration borehole; (b) Acoustic image log of the BO at the
depth of 381.6 to 382.3 m. The BO is denoted by the blue area in the amplitude log and the yellow area in the radius log (derived from the traveltime log); (c)
Averaged BO profile along the length of the BO derived from the radius log; (d) Averaged BO cross-section derived from (c). In (c¢) and (d), the black line
represents the radius of the intact borehole beneath the BO, the red solid line is the averaged radius at the BO location, the red dashed lines represent the BO

boundaries and the red cross marks indicate the tips of the BO.

(i1) The difference in azimuths of BOs on both sides of the bore-
hole is within 180° £ 20° (Snee & Zoback, 2018; Wang & Schmitt,
2020).

(ii1) The variations in 6, and L/R of BOs on both sides of the
borehole are within 20° and 0.1, respectively.

(iv) The BO has less than 0.75° cm™! deviation (LeRiche, 2017).

In-situ horizontal stress measurements obtained through the over-
coring method are paired with BO data from the same or nearby
boreholes if the following conditions are met: the BO orientation
is within +10° of the measured o, direction, the vertical distance
between the BO and stress measurement is within =2 m, and both
are located in the same strata. The o, magnitudes at BO locations
are calculated based on the average unit weight of the overburden
obtained from density logs (approximately 2450 kg m~ for the site
of interest) and the depths of BOs. The rock UCS values are ei-
ther obtained directly from laboratory tests on the core samples
or estimated through the borehole geophysical logs. For the latter,
five types of borehole geophysical logs (sonic velocity, gamma,
neutron, porosity and density logs) are collected, and the models
developed by Xiang et al. (2023c) are adopted to estimate the UCS
values. Since the borehole diameters at BO locations are approx-
imately 100 mm, BWS is assumed to be equal to the rock UCS
value (Martin et al., 1994; Martin, 1997; Qiao et al., 2024). In total,
34 field data points are obtained from 16 boreholes following the
above procedure for model development and validation, with depths
ranging from 260 to 436 m. The measured horizontal stress orienta-
tions and magnitudes of these field data are exhibited in Fig. 5. The
lithologies of these data points are primarily sandstone, siltstone
and interbedded sandstone and siltstone.

Moreover, ten additional field data points are collected from two
mine sites in Australia (Lin ez al., 2020a; Xiang et al., 2024a),

KGHM’s Victoria Project in Canada (LeRiche, 2017) and ACEL's
Mine-by Experiment in Canada (Martin, 1997). These data points
have been employed in past studies for stress estimation based on
BO data and are included here to supplement the analysis and model
development (Lin et al., 2020a, 2020c; Wu et al., 2024). All col-
lected field data are listed in Table A2 in Appendix A.

2.3. Data analysis

The distributions of the PS experimental data and field data are illus-
trated in Fig. 6. The common practice for estimating in-situ stresses
based on BO data involves using one or two BO geometries, o, and
rock strength as input features to estimate o 5 and/or o ;. In the col-
lected data set, the distribution of 6, follows a normal distribution
pattern, with the peak frequency occurring at approximately 40° for
the experimental data and 30° for the field data. L/R for both ex-
perimental and field data clusters towards the lower values between
1.0 and 1.3. The range of BO geometry values for the field data is
generally aligned with those observed from deeper wellbores, with
depths ranging from 900 m to 3.5 km (Vernik & Zoback, 1992;
Walton et al., 2015; Pierdominici et al., 2020), and tends to cluster
towards relatively lower values compared to the experimental data.
Nevertheless, the field BO geometry values remain within the range
of the experimental data. On the other hand, due to the high BWS
values resulting from the borehole size effect, considerably higher
stress magnitudes were used in laboratory experiments to induce
BO. These experimental stress values, especially the high o, may
not represent the typical stress magnitudes observed in field condi-
tions. Consequently, significant discrepancies can be found in the
value ranges of principal stresses and BWS between the collected
experimental and field data, which are commonly ignored in past
research. Models built solely from experimental data with these
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Figure 6. The distribution of the collected data: (a) 6; (b) L/R; (¢) BWS; (d) o y;

high stress values may not yield accurate predictions of oy and o,
magnitudes in field applications.

To address the aforementioned stress discrepancies and effec-
tively utilize the experimental data, the principal stress magnitudes
are normalized by BWS values. Both o,/BWS and o,/BWS are
selected as the model target outputs, while o,/ BWS, BWS and both
BO geometries (i.e. 0, and L/R) are utilized as the input parameters.
The correlations and distributions of all variables are presented
in Fig. 7. Overall, the normalized principal stresses (o /BWS,
0,/BWS and o,/BWS) in the experimental data demonstrate sig-
nificantly improved consistencies with those of the field data,
which is expected to enhance estimation reliability. o ,/BWS ex-
hibits relatively strong correlations with all input features, whereas
o,/ BWS shows a stronger correlation with o,/BWS and BWS but

©ondoy.

significantly weaker correlations with 6, and L/R. Note that due to
the fixed testing material and borehole size, BWS remains the same
within each subset of experimental data.

3 MODEL DEVELOPMENT AND
RESULTS

3.1. Model development

Prominent machine learning regression algorithms include lin-
ear models, decision trees, ensemble regression models, support
vector machines (SVM) and BPNN (Bergen et al., 2019; Li et
al., 2022; Mahmoodzadeh et al., 2022). A series of preliminary
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the field data (red) stacked on top of the experimental data (blue). Correlation coefficients between each variable are given in the upper triangle boxes.

trials have been conducted to compare the performance of BPNN,
SVM, random forest (RF) and eXtreme Gradient Boosting (XG-
Boost) algorithms on the collected data set. The results indicate that
the overall performance of these algorithms is similar, likely due
to the relatively small data set size and the straightforward corre-
lations between input parameters and output targets. Nonetheless,
the BPNN algorithm exhibits slightly better accuracy and general-
ization in the collected field data. Furthermore, Lin et al. (2022)
showed that the BPNN outperformed other algorithms in estimat-
ing o, from BO data. Therefore, BPNN is selected as the machine
learning algorithm for this study.

The workflow for model development is depicted in Fig. 8. All
experimental data and field data collected from the literature are
employed for the BPNN model development, whereas the data
from Mine A is randomly partitioned into two subsets, with 50
per cent used for development and the remaining 50 per cent re-
served for model validation. The model development data set con-
tains 177 experimental and field data points, which is then split
into 75 per cent for training and 25 per cent for testing (Ceryan
et al., 2021; Furtney et al., 2022). Data pre-processing involves

normalizing the stress values by BWS, as discussed in Section
2.3. Prior to training, the training data set is normalized through
Z-score normalization. The hyperparameters of the BPNN, includ-
ing the learning rate, the number of hidden layers, the number of
neurons in each hidden layer and the optimizer, are tuned using
the Tree-structured Parzen Estimator (TPE) optimization algorithm
(Bergstra et al., 2011). The PyTorch and Optuna libraries in the
Python environment are adopted for model development and op-
timization. Model accuracy is evaluated based on two common
performance measures: mean absolute percentage error (MAPE)
and root mean squared errors (RMSE). The optimized model with
the least MAPE and RMSE is saved and then applied to the remain-
ing 50 per cent of the field data from Mine A to directly verify its
performance.

3.2. Model results and validation

Following the workflow indicated in Fig. 8, the optimized BPNN
contains two hidden layers, with 18 neurons in the first layer
and 21 neurons in the second layer. Each hidden layer utilizes
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the Rectified Linear Unit (ReLU) activation function. The model
employs the mean-squared error (MSE) as the loss function and
Adaptive Moment Estimation (Adam) as the optimizer. The results
for the training, testing and validation data sets are exhibited in
Fig. 9, and the accuracies of the estimated oy and o, are given in
Table 1.

In general, both o and o, are relatively accurately estimated by
the model. For the model development data set, the model yields
MAPE and RMSE of 7.96 per cent and 10.35 MPa for o, respec-
tively, while the corresponding values for o, are 19.62 per cent and
6.92 MPa. The errors associated with both horizontal stresses in
the field data are generally smaller compared to those in the experi-
mental data. In the validation data set, while some estimated values,
especially o,/BWS (Fig. 91), exhibit discrepancies compared to ac-
tual results, the estimation accuracies remain consistent with those
of the model development data set. The MAPEs for o4 and o,
are 6.80 per cent and 12.49 per cent, respectively. The RMSEs are
significantly improved compared to those of the development data

set, at 2.14 MPa for o ; and 1.86 MPa for o, due to the smaller hor-
izontal stress magnitudes of the field data. The factors contributing
to the accuracy difference between oy and o, and the overall model
errors are discussed in Section 5. Given that the inherent errors asso-
ciated with the overcoring in-situ stress measurement method range
around 10-20 per cent (Amadei & Stephansson, 1997; Sjoberg &
Klasson, 2003), the achieved estimation errors of around 8 per cent
for o and under 20 per cent for o, from borehole BOs suggest
that the model is well-trained and sufficiently accurate for practical
applications.

A comparison between the proposed model and the previous
model developed by Lin et al. (2020c), which is also capable of
estimating both horizontal stresses, is provided in Appendix B. In
general, the proposed model considerably outperforms Lin’s model
in estimating both horizontal stresses, especially o, across the en-
tire data set. The improvement can be attributed to several factors.
Firstly, this study utilizes a total of 177 experimental and field data
points for model development, which is a significant improvement
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over the 79 experimental data points used in Lin’s model. The
quality of the experimental data is also enhanced, as they are
obtained using the PS approach, whereas the experimental data
set in Lin’s study contains a mixture of PD and PS data. Secondly,
considering 0, and L/R share different formation mechanisms (Lee

et al., 2016; Xiang et al., 2024b), the proposed model utilizes both
breakout geometries as input parameters, whereas only 6, is em-
ployed by Lin’s model. Moreover, in this study, the principal stresses
are normalized by BWS values to address the discrepancies between
the experimental and field data, which is expected to further enhance
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Table 1. Estimation accuracies of oy and o7,.

Number of data MAPE (per cent) RMSE (MPa)
o p (Training) 131 7.12 8.96
o i (Testing) 46 10.37 14.55
o i (Overall) 177 7.96 10.70
Model development data set o (Training) 131 19.78 6.60
o, (Testing) 46 19.15 7.73
o (Overall) 177 19.62 6.91
Model validation data set oH 17 6.79 2.14
op 17 12.49 1.86

BO geometries
BO extraction
o e Azimuth
o 0,
s L/R
BO data QAQC
Model outputs
Raw data Model inputs 5
Borehole geophysics logs BWS at BO location 0 oy/BWS
. b o,/ BWS
S éTIV logl » Derived from geophysical logs > LR ProPOSGd; B
A Or model ¢
e Density log ) BWS
¢ Sonic log Laboratory testing of core samples oy magnitude
» Gamma log o,/ BWS .
...... oy, magnitude
a, at BO location
—>

Calculated through density log
and depth of BO

Figure 10. Schematic flowchart of the model application procedure.

the accuracy and generalizability of the proposed model compared
to Lin’s model.

4 MODEL APPLICATION AND
FURTHER VALIDATION

The flowchart for the application of the proposed model is shown
in Fig. 10. The input parameters can be primarily obtained from
borehole geophysical logs, and the outputs are the magnitudes of
the two principal horizontal stresses. The effectiveness of the model
is further demonstrated and verified in this section by applying it
to additional BOs collected from Mine A and another longwall
coal mine in Australia (Mine B). These data are independent of the
177 data points used in model development, ensuring an unbiased
evaluation of the model’s generalizability.

4.1. Model application and further validation in Mine A

Apart from the 34 BOs collected in Section 2.2 and utilized for
the model development, additional BO data points are extracted
from a group of five adjacent exploration boreholes (BH-A1 to BH-
AS5) in Mine A. The same BO extraction and QAQC procedures
introduced in Section 2.2 are applied to the data obtained from these
boreholes. A total of 63 BOs are obtained, and their distributions are

shown in Fig. 11(a). In-situ stress measurements were conducted
in these boreholes between 350 and 530 m using the overcoring
method.

As indicated in Fig. 11(b), the averaged azimuth of the 63 BOs is
around 128°/308° 4 12°, which is closely aligned with the measured
o, directions. The estimated stress magnitudes by the proposed
model are plotted against the stress measurements in Figs 11(c)
(oy) and (d) (o). To account for model uncertainties, error bars
are incorporated into the predictions based on the MAPE of the
model development data set (£7.96 per cent for oy and +19.62
per cent for o). Compared to the point overcoring stress mea-
surements at depths of 350 to 530 m, the large quantity of BO
data allows for a more continuous and detailed stress profile to
be established over a greater depth range (240 to 570 m). The
estimated stresses are in good agreement with the measured val-
ues and effectively capture the overall trend of stress variations
with depth. Furthermore, clusters of BOs are observed at depths
of 230-270, 295 and 400 m, showing relatively consistent stress
estimations, with oy concentrated at approximately 10 & 2, 11.5
4 2 and 15 £ 2.5 MPa, respectively, and o, at 8.50 + 1.5, 8.5 £+
1 and 11.5 &+ 2 MPa, respectively. These clusters indicate that the
local stress environments at these depths are relatively uniform,
with low spatial variability in stress magnitudes across the bore-
holes. On the other hand, the estimated stresses at depths of

920z Arenigad 40 U0 Jasn geT 19npoid 182104 Aq 9E 161 L8/ 1L1eBB/|/Z1z/al01elB/woo dno-olwapeo.//:sdjy WoJy papeojumoq


art/ggaf144_f10.eps

Estimation of in-situ horizontal stresses 11

(a) BH-A1 BH-A2 BH-A3 BH-A4 BH-A5
BO Azimuth [7] BO Azimuth [7] BO Azimuth [7] BO Azimuth [7] BQ Azimuth []
0 90 180 270 360 0 90 180 270 360 0 90 180 270 360 0 90 180 270 360 0 90 180 270 360
150 H T 150 T T 150 - T 150 H 7 150 T T
250 250 jﬂa 250 250 250 ﬁg f
b i | [ L
= 3 b il | @? ! oo! ¢
£ 350 | 350 @ LIS 350 1 350 : L e e e e ||
£ ) 4 i s s || | 3l 4
[=% i il ] i i
8 - éiﬁ . @ Ti s ! ] ! i
450}t —--M-_§ 450 i 450 9 450 : 3 450 i
i i | i 1 i
3 ] : | ] 1
§ i : C CI | |
550 i | 550 i 550 550 : f 550
i [ : HH k
650 L L 650 650 650 - - 650
Stress [MPa] Stress [MPa]
(b) (C) 5 10 15 20 25 30 (d) 4 8 12 16 20
150 150
= Measured oy = Measured oy
- Estimated gy Estimated g,
250 %% 250
o
il .
o EBe—
_.350 . " 350 I .
E i k) E 5
£ B = "
a = o [
(7] [ L}
o i = [a} . u
450 —e— 450
O
L L ]
5 | ]
180 550 550
o
650 650

Figure 11. Model application in BH-A1 to BH-AS. (a) Distributions of obtained BOs (orange points) and stress measurements (red points); (b) Orientations
of BOs relative to the measured o direction. The radial axis represents the number of data; (c) Measured (black points) and estimated o (blue points and
error bars) magnitudes with depth; (d) Measured (red points) and estimated o, (orange points and error bars) magnitudes with depth.

370 m are relatively scattered, suggesting relatively higher stress
variability at this depth. Additionally, a notably high o point over
20 MPa is identified at 306 m, which may represent a potential
high-stress zone.

4.2. Model application in Mine B

Mine B is located in the western part of the Sydney Basin region,
which is situated in a different stress province than that of Mine A,
as illustrated in Fig. 3. Borehole geophysical logs from 11 boreholes
(BH-B1 to BH-11) are analysed, and a total of 103 BOs at depths
between 240 and 450 m are extracted following the procedures
described in Section 2.2. These boreholes are divided into three
subsets based on their spatial locations. The first subset contains
six boreholes (BH-B1 to BH-B6), as illustrated in Fig. 12(a). The
average oy direction in these boreholes derived from BO azimuths
is around 54°/232° (NE-SW), with a standard deviation of approxi-
mately 16°—19°. The second (Fig. 12d) and third (Fig. 12g) subsets
comprise two (BH-B7 to BH-BS) and three boreholes (BH-B9 to
BH-B11), respectively. In comparison to the first set of boreholes,
the o directions in the second and third sets of boreholes ex-
hibit a clockwise rotation, orienting at around 90°/180° (E-W), with
standard deviations ranging from 10° to 16°. The stress estimation
results for the three sets of data are exhibited in Figs 12(c), 12(f)

and 12(i). Continuous and detailed stress profiles, similar to those
shown in Fig. 11, are established in all three sets of boreholes.
The estimated o ; magnitudes primarily range from 15 to 30 MPa,
while the estimated o, varies between 10 and 20 MPa. The lo-
cal stress fields in the vicinity of these boreholes are estimated
to be under the TF stress regimes. Although no stress measure-
ment data are available for direct comparison, the estimated stress
orientations and magnitudes closely align with the mine site op-
erational experiences in the region and historical stress measure-
ments in the Western Sydney Basin (Hillis ef al., 1999; Burra et
al., 2014; Rajabi et al., 2017). Furthermore, the estimated stresses
in these boreholes exhibit considerably more variability in compar-
ison to that of Mine A (Figs 11c and 11d), with stress rotations
between boreholes and horizontal to vertical stress ratios of up to
3:1, which is also consistent with the previous observations reported
for the Sydney Basin (Hebblewhite & Lu, 2004; Rajabi et al., 2016,
2017).

The above analysis based on 166 BO data points from 16 bore-
holes across two mine sites has demonstrated the proposed model’s
effectiveness in estimating both horizontal stresses. The abundance
of BO data enables the model to characterize local stress fields
with greater detail compared to conventional stress measurement
techniques. Moreover, depending on the design and location of the
underground operations, the model can either reduce the need for
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further in-situ stress measurements or provide valuable guidance on
selecting additional stress testing locations.

5 DISCUSSION

As indicated in Fig. 9 and Table 1, the model tends to yield more
accurate oy estimations compared to o . This discrepancy is be-
lieved to be primarily attributed to the varied sensitivities of the BO
extent to oy and o,. Along the o, direction around the borehole,
the magnitude of the redistributed major principal stress is predom-
inantly affected by o,. As a result, experimental and numerical
observations have well established that o ;; has considerably greater
impacts on both 6, and L/R in comparison to ¢, (Haimson & Lee,
2004; Lee et al., 2016; Xiang et al., 2023a). This is also evident
from the correlation coefficients shown in Fig. 7. More specifi-
cally, analysis of 29 PS experiments in Gosford sandstone reveals
that variations of 10 MPa in o correspond to average changes
ranging from 9° to 15° and 0.16 to 0.24 in 6, and L/R, respec-
tively, whereas a 10 MPa change in o, magnitude yields average
variations of 1.5° to 6° in 6, and 0.06 to 0.09 in L/R (Xiang et
al., 2024b). Nevertheless, given that the oy magnitude is gener-
ally considered more critical in practical applications compared
to o, the relatively high errors associated with o, are deemed
acceptable.

The model errors and uncertainties can be predominantly ex-
plained by two factors. First, due to the design of the experi-
ments, only one stress was altered between most experiments for
quantitative analysis. Consequently, multiple BO geometries and
o,/BWS values may be associated with the same o,/BWS or
o,/BWS (Fig. 7). This leads to multiple estimated values corre-
sponding to one actual experimental data point (Figs 9a—d) and
introduces uncertainties in the estimation of both experimental and
field data. Secondly, as exhibited in Fig. 6, the experimental data
set contains notably different stress ranges than the field data set.
Despite scaling the stress values by BWS, some o,/BWS values
of the field data can extend beyond the range of the experimen-
tal data set (Fig. 7). As the model training primarily relies on
experimental data, this out-of-range issue can result in relatively
high estimation discrepancies for o,/BWS in the field data, fur-
ther contributing to the accuracy difference between estimated o
and 0. To reduce the model uncertainties and further improve
its accuracy, it is suggested to incorporate additional data that
cover a broader range of stress conditions with more systematic
variations.

In contrast to prior models, this study adopts a different approach
by scaling all three principal stresses by BWS to address the stress
magnitude discrepancies between experimental and field data. Ad-
ditionally, BWS values are incorporated as input parameters, as-
signing a dual significance to BWS in the model. Consequently,
BWS becomes pivotal for model performance. Since retrieving
core samples at the BO locations and conducting laboratory tests
are difficult and impractical in most field conditions, further in-
vestigation into the correlation between borehole geophysical logs
and rock strength, along with the continued development of mod-
els such as those proposed in Chang et al. (2006) and Xiang et al.
(2023c), is critical for obtaining accurate stress estimations from
BO data.

While the proposed model has demonstrated robust performance
in estimating both horizontal stress magnitudes across two mine
sites, it is important to acknowledge the potential for further de-
velopment. Given the difficulties and high expenses of conducting

Estimation of in-situ horizontal stresses 13

PS experiments, borehole logging and in-situ stress measurements,
obtaining BO data for model development is challenging. The
current data set is composed of 194 data points, significantly exceed-
ing the amount used in previous studies. Nonetheless, the model’s
applicability could still be enhanced by including more data with
various rock types and stress regimes, especially data on igneous
and metamorphic rocks, as the current data set is predominantly
composed of sedimentary rocks. Furthermore, numerical simula-
tions (Sahara et al., 2017; Xiang et al., 2023b) and generative arti-
ficial intelligence models such as Generative Adversarial Networks
(GAN) (Wu et al., 2024) can be also applied to provide supple-
mentary data for model development. Nevertheless, the validity of
these artificially generated data needs to be carefully examined and
further evaluated. Additionally, the model can be further developed
by incorporating the impacts of geological structures and thermal
effects, broadening its capability to characterize stress distribution
around major geological structures and under deep geothermal con-
ditions (Andersson et al., 2009; Duan & Kwok, 2016; Trzeciak et
al.,2021; S. Zhang et al., 2023).

6 CONCLUSIONS

This study presents a new BPNN model to estimate both horizontal
stress magnitudes from multiscale borehole BO data. For this pur-
pose, borehole geophysical logs and in-situ stress measurements
are obtained from a mine site in the Bowen Basin, Australia and a
data set of 150 PS experimental data and 44 field-scale data points
is compiled for model development and validation. To address the
stress magnitude discrepancies between experimental and field data,
the three principal stresses are normalized by rock BWS. Conse-
quently, the model utilizes 0,, L/R, BWS and o,/BWS as input
parameters, with o ,/BWS and o ,/BWS as target outputs.

In the model development data set, the model achieves MAPEs
and RMSEs of 7.96 per cent and 10.35 MPa for o5 and 19.62 per
cent and 6.92 MPa for o, respectively. The accuracies are slightly
improved in the validation data set, with MAPE at 6.8 per cent (o)
and 12.49 per cent (¢ ;,) and RMSE at 2.14 MPa (o 5) and 1.86 MPa
(04). The discrepancies between o iy and o, accuracies are attributed
to their different impacts on BO geometries, with BO formation
being generally more sensitive to the variation of o y. Additionally,
166 BO data points, independent of those employed for model
development, are collected from 16 boreholes in two mine sites to
examine the model’s effectiveness and generalizability. Continuous
and detailed stress profiles are established through these BO data,
which are in good agreement with either the stress measurements
in these boreholes or historical stress data in the region.

The proposed model offers an accurate and cost-effective ap-
proach for in-situ stress estimation, as its input parameters can be
primarily derived from borehole geophysical logs. The model’s gen-
eralizability and reliability are significantly improved over previous
studies by scaling stress values based on BWS and being developed
on a data set with enhanced data quantity and quality. Moving for-
ward, further development can be made to the model by expanding
the data set to include more diverse rock types and considering the
impacts of geological structures and temperature variations on BO
formation.
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Table Al. PS experimental BO data used for model development.

oy oh oy BWS
(MPa) (MPa) (MPa) Ob (°) L/R (MPa)
Alabama limestone (Herrick & 41 14 21 45 1.18 92.33
Haimson, 1994)
50 14 21 55 1.32 92.33
57.5 14 21 65.5 1.56 92.33
65.5 14 21 81.5 1.76 92.33
51.5 21 28 53.5 1.2 92.33
58.5 21 28 56 1.27 92.33
65.5 21 28 63 1.46 92.33
65.5 21 28 65.5 1.56 92.33
72.2 21 28 70 1.64 92.33
75.8 21 28 80 1.98 92.33
58.5 28 35 52 1.22 92.33
65.5 28 35 55.5 1.24 92.33
72.2 28 35 68 1.6 92.33
79 28 35 70 1.7 92.33
83 28 35 86 2 92.33
62 35 42 45 1.13 92.33
69 35 42 57 1.27 92.33
79 35 42 64 1.6 92.33
84.5 35 42 86 1.94 92.33
90 35 42 88 2.08 92.33
Tablerock sandstone (Haimson & Lee, 40 15 30 35 1.11 83.74
2004)
50 15 30 51.5 1.22 83.74
60 15 30 65 1.43 83.74
70 15 30 73 1.558 83.74
60 20 40 63 1.3 83.74
70 20 40 67.5 1.618 83.74
80 20 40 73 1.875 83.74
60 25 40 64 1.175 83.74
70 25 40 71 1.74 83.74
75 25 40 75 1.68 83.74
85 25 40 82 1.835 83.74
54.9 30 40 53 1.15 83.74
60 30 40 64 1.16 83.74
65.1 30 40 79.5 1.3 83.74
Tenino sandstone (Lee et al., 2016) 354 15 25 45 1.2 77.30
50.25 15 25 59 1.77 77.30
65.25 15 25 63.5 1.82 77.30
40 20 30 48 1.15 77.30
50 20 30 68 1.52 77.30
60 20 30 73.5 1.625 77.30
70 20 30 78.5 1.92 77.30
45 25 35 61.5 1.19 77.30
50 25 35 66 1.41 77.30
55 25 35 70 223 77.30
60.5 25 35 72 2.07 77.30
65 25 35 77 2.33 77.30
40.5 30 40 56 1.12 77.30
51 30 40 70.3 1.46 77.30
60 30 40 77.5 2.02 77.30
60 40 50 68 1.28 77.30
72 40 50 73.6 2.13 77.30
80 40 50 82 2.36 77.30
93.2 40 50 85 2.53 77.30
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Table Al. Continued
oy Oh oy BWS
(MPa) (MPa) (MPa) 0y (°) L/R (MPa)
Westerly granite (Song, 1998) 140 20 20 34.58 1.142 401.53
140 20 40 39.77 1.22 401.53
140 20 60 28.32 1.125 401.53
160 20 20 43.18 1.276 401.53
160 20 40 42.44 1.26 401.53
160 20 60 32.12 1.168 401.53
180 20 20 46.07 1.312 401.53
180 20 40 42.62 1.268 401.53
180 20 60 40.92 1.242 401.53
200 20 20 45.86 1.318 401.53
200 20 40 46.11 1.283 401.53
200 20 60 44.82 1.287 401.53
160 30 20 23.61 1.08 401.53
160 30 40 14.3 1.033 401.53
180 30 20 39.54 1.206 401.53
180 30 40 32.61 1.209 401.53
180 30 60 25.55 1.12 401.53
200 30 20 38.16 1.261 401.53
200 30 40 40.31 1.25 401.53
200 30 60 36.8 1.249 401.53
220 30 20 41.22 1.298 401.53
220 30 40 41.22 1.274 401.53
220 30 60 46.44 1.368 401.53
240 30 20 36.8 1.308 401.53
240 30 40 39.9 1.333 401.53
240 30 60 40.7 1.331 401.53
160 40 40 23.03 1.077 401.53
160 40 60 24.38 1.09 401.53
180 40 40 41.33 1.204 401.53
180 40 60 30.88 1.139 401.53
200 40 40 41.46 1.289 401.53
200 40 60 39.68 1.28 401.53
220 40 60 44.4 1.3 401.53
220 40 40 52.87 1.347 401.53
160 50 40 30.87 1.158 401.53
160 50 60 25.42 1.124 401.53
160 50 80 13.32 1.026 401.53
180 50 40 39.28 1.218 401.53
180 50 60 32.82 1.209 401.53
180 50 80 25.07 1.274 401.53
180 50 100 24.33 1.119 401.53
180 50 120 15.85 1.057 401.53
200 50 40 42.43 1.283 401.53
200 50 60 42.24 1.271 401.53
200 50 80 39.33 1.255 401.53
200 50 100 37.57 1.243 401.53
200 50 120 33.52 1.215 401.53
220 50 40 45.13 1.294 401.53
220 50 60 42.35 1.282 401.53
220 50 80 40.96 1.256 401.53
220 50 100 39.77 1.249 401.53
220 50 120 39 1.238 401.53
240 50 60 46.29 1.415 401.53
240 50 80 47.47 1.306 401.53
240 50 100 44.59 1.212 401.53
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Table Al. Continued

oy oh oy BWS
(MPa) (MPa) (MPa) Oy (°) L/R (MPa)
Gosford sandstone (Xiang ef al., 2024b) 40 15 10 31 1.041 78.16
50 15 10 59.5 1.259 78.16
50 15 15 48 1.178 78.16
50 20 15 48.5 1.159 78.16
50 27 15 26 1.032 78.16
50 15 20 45.5 1.116 78.16
55 25 20 37 1.061 78.16
60 15 10 60.5 1.376 78.16
60 15 20 51 1.214 78.16
60 15 30 41 1.148 78.16
60 25 10 51.5 1.389 78.16
60 25 20 48 1.126 78.16
60 25 30 44 1.162 78.16
60 35 20 455 1.083 78.16
60 35 30 40 1.104 78.16
70 15 20 64.5 1.498 78.16
70 25 20 63.83 1.364 78.16
70 35 20 58 1.231 78.16
70 25 10 64.5 1.339 78.16
70 25 30 60.5 1.300 78.16
70 35 30 54 1.326 78.16
70 35 35 47 1.160 78.16
70 15 30 61 1.371 78.16
80 15 20 73.5 1.753 78.16
80 25 20 71.5 1.720 78.16
80 35 20 67.5 1.603 78.16
80 25 30 64.5 1.547 78.16
80 25 36 61.5 1.540 78.16
80 35 30 61.5 1.513 78.16
Gosford sandstone (This study) 50 20 20 37.3 1.046 78.16
62 30 30 49.05 1.215 78.16
55 28 21 37.6 1.043 78.16
65 28 21 52.45 1.174 78.16
73 28 21 60.47 1.352 78.16
76 34 27 60.91 1.421 78.16
Yellow mudstone 80 15 10 43.5 1.164 223.52
90 15 10 54 1.275 223.52
90 15 20 45.5 1.121 223.52
90 15 30 38.5 1.097 223.52
90 25 20 36 1.061 223.52
90 35 20 34 1.058 223.52
100 15 10 62.5 1.296 223.52

920z Aleniged 0 UO J8sn qeT 1onpoid 188104 Aq 9e 61 L 8/1Lyebby/ | /ziz/el0me B/woo dno-ojwepese//:sdyy woli pspeojumoq



Estimation of in-situ horizontal stresses 19
Table A2. Field BO data used for model development and validation.
oy Oh oy BWS
(MPa) (MPa) (MPa) b (°) L/R (MPa)
Mine A 14.94 7.64 6.39 53.8 1.190 20.96
(This study) 12.83 9.53 8.69 323 1.099 23.97
13.98 8.56 7.70 37.2 1.087 22.55
15.5 11.98 8.50 16.4 1.029 39.06
12.94 8.98 8.36 33.8 1.151 22.15
27.4 16.26 9.86 44.8 1.269 36.29
12.94 8.98 8.37 37.5 1.155 22.97
12.94 8.98 8.38 36.9 1.143 23.11
13.01 8.27 8.83 51.6 1.214 21.67
13.55 8.77 8.26 53.0 1.206 16.99
14.08 8.7 8.19 23.8 1.069 27.61
14.08 8.7 8.19 33.7 1.118 24.13
12.94 8.98 8.32 47.7 1.204 18.37
17.74 13.86 8.71 30.0 1.102 30.10
10.97 6.85 8.08 28.8 1.064 20.67
13.72 7.7 8.32 52.0 1.272 20.03
14.93 10.85 8.88 41.7 1.155 25.78
14.93 10.85 8.89 22.5 1.043 29.06
12.42 9.03 8.57 34.2 1.106 21.85
15.99 12.5 9.27 56.3 1.253 22.67
14.25 10.45 9.34 39.2 1.185 25.30
14.25 10.45 9.36 43.2 1.188 23.97
14.25 10.45 9.37 31.3 1.099 30.08
14.25 10.45 9.40 354 1.143 26.21
27.4 16.26 9.82 31.2 1.066 47.92
18.36 12.44 9.50 38.8 1.116 28.05
14.01 11.98 9.01 35.8 1.147 23.38
14.93 10.85 8.85 18.8 1.073 28.86
14.93 10.85 8.87 17.5 1.047 30.93
14.93 10.85 8.91 45.7 1.228 21.67
13.98 8.56 7.61 58.4 1.320 19.19
22.88 15.06 10.69 51.4 1.185 31.69
11 8.5 8.86 28.0 1.111 23.92
14.93 10.85 8.94 30.9 1.029 28.62
(Xiang et al., 2024a) 13.55 8.77 8.32 45 1.22 22.83
12.42 9.03 8.54 30.2 1.11 22.15
27.4 16.26 10.08 27.35 1.09 55.36
(Martin, 1997) 60 11 45 48 1.14 120
(Lin et al., 2020a) 13.74 10.66 6.78 19.84 1.23 18.2
10.15 7.39 6.9 14.17 1.21 17.61
(LeRiche, 2017) 72.6 37.95 35.7 42 1.14 102.2
73.85 49.2 39.65 30 1.12 112
67.09 49.49 41.21 42 1.18 136.94
70.85 47 349 27 1.16 140

Appendix B: Comparison of the proposed
model with the model developed by Linetal

(2020¢)

Fig. Bl and Table B1 present a comparison of estimation results and
accuracies between the proposed model and the model developed
by Lin et al. (2020c).
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Figure B1. Comparison of horizontal stress estimation results between the proposed model and Lin’s model.

Table B1. Comparison of estimation accuracies of o ;7 and o, between the proposed model and Lin’s model.

Proposed model Lin’s model
MAPE (%) RMSE (MPa) MAPE (%) RMSE (MPa)
on 7.86 10.24 13.76 17.00
oy 18.99 6.627 38.53 13.37
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