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 A B S T R A C T

The excavation mechanism of Tunnel Boring Machine (TBM) cutter discs in rock tunnelling is highly complex. 
Because an extremely high contact pressure develops at the disc–rock interface, it triggers fractures in the 
rock and leads to chip formation. This study develops two predictive models that relate specific energy 
(𝑆𝐸) consumption in rock cutting to both the spacing-to-penetration (𝑠∕𝑝) ratio and uniaxial compressive 
strength (𝑈𝐶𝑆). The first model extends the Colorado School of Mines (CSM) framework by replacing its 
single contact-pressure distribution with alternative profiles, thereby revealing how the pressure profile governs 
the orientation and magnitude of disc-induced forces across different rock types. The second model is fully 
numerical. It uses contact-pressure profiles recorded in the laboratory with specialized testing machines 
(LCM and ILCM) for several rock types at reference penetrations, then generalizes these profiles across the 
full penetration range and computes the resulting cutting forces. The results are presented as characteristic 
curves that relate the 𝑆𝐸 to the 𝑠∕𝑝 ratio and the 𝑈𝐶𝑆. The study shows that asymmetric and narrower 
profiles contribute to increased prediction uncertainty. The optimal 𝑠∕𝑝 ratio is roughly 13–14 for low-strength 
rocks, drops to just under 10 for medium-strength rocks, and rises slightly above 10 for very high-strength 
rocks. A broader experimental pressure distribution profile better captures variations in contact pressure, 
enabling more stable and accurate predictions. Based on the performed analyses, knowledge of the contact 
pressure distribution is essential for identifying the optimal 𝑠∕𝑝 ratio, which is associated with the minimum 
Excavation Specific Energy. This will thereby enable the proper design of the TBM cutter head and the effective 
management of the machine during tunnel advancement.
. Introduction

A TBM is a large-scale equipment incorporating advanced engineer-
ng systems designed explicitly for tunnel excavation works.1,2 The 
osts associated with installing, operating, and maintaining a TBM 
epresent a considerable financial investment.3 As a result, the con-
truction industry strongly emphasizes maximizing operational effi-
iency through reduced energy and disc consumption while increasing 
xcavation speed. Technically, optimal TBM performance minimizes 
omponent wear, lowers the risk of equipment failure, and decreases 
owntime occurrences, enhancing overall cost-effectiveness in tunnel 
onstruction projects.4 In this context, numerous prediction models 
or TBM performance have been extensively documented in techni-
al manuals, academic books, codes, journal articles, and engineering 
eports.5–9 These models are adjusted using data obtained under spe-
ific geological and operational conditions. As a result, their predictive 
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accuracy remains robust when applied to conditions under similar sce-
narios. However, their reliability diminishes when applied to geological 
formations that differ significantly from those originally considered.

Predictive models have been developed to enhance understanding 
of the interaction between rock and disc cutters, utilizing both em-
pirical data and theoretical approaches. Empirical models10–13 utilize 
historical data and employ regression, machine learning, case-based 
reasoning (CBR), statistical evaluation, and sensitivity analysis to estab-
lish correlations between machine operational parameters, rock mass 
characteristics, and performance indicators. These models enable the 
identification of optimal parameter ranges and their interactions to 
maximize operational efficiency. Conversely, numerical methods14–17
like Finite Element Method (FEM), Discrete Element Method (DEM), 
Smooth Particle Hydrodynamics (SPH), and Computational Fluid Dy-
namics (CFD) incorporate constitutive models based on solid mechanics 
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principles, rock mass characterization, tribological analysis to simulate 
rock and disc cutters interactions under realistic loading conditions, 
capturing the fracture mechanism.

Among the predictive models discussed, particular emphasis in the 
literature has been placed on those addressing load pressure
distribution, given its direct impact on cutting efficiency. Rostami and 
Ozdemir18 proposed a TBM prediction model based on force analysis to 
estimate cutting forces. A power function is employed to characterize 
the load pressure distribution, while an empirical correlation derived 
from extensive field data defines the maximum pressure. Cutting forces 
are expressed in differential form, relating load pressure distribution to 
the mechanical interaction between the cutter and the rock sample. 
Rostami19 estimated load pressure distribution acting on a disc cutter 
during cutting by directly measuring stress at the lateral surfaces. 
Linear cutting tests were conducted on three different rock types at 
various penetration depths. The measurements were recorded using a 
disc cutter instrumented with strain gauges positioned 13 mm from the 
blade. Statistical analysis of the recorded strain gauge signals enabled 
the identification of the load distribution scenario that best matched 
experimental measurements. Findings revealed that the loading pres-
sure deviates from theoretical distributions, exhibiting peak values 
concentrated at the centre of the contact zone, while the front and rear 
regions experience no pressure.

Using DEM simulation, Zhang et al.20 conducted a parametric study 
to investigate contact pressure distributions and maximum contact 
pressures across four cutting scenarios. Load pressure profiles were 
characterized using Gaussian and Lorentzian distributions. The contact 
area was discretized into segments at an angular interval (𝛥𝛽) of 1.0◦. 
Furthermore, variations in the distribution parameters — controlling 
amplitude, position, and width — were evaluated regarding perfor-
mance indicators and machine operational parameters. The findings 
indicated that maximum contact pressure depends solely on rock prop-
erties and does not depend on performance indicators or machine 
parameterss. Yang et al.21 investigated the rock fragmentation mecha-
nism by incorporating the cutting forces acting on the TBM disc cutter, 
the associated cutter wear, and the damage inflicted on the rock. The 
cutting forces were derived based on a parabolic load distribution to 
represent the normal contact stress at the cutter–rock interface. Cutter 
wear was evaluated using the frictional power principle, quantifying 
the mechanical energy expended to overcome sliding resistance. Fur-
thermore, a second-order damage tensor characterized the evolution 
of rock damage. The results showed that cutter wear intensifies with 
increased penetration depth. Additionally, a larger installation radius 
amplifies the normal force, further intensifying cutter wear.

Numerical studies on rock cutting commonly refer to classical con-
tact mechanics to approximate stress conditions at the cutter–rock 
interface. These studies typically employ implicit solvers22 for static or 
quasi-static analyses, which are inherently limited in capturing fracture, 
large deformation, and material fragmentation. In contrast, explicit 
dynamic solvers implement some advanced algorithms, such as contact 
detection algorithms and element erosion methods.23 These algorithms 
enable the simulation of the crack initiation, the chip formation, and 
the debris generation by identifying interacting surfaces during defor-
mation and/or removing material once predefined failure thresholds 
are exceeded. Unlike classical analytical models and implicit schemes, 
explicit approaches physically represent the cutter–rock interaction, ac-
counting for nonlinear fracture mechanisms and large-strain behaviour, 
without considering normal contact stress.24

Various TBM performance prediction models have been developed 
using different methodological approaches. Although these models 
provide valuable insights into cutter–rock interaction, alternative ap-
proaches are needed to better represent this interaction under varying 
geological and operational conditions. This study presents two com-
plementary numerical models. The first model investigates whether 
alternative analytical pressure-load distribution functions can repro-
duce the experimentally observed 𝑆𝐸–𝑠∕𝑝 correlation within the CSM 
2 
framework, using two-dimensional correlation analyses between 𝑆𝐸
and the 𝑠∕𝑝 ratio and three-dimensional response surface analyses 
involving 𝑆𝐸, 𝑠, and 𝑝. Although the model reproduces trends com-
parable to the original CSM model, the analytical distributions fail to 
capture the experimentally observed nonlinear 𝑆𝐸–𝑠∕𝑝 response. To 
address this limitation, the second model extends the force-analysis 
framework by incorporating experimentally derived discrete pressure-
load distributions and machine-integrated sensor data from LCM ex-
perimental trials.19 These distributions are used to estimate cutting 
forces and establish the 𝑆𝐸–𝑠∕𝑝 relationship, which is then compared 
against experimentally observed correlations. By combining the gen-
eralization capability of the analytical framework with the physical 
representativeness of experimentally derived distributions, the second 
model reproduces the nonlinear 𝑆𝐸–𝑠∕𝑝 response for rock types with 
UCS values below approximately 115 MPa.

2. Theory and technical context

2.1. Chip formation mechanisms in rock cutting

Replicating the rock breakage mechanism in the laboratory for 
direct observation and measurement could prove challenging. Such 
measurements require control points in the rock that cause cracks and 
disrupt the continuity of the medium intended for measurement. As a 
result, several theories have been proposed to explain the rock breakage 
mechanism, including concepts like tensile, fracturing, shearing, elas-
ticity, and plasticity.25 Alternative theories utilize indentation tests to 
measure the force and displacement of an indenter as it penetrates a 
rock specimen until the fracture occurs.26,27

Fig.  1(a)–(b) show a simplified disc cutter-rock interaction sys-
tem and the fracture mechanism within the interlayed rock material. 
Thrusting the cutter into the rock induces localized stress,28 creating 
a crushed zone.29 Stress radiates from this zone’s periphery, attenu-
ating outward.30,31 Continued loading initiates radial cracks, which 
propagate and intersect,32 triggering shear failure and producing rock 
chips.33

2.2. Pressure distribution within the crushed zone

Defining the load distribution within the contact zone — the zone 
between the rock and the disc — is crucial for accurately predicting 
rock behaviour in the crushed zone. A well-characterized distribution 
function incorporating physically relevant parameters enhances its ap-
plicability in engineering contexts. Rostami and Ozdemir18 proposed 
the CSM model — incorporated a power function (Eq. (1)) — to 
characterize the pressure distribution within the crushed zone. The 
distribution 𝑃 (𝜃) is governed by the potential factors 𝜓 and 𝜙 which is 
derived from 𝑝 through a trigonometric relationship. For nonzero values 
of 𝜓 , the contact pressure reaches its maximum value, 𝑃 ′ (Eq. (2)) 
at the angle 𝜃 = 0, and gradually decreases to zero as 𝜃 approaches 
the boundary angle 𝜙. However, the distribution remains symmetric 
and invariant for 𝜓 at zero. Fig.  2 shows the pressure distribution for 
various 𝜓 values. 

𝑃0 = 𝑃 ′
(

1 − 𝜃
𝜙

)𝜓
(1)

𝑃 ′ = 𝐶 3

√

√

√

√

𝑠 𝜎2𝑐 𝜎𝑡

𝜙
√

𝑅 𝑇
(2)

where: 𝐶 is a dimensionless coefficient characterizing the relationship 
between rolling force and vertical force; 𝑇  is the cutter blade width, 
mm; 𝜎𝑐 defines the UCS of intact rock, MPa; 𝜎𝑡 represents the tensile 
strength of intact rock, MPa; and 𝑠 is the spacing between cuts, mm.

The CSM is principally formulated based on Eqs. (3), (4). The model 
uses a single control point known as the resultant force angle (𝛽). It 
specifies the position and angle of the resultant force (𝐹 ) that acts on 
𝑡
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Fig. 1. Fracture mechanism within the interlaying rock close to a disc cutter. 𝑝 denotes the cutter’s penetration depth, and 𝑠 the spacing between cuts.
Fig. 2. General profile of the pressure distribution on the disc-rock contact 
surface, characterized by a power function. 𝜓 denotes the potential factor, 𝑃 ′

the maximum pressure value, 𝐹𝑡 the resultant force, 𝐹𝑛 the normal force, 𝐹𝑟
the rolling force, and 𝛽 the resultant force angle.

the disc relative to the normal force’s direction. Eq. (5) expresses the 
normal force (𝐹𝑛) and rolling force (𝐹𝑟) components as the integral 
of an infinitesimal force element 𝑑𝐹  over an angle 𝜃, capturing the 
cumulative force contributions over the range 0 ≤ 𝜃 ≤ 𝜙. Meanwhile, 
Eq. (6) represents the normal and rolling force components in terms of 
the resultant force and its orientation angle 𝛽 and Eq. (7) defines the 
𝑆𝐸 as the energy needed to excavate a unit volume of rock mass.34

𝑑𝐹 = 𝑇𝑅𝑃 ′
(

1 − 𝜃
𝜙

)𝜓
𝑑𝜃 (3)

𝐹𝑡 = ∫

𝜙

0
𝑇𝑅𝑃 ′

(

1 − 𝜃
𝜙

)𝜓
𝑑𝜃 (4)

[

𝐹𝑛
𝐹𝑟

]

= ∫

𝜙

0
𝑑𝐹

[

cos(𝜃)
sin(𝜃)

]

𝑑𝜃 (5)

[

𝐹𝑛
𝐹𝑟

]

= 𝐹𝑡

[

cos(𝛽)
sin(𝛽)

]

(6)

𝑆𝐸 =
𝐹𝑟
𝑠 𝑝

(7)
3 
A contribution of this study is presented in Eq. (8), which provides 
the general solution for the CSM model as formulated in Eq. (3), 
offering a more comprehensive framework for force analysis. The math-
ematical derivation is detailed in Appendix. 
[

𝐹𝑛
𝐹𝑟

]

= 𝑇𝑅𝑃 ′ 𝜙
𝜓 + 1

⎡

⎢

⎢

⎣

cos
(

𝜙
𝜓+2

)

sin
(

𝜙
𝜓+2

)

⎤

⎥

⎥

⎦

(8)

Alternatively, Yang et al.21 evaluate the cutting forces by incorpo-
rating a parabolic function model (Eq. (9)). The boundary conditions 
are set such that 𝑃 (𝜃) = 0 at both 𝜃 = 0 and 𝜃 = 𝜙, with the maximum 
pressure 𝑃 (𝜃) = 𝑃 ′ at the symmetry axis, where 𝜃 = 𝜙∕2, as shown in 
Fig.  3. By applying these boundary conditions to Eq. (9), Eq. (10) is 
derived: 

𝑃 (𝜃) = 𝑎2𝑅2𝜃2 + 𝑏𝑅𝜃 (9)

𝑃 (𝜃) = 4𝑃 ′ 𝜃
𝜙

(

1 − 𝜃
𝜙

)

(10)

where 𝑎 and 𝑏 are undetermined coefficients and 𝑅 is the disc cutter’s 
radius.

Zhang et al.20 analyse the pressure distribution using the discrete el-
ement method, incorporating the Extreme (Eq. (11)), Gauss (Eq. (12)), 
and Lorentz (Eq. (13)) distributions, as shown in Fig.  3. 

𝑃 (𝜃) = 𝑃0 + 𝑃 ′ 𝑒

(

−𝑒
𝜃−𝜃𝑐
𝜔 − 𝜃−𝜃𝑐

𝜔 +1
)

(11)

𝑃 (𝜃) = 𝑃0 + 𝑃 ′ 𝑒−
(

𝜃−𝜃𝑐
)2

2𝜔2 (12)

𝑃 (𝜃) = 𝑃0 + 𝑃 ′ 𝜔2
(

𝜃 − 𝜃𝑐
)2 + 𝜔2

(13)

where 𝑃0 represents the initial pressure, 𝜃𝑐 is the contact angle corre-
sponding to the maximum pressure 𝑃 ′ (Eq. (2)), and 𝜔 is a parameter 
related to the width of distribution.

In contrast to these theoretical approaches, Rostami,19 through 
direct measurement, observed that pressure distributions do not follow 
any explicitly defined mathematical function.19
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Fig. 3. The interaction zone between a disc cutter and the rock surface, with 
different types of pressure distributions. 𝑅 denotes the radius of the disc cutter 
and 𝑝 the cutter’s penetration depth.

3. Performance of the CSM model considering alternative load 
distribution functions

Two numerical models were developed within the CSM framework, 
each replacing the original load distribution with an alternative analyt-
ical pressure profile, as shown in Fig.  4. Both models retained the CSM 
maximum contact pressure to preserve the standardized magnitude 
defined by the CSM, which accounts for rock mechanical properties in-
cluding UCS and tensile strength. This allowed the effect of distribution 
shape to be isolated when evaluating predicted 𝑆𝐸–𝑠∕𝑝 correlations. 
Several analytical distribution functions were examined to determine 
whether modifying the distribution form alone could reproduce the 
nonlinear behaviour observed experimentally.

Calibration and validation were performed using Xue’s linear cut-
ting tests on a TJ-TS500 machine.35 Tests employed a constant-cross-
section (CCS) disc cutter with a 𝑅 of 216 mm and a 𝑇  of 20 mm. C30 
concrete specimens were tested across nine configurations: three cutter 
spacings (60, 80, 100 mm) and three penetration depths (4, 6, 8 mm). 
Cutting forces and 𝑆𝐸 were recorded in real time and correlated to 
𝑠∕𝑝. The objective is to determine which analytical pressure distribution 
best reproduces the response observed in the experimental test.

The first model begins by assigning 𝑝 as a vector and settings 𝑠 as 
a constant. The methodology described in Section 2.2 is subsequently 
applied, replacing the original power-law function with the proposed 
analytical distributions. A numerical algorithm is then implemented to 
compute a solution that correlates 𝑆𝐸 with the 𝑠∕𝑝 ratio.

The analysis considered the power distribution (Eq. (1)) for 𝜓 values 
of 0, 0.5, and 1, as well as parabolic (Eq. (9)), Gaussian (Eq. (12)), and 
elliptical (Eq. (14)) distributions. Eq. (14) outlines the elliptical distri-
bution, where 𝑎 represents the semi-major axis and 𝑏 is the semi-minor 
axis. 

𝑃 (𝜃) = 𝑃 ′

⎛

⎜

⎜

⎜

⎜

⎝

𝑎 𝑏
√

(

𝑏 𝑐𝑜𝑠
(

𝜃 − 𝜙
2

))2
+
(

𝑎 𝑠𝑖𝑛
(

𝜃 − 𝜙
2

))2
− 1

⎞

⎟

⎟

⎟

⎟

⎠

(14)

The resulting curves show a monotonic increase (Fig.  5(a)) in the 
correlation between 𝑆𝐸 and 𝑠∕𝑝 and a monotonic decrease (Fig.  5(b)) 
with 𝑝. Therefore, this model significantly deviates from the experimen-
tal results35; consequently, it does not adequately capture the influence 
of pressure distribution profiles on the variations in 𝑆𝐸 observed 
experimentally.
4 
The second model treats 𝑠 and 𝑝 as vectors and incorporates an 
asymptotic limit in 𝑝: once the 𝑆𝐸–𝑝 curve levels off, further increases 
in 𝑝 produce negligible SE changes. At this point, a symmetry criterion 
is applied and the methodology used for the first model is employed. 
Fig.  6 presents 3D surface plots that illustrate model performance 
and reveal how variations in 𝑝 and 𝑠 influence SE across different 
pressure profiles. Additionally, Fig.  6 includes 2D contour plots that 
represent the pointwise differences between the 𝑆𝐸 outputs of the 
models, defined as 𝛥𝑆𝐸 = 𝑆𝐸𝑖 − 𝑆𝐸𝑗 , projected onto the 𝑠-𝑝 plane. 
𝑆𝐸𝑖 corresponds to the row index and 𝑆𝐸𝑗 to the column index.

Fig.  6 reveals three insights. The first, and perhaps the most sig-
nificant, the Parabolic and Gaussian models exhibit higher 𝑆𝐸 values 
with peaks in the 3D surface plots. They indicate localized pressure 
concentrations and more significant 𝑆𝐸 variations. The second insight 
concerns smoother 𝑆𝐸 distributions for the Power and Elliptical mod-
els. As a result, these cases are characterized by lower 𝑆𝐸 values and 
gradual transitions in the 3D surface plots. Such distributions are math-
ematically stable, but they may oversimplify the pressure distribution 
interactions and miss out on significant variations that interact in real-
world rock-cutting scenarios. Lastly, the Gaussian distribution produces 
a large spectrum of the 𝛥𝑆𝐸 = 𝑆𝐸𝑖−𝑆𝐸𝑗 in the contour plots, inferring 
higher 𝑆𝐸 variations than other distributions.

Fig.  7(a) shows the 𝑆𝐸 as a function of the 𝑠∕𝑝 ratio. Green markers 
correspond to the LCM test data reported by Xue et al.35, whereas blue 
markers show numerical predictions based on a Gaussian distribution. 
The numerical points are extracted on the plane 𝑠 = 57mm—the 
section where SE attains its minimum. Fig.  7(b)–(c) shows the predictor 
model’s response using input data.35 The results are displayed as a 3D 
surface plot and a 2D contour graph, highlighting the correlation of 𝑆𝐸
according to different values of 𝑠 and 𝑝. The blue contour projected 
onto the 𝑠–𝑝 plane indicates the model’s low 𝑆𝐸 region. Specifically, 
the model identifies the lowest SE range, 19 ≤ 𝑆𝐸 ≤ 21MJ/m3, within 
the ranges 2.5 ≤ 𝑝 ≤ 8.0mm and 50 ≤ 𝑠 ≤ 65mm, as shown in Fig.  7(c).

Although the model captures the influence of pressure distribution 
profiles on 𝑆𝐸 variations observed experimentally, an inconsistency 
between the experimental results and the model predictions remains. 
As illustrated in Fig.  7(a), experimental results indicate an optimal 
solution range for 𝑠∕𝑝 between 14 and 16, whereas the numerical 
model shown in Fig.  7(a) predicts an optimal range from 4 to 8. 
This discrepancy suggests the current model is insufficiently robust 
to represent the experimentally observed rock–disc cutter interaction. 
Therefore, a new approach is proposed based on load pressure profiles 
and LCM performance data extracted from Rostami’s experiments19 for 
multiple rock types and penetration depths.

4. Numerical model development

The model was developed using directly measured pressure-load 
distributions from LCM experiments. In this approach, the maximum 
contact pressure is defined by the peak amplitude of the measured 
distributions, such that both the shape and magnitude inherently reflect 
the influence of rock mechanical properties and cutting conditions. The 
proposed model therefore operates independently of the original CSM 
maximum contact pressure formulation.

4.1. Data extraction and refinement

Rostami19 reported load–pressure distributions obtained through 
direct measurements and statistical analysis, alongside LCM perfor-
mance curves derived from integrated sensor data, including normal, 
rolling, and side forces and 𝑆𝐸. Three rock types were tested: Indiana 
Limestone, Colorado Red Granite, and Umettela Basalt, with UCS of 50, 
140, and 180 MPa, respectively. 𝑝 of 2.5, 5.0, and 7.5 mm were applied 
for each rock type using a CCS disc cutter of 431 mm diameter and 
11.5 mm blade width. Nine pressure gauges distributed along the cutter 
blade recorded the load–pressure response, enabling identification of 
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Fig. 4. Pressure distribution profiles at the disc–rock interface.
Fig. 5. Numerical model response to different pressure distribution profiles for 𝑠 = 8 cm.
loading and non-loading zones across all rock–depth combinations. The 
load–pressure distributions, LCM performance curves, and operational 
parameters reported by Rostami19 constitute the experimental basis 
of the present study; the graphically presented data were digitized to 
produce structured datasets for numerical implementation.

The preprocessing stage employs an algorithm to isolate and indi-
vidually process each data trend, minimizing noise and preserving data 
integrity. First, the images were converted to greyscale and processed 
by Gaussian smoothing to retain the essential information from the 
target trend. Subsequently, Otsu’s algorithm36 was applied for image 
binarization, with the option to invert the process depending on the 
contrast of the target curve.

Once the binary representation was obtained, a segmentation pro-
cedure was implemented using contour detection, followed by iden-
tification and merging steps to construct the distribution profiles in 
numerical form. After that, the merged contour points were converted 
into rectangular coordinates. This discrete set was then uniformly pa-
rameterized by computing the accumulated distance to define relative 
5 
positions. New equally spaced points were generated along the total 
curve length, with coordinates determined through linear interpolation. 
Therefore, this numerical process extracts load distribution profiles 
reported by Rostami et al.19 as discrete datasets, which are subse-
quently expanded to 8000 points (Fig.  8) based on a stochastic precision 
criterion essential for mathematical modelling and analysis. In this 
context, Fig.  9 shows the digitized load distribution data for each rock 
type and penetration depth derived from these experimental results.

4.2. Mathematical model

The discrete dataset comprises load distributions measured experi-
mentally at penetration depths of 2.5, 5, and 7.5 mm, each recorded 
at 13 mm from the cutter-disc blade, hereafter referred to as the 
instrumented measurement arc.19 The numerical code applies the La-
grange interpolation method to estimate intermediate load values at 
increments of 0.1 mm within the intervals from 2.5 to 5 mm and 5 
to 7.5 mm. This approach constructs the polynomial interpolation as a 
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Fig. 6. 3D surface plots illustrate the variation in SE induced by different pressure distributions at the disc–rock interface. The analysis is based on the parameters 
reported by Xue et al.35 (𝜎𝑐 = 34.5 MPa, 𝜎𝑡 = 3.5 MPa, 𝐸 = 9.98 GPa, 𝜌 = 2.47 g/cm3, 𝑅 = 216 mm, 𝑇  = 20 mm, 𝑠 = 60, 80, 100 mm).

Fig. 7. Performance of the prediction model based on the Gaussian distribution, evaluated against experimental data for C30 concrete35 (𝜎𝑐 = 34.5 MPa, 𝜎𝑡 = 
3.5 MPa, 𝐸 = 9.98 GPa, 𝜌 = 2.47 g/cm3, 𝑅 = 216 mm, 𝑇  = 20 mm, 𝑠 = 60, 80, 100 mm).

Fig. 8. Discrete dataset for Indiana Limestone based on the results reported by Rostami.19

International Journal of Rock Mechanics and Mining Sciences 204 (2026) 106590 

6 



N. Mejía et al. International Journal of Rock Mechanics and Mining Sciences 204 (2026) 106590 
Fig. 9. Digitized load distribution values for three rock types, based on the results reported by Rostami.19
Fig. 10. Load distribution mapping for Indiana Limestone at varying penetration depths.
weighted sum of Lagrange basis polynomials, each distinctly associated 
with a specific reference depth. Consequently, interpolated load values 
were computed across the defined intervals, and the resulting load 
distributions, were presented using the same units as in the original 
study,19 as shown in Fig.  10.

The Monte Carlo integration was employed to approximate the area 
under a discrete load distribution. The zone information19 is employed 
7 
to delineate the loading and corresponding front and rear non-loading 
regions along the measurement arc at the experimental penetration 
depths (Fig.  4(f)). Linear interpolation is then applied to define these 
loading and non-loading regions within the numerical interval of dis-
crete measurement arc values and the penetration depth series. 𝛽 is 
subsequently computed from these discrete load distributions using 
numerical integration.
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Fig. 11. Amplified load distributions for Indiana Limestone at 𝑝 = 2.5 mm, 5.0 mm, 7.5 mm, and 10 mm.
The Fourier transform was applied to the experimental load dis-
tribution to identify its frequency components. Subsequently, an am-
plified load distribution was created by scaling the experimental data 
while preserving its shape characteristics (Fig.  11(a)). This procedure 
enabled the extrapolation of the load distribution from the instru-
mented measurement arc to the contact arc, which defines the zone 
of cutter disc blade-rock interaction. The amplification factor (𝜂) was 
calibrated so that the 𝑆𝐸 - 𝑠∕𝑝 curves derived from the numerical 
model aligned with the characteristic curve obtained from internal data 
(machine-integrated sensors), as reported in the experimental study.19
The calibration procedure used an iterative loop to generate multiple 
amplified load distributions and their corresponding numerical 𝑆𝐸 - 
𝑠∕𝑝 responses. The ten best candidate responses were selected from 
these iterations, and the final amplification factor was chosen based 
on the overall agreement between the numerical curves and the refer-
ence response from the machine-integrated sensor data. The resulting 
amplified distributions (Fig.  11(b)) retained the fundamental frequency 
content of the original data and extended their magnitudes to match the 
characteristic curves described in Section 4.1. Finally, the numerical 
model utilized this amplified discrete load distribution and repeated 
the previously described numerical sequence to obtain the numerical 
𝑆𝐸 - 𝑠∕𝑝 curves.

4.3. Assumptions

The characteristic experimental 𝑆𝐸–𝑠∕𝑝 curves, particularly for Col-
orado Red Granite and Umettela Basalt, deviate from the theoretically 
predicted convex trend.37 Typically, the 𝑆𝐸 decreases initially as the 
𝑠∕𝑝 ratio increases, attains a clear optimal minimum and subsequently 
8 
increase again. Thus, data processing must align these experimen-
tal curves with theoretical expectations. Consequently, an additional 
data point is introduced based on two specific assumptions to ex-
tend the 𝑆𝐸–𝑠∕𝑝 experimental characteristic curves19 beyond the ob-
served ranges, alongside a further assumption for numerical modelling 
purposes.

The first assumption specifies the angle 𝛽 as 50% of angle 𝜙, justified 
by experimental observations indicating that angle 𝛽 varies within ap-
proximately ±10%. The second assumption relies on the experimentally 
observed 𝐹𝑛–𝑝 correlation presented in the characteristic curves, which 
exhibits near-linearity, supporting the assumption of a constant slope. 
Employing the trigonometric relationship between 𝑡𝑎𝑛(𝛽) and 𝐹𝑛 en-
ables the determination of the 𝐹𝑟. Extended 𝑆𝐸 values can be computed 
using Eq. (7), allowing extrapolation beyond the experimentally mea-
sured 𝑆𝐸–𝑠∕𝑝 range. For this purpose, the numerical model introduces 
a single extra data point, defined at 10, 12.5, or 15 mm penetration 
depth depending on the rock type, which adopts a load distribution 
profile similar to that of the nearest existing point. However, it employs 
a different factor derived from the previously stated assumptions based 
on the 𝑆𝐸–𝑠∕𝑝 data from the characteristic curves.

Furthermore, a solver is implemented to interpolate and generate a 
new load distribution for a given UCS within the tested range. Once this 
load distribution is determined, the numerical code iterates through 
the computational sequence described in Section 4.2 to derive the 
numerical 𝑆𝐸–𝑠∕𝑝 curves.

5. Results and observations

Solutions derived through the numerical model exhibit variability 
in minimum and maximum values across multiple iterations due to 
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Fig. 12. 𝑆𝐸–𝑠∕𝑝 correlation derived from the numerical model, based on experimental results from Rostami.19
the inherent randomness of the sampling process, as shown in Figs. 
12(a)–(c). The Indiana Limestone model shows minimal uncertainty in 
the range 8 ≤ 𝑠∕𝑝 ≤ 28. Within this interval, Fig.  12(a) shows narrow 
Monte Carlo bounds and tightly grouped 𝑆𝐸 points near the minimum, 
confirming that the model’s predictions are stable and consistent.

Fig.  12(b) shows that Monte Carlo bounds exhibit a tight alignment 
around the 𝑆𝐸 minimum at 𝑠∕𝑝 ≈ 10–11, indicating high precision, in 
the 𝑆𝐸 range of 7.5–10.3 kW h m−3. However, Fig.  12(b) also reveals 
the onset of bound divergence, accompanied by a marked increase 
in the dispersion of the 𝑆𝐸, as 𝑠∕𝑝 increases. Therefore, the model’s 
accuracy declines outside this interval. The Umettela Basalt model (Fig. 
12(c)) shows narrow Monte Carlo bounds around the SE minimum at 
𝑠∕𝑝 ≈ 9–16, indicating strong model performance in this range. Once 
𝑠∕𝑝 exceeds 16, the widening gap between the bounds indicates rising 
uncertainty.

Curve-fitting analyses reveal distinct behaviours among different 
rock types. Indiana Limestone and Umettela Basalt conform to a ra-
tional function characterized by a second-degree numerator and a 
first-degree denominator, effectively describing their smooth, concave 
𝑆𝐸–𝑠∕𝑝 relationships. Conversely, Colorado Red Granite needs another 
type of rational function, employing a third-degree numerator and a 
second-degree denominator, which are more sensitive to variations in 
input parameters. Therefore, a singular curve formulation may not 
adequately describe the behaviour of all rock types.

Fig.  13 presents a generalized 𝑆𝐸–𝑠∕𝑝 relationship across vary-
ing UCS ranges, using the model performances of Indiana Limestone, 
Colorado Red Granite, and Umettela Basalt as reference points for 
interpolation. As expected, the model response increasingly adopts 
the functional form of the original dataset as the UCS approaches its 
reference value. An increase in UCS corresponds to higher 𝑆𝐸 values 
and a shift of the optimal 𝑠∕𝑝 ratio towards lower values aligning with 
realistic rock-cutting conditions.

A clear correlation exists between UCS and the slope of the 𝑆𝐸 with 
respect to the 𝑠∕𝑝 ratio, as shown in Fig.  13. Experimental data17,35
and the proposed model all show that rocks with higher UCS exhibit 
9 
steeper 𝑆𝐸 gradients near the optimum 𝑠∕𝑝, revealing greater sensi-
tivity to deviations from optimal cutting conditions. This behaviour 
is pronounced in high-strength materials—Hwangdeung granite (183 
MPa), Palgwang gneiss (124 MPa), and granite (203.5 MPa)17—whose 
𝑆𝐸 rises sharply once 𝑠∕𝑝 moves away from the optimum, matching 
model predictions for UCS ≥ 120–180 MPa. Conversely, lower-strength 
rocks such as Yeongweol limestone (64 MPa) and Hudong granite 
(91 MPa)17 have flatter slopes, consistent with model curves for UCS 
≈ 60–90 MPa. The model’s ability to capture these UCS-dependent 
sensitivities confirms its robustness for predicting energy consumption 
in linear cutting mechanics across a broad spectrum of rock strengths.

Statistical error analysis for rock types with UCS values below 115 
MPa is reported in Table  2. After excluding outliers identified by a 
relative error criterion exceeding 30%, 𝑆𝐸 predictions yielded MAE, 
RMSE, and MAPE values of 0.4950, 0.5656, and 9.13%, respectively, 
with R2 = 0.9091, indicating close agreement between predicted and 
experimental values. For the 𝑠∕𝑝 ratio, MAE, RMSE, and MAPE values 
of 1.492, 2.01, and 12.28% were obtained, with R2 = 0.62, reflect-
ing moderate predictive capability and greater unexplained variability 
relative to 𝑆𝐸. Predictive reliability is therefore higher for rock types 
with UCS values below approximately 115 MPa. For higher UCS values, 
relative errors increase substantially — in several cases exceeding 100% 
— significantly reducing predictive reliability.

Table  1 presents a comparative analysis between the proposed 
numerical framework and previous LCM experimental results across 
different rock types. The framework reproduces 𝑆𝐸–𝑠∕𝑝 behaviour with 
close agreement for low- to medium-strength rock classes, including 
limestone, granite, and Carrara marble. The statistical performance 
evaluation summarized in Table  2 indicates good predictive capability 
for 𝑆𝐸 and moderate predictive capability for the 𝑠∕𝑝 ratio within 
the validated UCS interval. The results indicate a progressive increase 
in relative error with increasing UCS, leading to the identification 
of an approximate applicability threshold at 115 MPa, beyond which 
predictive reliability decreases significantly. Several rock classes within 
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Fig. 13. 𝑆𝐸–𝑠∕𝑝 correlations across different UCS ranges, based on pressure distributions derived from amplified load profiles.
Table 1
Numerical model validation against experimental cutting data for different rock types.
 Rock type 𝜎𝑐 𝜎𝑡 Cutter-disc D s/p s/p SE𝑒𝑥𝑝 SE𝑒𝑥𝑝 SE𝑛𝑢𝑚 Data resources  
 (MPa) (MPa) (Type) (mm) Exp. Num. (MJ/m3) (kW-h/m3) (kW-h/m3)  
 Limestone 63.6 8.86 CCS 432.0 18.00 13.15 5.83 1.62 4.64 Jeong et al.38  
 Limestone 65.6 7.40 CCS 432.0 10.00 11.09 14.76 4.10 4.81 Balci39  
 Kartal limestone 65.6 7.40 CCS 330.0 11.42 12.09 15.60 4.30 4.81 Copur et al.40  
 Nodular limestone 70.2 7.73 CCS 145.0 4.00 11.60 32.17 8.93 5.00 Comakli et al.41  
 Limestone - 2 77.9 4.90 S-RBC 305.0 10.00 11.03 18.76 5.20 5.45 Shaterpour et al.42 
 Carrara marble 79.0 14.0 V-TD 165.1 8.1 10.56 23.5 6.53 5.56 Cardu et al.43  
 Limestone - 1 81.78 5.17 S-RBC 305 8.3 10.41 40.29 11.19 5.83 Shaterpour et al.42 
 Skarn 88.4 5.94 S-RBC 305 20 10.3 31.72 8.81 8.19 Shaterpour et al.42 
 Granite - 2 91.3 10.1 CCS 432 12 10.27 11.52 3.2 3.08 Jeong et al.38  
 Gneiss - 2 91.5 15.2 CCS 432 12 10.27 14.69 4.08 6.3 Jeong et al.38  
 Lesotho basalt-NAB 97.2 12.9 CCS 432 9.41 10.41 26.39 7.33 6.73 Rostami44  
 Granodiorite 104.49 11.09 S-RBC 305 16.7 10.13 56.73 15.76 7.09 Shaterpour et al.42 
 Granite - 3 107.6 7.4 CCS 432 10 9.86 12.46 3.46 3.28 Jeong et al.38  
 Busan tuff 115.0 25.2 CCS 432 17 9.86 26.3 7.3 7.63 Cho et al.17  
 Tuff 115.5 25.2 CCS 432 15 9.86 6.44 1.79 7.63 Jeong et al.38  
 Diabase - 1 120.0 11.94 CCS 145 4 9.8 38.23 10.62 7.9 Comakli et al.41  
 Granite - 4 135.3 6.8 CCS 432 14 9.74 2.66 0.74 8.83 Jeong et al.38  
 Colorado spring granite 143.9 7.8 CCS 432 13.75 9.61 43.7 12.13 9.42 Rostami44  
 Granite - 6 145.5 7.8 CCS 432 15 9.74 2.48 0.69 9.33 Jeong et al.38  
 Felsite 145.5 9.5 CCS 432 14 9.74 9.46 2.63 9.33 Jeong et al.38  
 Diorite 158.5 11.2 CCS 432 10 10.71 13.0 3.61 9.99 Jeong et al.38  
 Beige marble 160 7.82 CCS 145 6.7 10.56 43.44 12.06 9.89 Comakli et al.41  
 Gneiss - 1 167.5 10.6 CCS 432 14 10.71 11.41 3.17 10.01 Jeong et al.38  
 Colorado red granite 178.5 8.9 CCS 432 17 11.19 37.44 10.4 10.21 Xu et al.45  
 Hwangdeung granite 183 9.8 CCS 432 11 11.03 52.8 14.67 10.35 Cho et al.17  
 Gneiss - 5 186 11.5 CCS 432 7.5 11.03 9.25 2.57 10.35 Jeong et al.38  
where CCS is constant cross-section and V-TD is V type disc.
the validated UCS interval also exhibited outlier behaviour during vali-
dation, indicating local deviations associated with specific geological 
and operational conditions. This behaviour reflects the dependence 
of predictive reliability on the experimental coverage of the pres-
sure distributions incorporated into the model. Since pressure-response 
characteristics vary with rock properties and cutting configuration, 
uncertainty increases under geological and operational conditions not 
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represented within the available experimental database. Consequently, 
extending the methodology to broader engineering geological condi-
tions requires additional experimentally derived pressure-distribution 
datasets.

To reduce the computational cost and algorithmic complexity of the 
previous numerical model, this study introduces a streamlined scheme 
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Fig. 14. Discrete data representation for Indiana Limestone at penetration depths of 2.5 mm, 5.0 mm, and 7.5 mm, derived from fitted Gaussian function 
parameters.
Table 2
Performance evaluation of predicted and experimental values for 
rocks with UCS below 115 MPa.
 Parameter SE s/p  
 MAE (kW-h/m3) 0.495 1.492 
 MAPE (%) 9.13 12.28 
 RMSE (kW-h/m3) 0.565 2.01  
 R2 0.909 0.62  
where MAE is the Mean Absolute Error, MAPE is the Mean Absolute 
Percentage Error, RMSE is the Root Mean Square Error, and R2 is the 
coefficient of determination.

Table 3
Polynomial coefficients for Gaussian distribution parameters for Colorado Red 
Granite.
 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 = 𝑎 𝑝4 + 𝑏 𝑝3 + 𝑐 𝑝2 + 𝑑 𝑝 + 𝑒

 𝑃0 𝑃 ′ 𝜃𝑐 𝜔  
 𝑎 −182.1 172.9 −3.00 × 10−4 4.00 × 10−4  
 𝑏 4134 −2983 −5.72 × 10−3 −9.18 × 10−3 
 𝑐 −3.186 × 104 1.458 × 104 −0.0378 0.0624  
 𝑑 9.063 × 104 −8924 0.120 −0.0793  
 𝑒 −8.989 × 104 7.385 × 104 5.788 0.3973  
𝑃0, 𝑃 ′, 𝜃𝑐 , and 𝜔 are parameter outputs of Eq.  (12) that fourth-degree polynomial, each 
dependent on 𝑝 (penetration depth).

that still captures the rock–cutter interaction. In this context, the am-
plified load-pressure distributions (Fig.  11(b)) are decomposed into a 
series of Gaussian functions to characterize these distributions mathe-
matically. After the initial parameter extraction, the functions are re-
fined to better fit the actual contact range, followed by a re-estimation 
of the parameters. This iterative approach provides a Gaussian-based 
representation (Fig.  14) of the amplified load pressure distributions. 
The results (Table  3) reveal that each Gaussian parameter (Eq.  (12)) 
strongly correlates with 𝑝, following a fourth-degree polynomial rela-
tionship. This result calls for a reassessment of the initial hypothesis, 
suggesting that although Gaussian functions offer a valid representa-
tion, their parameters systematically vary with penetration depth. This 
insight deepens the understanding of pressure profile behaviour and 
supports ongoing theoretical advancement and model refinement.

6. Conclusions

TBMs are widely adopted in rock tunnel construction due to their 
high advance rates and excavation safety. This study analyses the con-
tact pressure distribution between the disc cutter and rock using LCM-
derived parameters: 𝑝, 𝑠, and 𝑆𝐸. The proposed methodology captures 
the nonlinear 𝑆𝐸–𝑠∕𝑝 correlations and identifies optimal 𝑠∕𝑝 ratios 
associated with minimum 𝑆𝐸 across different UCS intervals. These 
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parameters are directly linked to TBM performance: 𝑝 governs cutter 
normal force, thrust, torque, and penetration rate; 𝑠 controls crack 
interaction and fragmentation efficiency; and 𝑆𝐸 quantifies cutting 
energy demand. Within the validated UCS range, the framework sup-
ports the assessment of TBM operational parameters, cutterhead design, 
and optimization of the rock-breaking process under minimum-𝑆𝐸
conditions.

In the first model, after outlining the CSM model that originally 
characterizes disc-rock contact pressures, alternative contact pressure 
patterns were hypothesized, while maintaining the maximum con-
tact pressure (Eq. (2)) value identified by the CSM model. However, 
these hypotheses on the contact pressure distribution did not allow 
for obtaining an acceptable 𝑆𝐸 pattern as the 𝑠∕𝑝 ratio varies. These 
distributions, in fact, were unable to reproduce trends with minimum 
SE values and, therefore, with optimal s/p ratios. It is because the 
governing framework establishes that the cutting forces are primarily 
determined by the magnitude of the maximum contact pressure and 
the pressure distribution profile. The results show that the maximum 
contact pressure exerts a dominant influence on the resulting cutting 
forces. This dominant effect diminishes the contribution of the distri-
bution profile, introducing a bias in force predictions. This imbalance 
contributes to the observed discrepancies between model outputs and 
theoretical expectations.

The pressure distribution represents the contact pressure generated 
beneath the disc cutter and governs the transfer of normal and rolling 
forces within the TBM rock-breaking mechanism. Indiana Limestone ex-
hibits wide, symmetric distributions that remain stable with increasing 
penetration. From a mechanical perspective, this distribution indicates 
consistent force transfer, stable crushed-zone development, controlled 
crack propagation, and uniform chip formation. Colorado Red Gran-
ite follows a comparable trend with higher pressure concentration 
reflecting its greater UCS. Both behaviours are consistent with the 
error analysis, which showed that the proposed model produced more 
reliable 𝑆𝐸 predictions for rocks with UCS below 115 MPa, as reported 
in Table  2. In contrast, the localized pressure peaks characteristic of 
higher-UCS rocks indicate stronger force concentration and a more 
heterogeneous fragmentation process, increasing uncertainty in force 
and SE predictions.

The analyses clearly show that the optimal s/p ratio is relatively 
high, greater than 11 and up to 17, for rocks with low compressive 
strength (lower than 70 MPa). For medium-strength rocks, the optimal 
ratio tends to fall below 10, while for very high-strength rocks, it is 
approximately 10 or slightly higher. Furthermore, the minimum and 
optimal 𝑆𝐸 ranges from below 4 kWh/m3 for low-strength rocks to 
over 10 kWh/m3 for very high-strength rocks.

The decomposition of hybrid pressure distributions into Gaussian 
functions reveals a correlation between UCS and the associated Gaus-
sian parameters. As UCS increases, the parameter 𝜔 decreases, indi-
cating narrower distributions, while 𝑃 ′ sharply increases, signifying 
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intensified peak pressures. Simultaneously, the parameter 𝜃𝑐 gradually 
shifts away from the symmetry axis. This evolving distribution shape 
introduces gradual uncertainty into the prediction model due to the 
high sensitivity of contact pressure as the cutter disc advances. Incor-
porating these trends into the comparative model analysis (Table  1) 
demonstrates that the model maintains robustness under low UCS; how-
ever, as rock strength increases, discrepancies between experimental 
and predicted outcomes become more pronounced.

Analysing laboratory test results and the available numerical models 
of disc-rock interaction gained detailed insights into rock failure and 
excavation mechanisms as a function of rock strength. The results 
emphasize the importance of accurately understanding the contact 
pressure distribution, which is fundamental for identifying the optimal 
𝑠∕𝑝 ratio corresponding to the minimum 𝑆𝐸, representing the most 
efficient TBM disc excavation mode.
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Appendix

Fig.  2 shows the pressure distribution patterns for different 𝜓 val-
ues. When 𝜓 is 0, the pressure distribution becomes uniform. As 𝜓
approaches a value of 1, the pressure distribution transit to a linear 
distribution. Notably, the angle 𝛽 adopts the half of angle 𝜙 when 𝜓
is 0, highlighting the system’s symmetry. In this sense, introducing the 
concept of centre of gravity in Eq.  (15) enables an analytical solution 
for angle 𝛽 in terms of 𝜓 and 𝜙 with Eq.  (16): 

𝛽 =
∫ 𝜙0 𝜃 𝑃 ′

(

1 − 𝜃
𝜙

)𝜓
𝑑𝜃

∫ 𝜙0 𝑃 ′
(

1 − 𝜃
𝜙

)𝜓
𝑑𝜃

(15)

𝛽 =
𝜙

𝜓 + 2
(16)

As expressed in Eq. (3), 𝐹𝑡 is obtained through an analytical method. 
Consequently, Eq. (8) presents the general solution for the CSM model.

Two numerical approaches were conducted to validate the results 
of the general solution proposed in Eq. (8). The first approach uses the 
Taylor series expansion to approximate 𝛽 as detailed in Eqs. (17).18
An analytical solution then computes 𝐹𝑡 (Eq. (3)), followed by the 
calculation of 𝐹𝑟 (Eq. (6)). The second method calculates 𝐹𝑡 and 𝐹𝑟 by 
discretizing the parameter 𝜃, as specified in Eq. (5). A third method, 
based on numerical integration, was developed using the trapezoidal 
rule with a resolution discretization of 𝜃 (0, 𝜙, 1000). 
[

𝐹𝑥′
𝐹𝑦′

]

=
𝑛
∑

𝑖=1
(−1)(𝑖−1)

⎡

⎢

⎢

⎣

𝜙2𝑖+𝜓

(2𝑖+𝜓)(2𝑖−2)!
𝜙2𝑖−1+𝜓

(2𝑖−1+𝜓)(2𝑖−2)!

⎤

⎥

⎥

⎦

(17)

𝑛 is the number of iterations required to achieve the desired degree 
of accuracy in the numerical estimate, and 𝛾 denotes the angle of the 
resultant force in relative coordinates.

Table  4 lists the different 𝑆𝐸 values computed for the following 
input parameters: 𝑅 = 14 cm, 𝑇 = 2.5 cm, 𝑠 = 8 cm, 𝜎𝑐 = 100MPa, 
𝜎𝑡 = 11MPa, and 𝜓 = 0.3. Fig.  15 highlights the correlation between 
methods through the corresponding linear equation and the coefficient 
of determination (𝑅2). The slope of the linear equations approaches 1, 
supporting the validity of the analytical solution for the CSM.
12 
Fig. 15. Validation between results.

Table 4
Comparison of results used to validate the general solution of the CSM model.
 𝜙 SE SE SE SE  
 (rad) (Taylor series) (Discretization) (Analytical) (Numerical) 
 0.084 53.605851 53.383971 53.518017 53.497181  
 0.119 47.848434 47.559434 47.692081 47.660224  
 0.146 44.806771 44.451417 44.587776 44.545557  
 0.169 42.789999 42.370147 42.511941 42.459819  
 0.189 41.305669 40.823082 40.971104 40.909422  
 0.207 40.144787 39.601024 39.755695 39.684722  
 0.224 39.199910 38.596340 38.757903 38.677859  
 0.239 38.408807 37.746641 37.915241 37.826311  
 0.254 37.732348 37.012669 37.188396 37.090736  
 0.268 37.144405 36.368189 36.551095 36.444845  
 0.281 36.626705 35.794840 35.984956 35.870235  
 0.293 36.165995 35.279292 35.476634 35.353551  
 0.305 35.752369 34.811579 35.016152 34.884803  
 0.317 35.378242 34.384060 34.595862 34.456335  
 0.328 35.037684 33.990757 34.209781 34.062156  
 0.339 34.725975 33.626909 33.853145 33.697494  
 0.350 34.439298 33.288663 33.522099 33.358491  
 0.360 34.174530 32.972864 33.213486 33.041981  

Data availability

Data will be made available on request.
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