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Numerical Evaluation and Probabilistic Calibration of Constitutive Models for Tunnelling in Weak Rock 1 

Masses: A Case Study from the Honaz Tunnel, Türkiye 2 

 3 

ABSTRACT 4 

This study evaluates the mechanical behaviour of weak rock masses along the Honaz Tunnel (SW Türkiye) by 5 

combining field-calibrated 2D finite-element simulations (RS2) with a probabilistic risk assessment. Three 6 

constitutive criteria — Mohr-Coulomb (MC), Hoek-Brown (HB) and Generalized Hoek-Brown (GHB) — were 7 

compared under supported excavation scenarios. Support layouts were derived from six empirical classification 8 

systems (Q, RMR, RMQR, RMi, RSR, NATM) and numerical predictions were benchmarked against in-situ 9 

convergence measurements. The MC model provided the best fit to field data (R2 = 0.94), while HB/GHB tended to 10 

overestimate deformations in the weakest units. To account for parameter uncertainty, we performed Monte Carlo 11 

simulations (45,000 runs) using an analytical elastoplastic tunnel solution implemented in MATLAB. Results indicate 12 

that shallow very-weak units show limited stress-induced convergence due to low confinement, whereas a deeper 13 

transition unit (Calcareous Quartz Schist) exhibited the highest failure probability (≈0.2%) and the lowest reliability 14 

index (β = 5.59). The findings highlight the effectiveness of a hybrid deterministic–probabilistic workflow for robust 15 

tunnel design in heterogeneous weak rock masses. 16 

Keywords: Constitutive models; Tunnel convergence; Probabilistic risk assessment; Monte Carlo simulation; Weak 17 

rock masses. 18 

 19 

1. INTRODUCTION 20 

Recent tunnel projects in weak and highly heterogeneous rock masses face significant uncertainty in support design 21 

due to spatial variability of geomechanical parameters. Deterministic numerical models alone may either 22 

underestimate squeezing risk or produce overly conservative designs. This study addresses that gap by integrating 23 

field-calibrated FE modelling with probabilistic risk quantification. 24 

The design of underground structures in geotechnically challenging environments requires a robust understanding of 25 

rock mass behavior and the interaction between the ground and support systems. Numerical modeling has become an 26 

indispensable tool in geotechnical engineering for simulating complex stress-strain conditions (Jing 2003; Terron-27 

Almenara et al., 2023). Recent studies have demonstrated the effectiveness of finite element methods in evaluating 28 

tunnel stability in weak rock masses (Zhang et al., 2024; Boukarm et al., 2024). The integration of empirical rock 29 

mass classification systems with numerical modeling approaches has proven essential for reliable support design, 30 

particularly in heterogeneous geological conditions (Terron-Almenara et al., 2025; Mushahary et al., 2020). 31 

Furthermore, comparative analyses of different constitutive models, including Mohr-Coulomb and Hoek-Brown 32 

formulations, have provided valuable insights into the mechanical behavior of weak rock masses under complex stress 33 

states (Saeidi et al., 2022). However, the reliability of these models depends heavily on the selection of an appropriate 34 

constitutive model and the accurate characterization of rock mass properties. This is particularly critical for tunnels 35 

excavated in weak rock masses, which are characterized by low strength, high deformability, and significant spatial 36 

variability (Hoek and Marinos 2000). 37 

In conventional practice, tunnel support design often relies on deterministic analyses using mean values of 38 

geomechanical parameters. However, such approaches fail to capture the inherent uncertainty and spatial variability 39 

of rock masses, potentially leading to either unsafe or overly conservative designs. While empirical classification 40 

systems (e.g., Q, RMR, NATM) provide practical guidelines, their integration with numerical modeling and 41 

probabilistic risk assessment remains a developing field, especially for complex geological settings involving weak 42 

rocks. 43 



Although previous studies compared constitutive laws for rock tunnelling, few have combined field calibration, 44 

multiple classification-based support designs and a large-scale Monte Carlo reliability analysis on a single case study. 45 

The Honaz Tunnel, a critical component of the Denizli–Antalya highway in Türkiye, traverses challenging ground 46 

conditions, including highly fractured conglomerates, fault breccia, and slope debris. This study presents a 47 

comprehensive investigation that bridges the gap between deterministic numerical modeling and probabilistic risk 48 

analysis. The primary objectives are: (1) to evaluate the performance of three failure criteria (Mohr-Coulomb, Hoek-49 

Brown, and Generalized Hoek-Brown) through field calibration; (2) to assess the effectiveness of support systems 50 

designed according to six empirical classification systems; and (3) to quantify the deformation risk and reliability of 51 

support systems using Monte Carlo simulations, thereby addressing parameter uncertainty. This research aims to 52 

provide a robust, multi-faceted framework for tunnel design in weak rock conditions by validating numerical 53 

predictions with in-situ measurements and statistical analysis. 54 

 55 

2. GEOLOGICAL AND GEOTECHNICAL SETTING 56 

The Honaz Tunnel is situated in the tectonically active southwestern region of Türkiye, within the Menderes Massif. 57 

The tunnel alignment, spanning approximately 2,540 meters, traverses a highly complex geological environment 58 

characterized by intensive faulting, heterogeneous lithologies, and significant alteration zones (Fig. 1). The excavation 59 

encounters a challenging matrix where competent limestone blocks are frequently embedded within weathered and 60 

clay-altered weak materials, creating abrupt changes in stiffness and strength that complicate support design. 61 

 62 

Fig. 1. Geological cross-section of the Honaz Tunnel route. 63 

The lithological profile is dominated by micritic and crystalline limestone, conglomerate, sandstone, slope debris, and 64 

fault breccia. While the limestone formations (Units S1-S3) represent the most competent units, their mechanical 65 

integrity is often compromised by intense tectonic jointing. Conversely, the sedimentary units, specifically the 66 

conglomerate and sandstone (Units S6-S7), are weakly cemented and exhibit high deformability. The poorest ground 67 

conditions are observed in the slope debris (S8) and fault breccia (S9) zones, which display extremely low shear 68 

strength and weak rock mass behavior, necessitating robust and immediate support measures to control convergence. 69 



To characterize the engineering behavior of these heterogeneous materials, an extensive site investigation and 70 

laboratory testing program was conducted. The testing program included determination of Uniaxial Compressive 71 

Strength (UCS), Brazilian Tensile Strength (BTS), Point Load Index (Is(50)), as well as the derivation of cohesion (c) 72 

and friction angle (φ) using empirical failure criteria based on the intact rock properties. Crucially, to address the 73 

spatial variability inherent in weak rock masses, the geomechanical parameters were analyzed statistically. Table 1 74 

summarizes the mean values of the physico-mechanical properties for the nine identified lithological units. These 75 

mean values served as the baseline for the deterministic numerical calibration, while the statistical dispersion (standard 76 

deviation) of these parameters was utilized to define the probability distributions for the Monte Carlo risk assessment 77 

presented later in this study. 78 

Table 1  79 

Summary of mean geomechanical properties of the rock units derived from laboratory testing. 80 

Rock mass number  S1 S2 S3 S4 S5 S6 S7 S8 S9 

Uniaxial compressive strength – UCS MPa 48.81 24.71 39.40 41.49 11.67 22.17 2.05 0 0 

Cohesion – c MPa 1.81 1.72 2.01 2.09 1.82 1.29 0.28 0.1 0.1 

Angle of internal friction – φ Deg. 38 44 40 39 27 28 25 22 24 

Brazilian tensile strength – BTS MPa 0.27 0.48 0.41 0.42 1.13 0.30 0.15 0 0 

Point load strength – Is(50) MPa 2.72 3.08 2.63 2.44 1.39 2.22 0.17 0 0 

Poisson's ratio – υ - 0.31 0.27 0.29 0.30 0.38 0.37 0.39 0.41 0.40 

Density – ρ t/m3 2.68 2.65 2.65 2.60 2.42 2.72 2.30 1.80 1.90 

Schmidt hardness – N - 32 29 31 30 15 20 - - - 

Porosity – n % 1.08 1.10 2.39 1.87 5.21 1.87 - - - 

Young's modulus of intact rock – E MPa 4757 3880 3164 3436 1128 2366 - - - 

Rock mass deformation modulus – Em MPa 3134 2139 3984 1747 978 1141 675 418 505 

Average depth m 150 150 200 150 150 150 30 15 30 

In addition to laboratory data, the rock masses were classified in situ using six empirical systems: Q-system (Q) 81 

(Barton et al., 1974; Barton 2002), Rock Mass Rating (RMR) (Bieniawski 1989), Rock Mass Quality Rating (RMQR) 82 

(Aydan et al., 2014), Rock Mass index (RMi) (Palmström 1995), Rock Structure Rating (RSR) (Wickham et al., 1972), 83 

and the New Austrian Tunnelling Method (NATM) (Rabcewicz 1964). The classification results, presented in Table 84 

2, highlight the significant variation in rock mass quality, ranging from "Fair" in limestone units to "Extremely Poor" 85 

in fault zones. 86 

Table 2  87 

Rock mass classification results based on empirical systems. 88 

Unit ID Rock mass units Q RMR RMQR RMi RSR NATM RQD GSI 

S1 Micritic limestone 1.32 40 42 0.286855 48 B2 10 35 

S2 Micritic limestone 0.528 35 32 0.051981 45 B3 12 30 

S3 Crystalline limestone 4.752 44 49 0.89687 58 B2 18 39 

S4 Brecciated crystalline limestone 0.176 30 35 0.141006 43 B3 10 25 

S5 Calcareous quartz schist 0.010417 24 22 0.024813 36 C2 6 23 

S6 Iron oxide cemented sandstone 0.020833 27 25 0.002909 38 C2 5 22 

S7 Carbonate cemented conglomerate 0.007333 17 17 0.010214 27 C3 3 16 

S8 Slope debris 0.0022 10 10 0.000202 20 C4 1 8 

S9 Fault breccia 0.0055 13 14 0.000341 22 C4 1 11 



These geotechnical characterizations define the physical boundaries of the tunnel environment and provide the 89 

necessary input data for both the field-calibrated deterministic models and the probabilistic reliability analyses 90 

conducted in this research. 91 

 92 

3. METHODOLOGY 93 

This study employs a hybrid methodological framework combining deterministic finite element modeling (FEM) with 94 

probabilistic risk assessment. The workflow consists of three phases: (1) Field-calibrated numerical simulations using 95 

RS2 to evaluate constitutive model performance; (2) Comparative analysis of empirical support designs; and (3) 96 

Probabilistic reliability analysis using Monte Carlo simulations to quantify risks associated with parameter variability. 97 

3.1. Theoretical Background of Numerical Analysis  98 

RS2 model details: Plane-strain 2D RS2 (v.11 - Rocscience, 2021) models used triangular 3-node elements; minimum 99 

element size ~D/50 around the tunnel; boundary at 5D to avoid reflections. Gaussian elimination solver selected. Mesh 100 

convergence tests were performed (element refinement until crown convergence change < 2%). Elastic-plastic 101 

analyses used associated flow rule and small-strain assumption. 102 

Field calibration procedure: (1) initial parameters from lab tests (Table 1); (2) iterative tuning of Em and joint 103 

parameters to match measured crown convergences at three monitoring sections; (3) calibration accepted when 104 

simulated vs measured residuals fell within ±10% of measured convergence. 105 

3.2. Numerical Modeling Framework for Tunnel Excavation and Support  106 

Two-dimensional (2D) plane-strain analyses were conducted to simulate the sequential excavation and support 107 

installation. To eliminate boundary effects, the model boundaries were extended to a distance of five times the tunnel 108 

diameter from the excavation center. The domain was discretized using a graded mesh of 3-noded triangular elements, 109 

optimized to balance computational efficiency with result accuracy near the excavation zone. The excavation followed 110 

the NATM principles, simulated in a staged sequence: 111 

1. Stress Initialization: In-situ stresses were applied based on overburden depth and rock mass unit weight. 112 

2. Top Heading Excavation: Upper half excavation followed by immediate relaxation. 113 

3. Bench Excavation: Lower half excavation. 114 

4. Support Installation: Shotcrete, bolts, and steel sets were activated immediately after each stage to simulate 115 

ground-support interaction. 116 

3.3. Material Failure Models 117 

Three constitutive models were evaluated using parameters derived from Tables 1 and 2. The specific formulations 118 

are described below. 119 

3.3.1. Hoek-Brown Material Model 120 

The Hoek-Brown failure criterion is one of the most widely used material models for simulating rock mass behavior. 121 

Initially proposed by Hoek and Brown (1980a, 1980b) for the design of underground excavations in intact rock, it was 122 

developed based on brittle failure studies in rock by Hoek (1968) and empirical observations of jointed rock masses 123 

by Brown (1970). The model begins with the properties of intact rock and incorporates reduction factors that reflect 124 

the influence of joints and discontinuities, adapting the behavior to rock mass conditions. 125 

The general form of the Hoek-Brown failure criterion in terms of principal stresses is given as: 126 𝐹௦ = 1ߪ − 3ߪ − ௖௜ߪ (݉ −ఙ1ఙ೎೔ + 0.5(ݏ = 0       (1) 127 



where “σci” is the uniaxial compressive strength of intact rock, “m” is a reduced material constant derived from “mi” 128 

(for intact rock), and “s” is a constant with a maximum value of “1” for intact rock. 129 

Key mechanical characteristics modeled using the Hoek-Brown criterion include: 130 

 Nonlinear shear strength behavior dependent on the confining stress 131 

 Tensile strength 132 

 Dilation and critical state failure behavior 133 

 Lode angle (equation 2) dependency of shear strength 134 

The dependency on the Lode angle can be expressed as: 135 ܮ = 2ఙ2−ఙ1−ఙ3ఙ1−ఙ3            (2) 136 

Compared to the linear Mohr-Coulomb model, the Hoek-Brown model offers a more realistic representation of 137 

strength at varying stress levels, especially in high-stress or fractured conditions, making it suitable for geotechnical 138 

and mining stability assessments. It also performs reliably in load-displacement analyses involving both rock material 139 

and rock masses. 140 

3.3.2. Generalized Hoek-Brown Material Model 141 

The Generalized Hoek-Brown model introduces an additional parameter, “a”, replacing the fixed exponent “0.5”, to 142 

enhance the model’s ability to represent very weak rock masses (Hoek et al., 2002; Hoek and Brown 2019): 143 𝐹௦ = 1ߪ − 3ߪ − ௖௜ߪ (݉ −ఙ1ఙ೎೔ + ௔(ݏ = 0       (3) 144 

The parameters “m”, “s”, and “a” are derived using the Geological Strength Index (GSI), and the disturbance factor 145 

“D”, as follows: 146 ݉ = ݉௜݁(ಸೄ಺−10028−14ವ ݏ 147  (4)          ( = ݁(ಸೄ಺−1009−3ವ )
           (5)  148 ܽ = 12+ 16 ݁−ீௌூ/15 − ݁−20/3        (6) 149 

3.3.3. Mohr-Coulomb Material Model 150 

The Mohr-Coulomb failure criterion is widely used in geotechnical engineering for soils and rock masses. It assumes 151 

a linear relationship between shear strength and normal stress, as first postulated in the Coulomb hypothesis (Coulomb 152 

1776; Mohr 1900; Labuz and Zang 2012). 153 ߬ = ܿ − ௡ߪ tan߮          (7) 154 

Here, “τ” is the shear strength, “σn” is the normal stress, “ϕ” is the internal friction angle, and “c” is cohesion. 155 

Mechanical behavior captured by the Mohr-Coulomb model includes: 156 

 Isotropic shear strength behavior with cohesion-friction properties that linearly increase with stress 157 

 Tensile strength modeling through a stress-based failure function 158 

 Volume expansion (dilation) or critical state behavior at failure 159 

 Shear strength dependency on the Lode angle (common in granular soils) 160 



While it lacks the nonlinearity of Hoek-Brown, the Mohr-Coulomb model is well-suited for stability analyses of 161 

geotechnical and mining problems not involving wide stress ranges. It is also commonly used for load-displacement 162 

simulations involving gravels, sands, intact rocks, and rock masses. 163 

When expressed in terms of principal stresses, the Mohr-Coulomb criterion takes the form: 164 𝐹௦ = 12 1ߪ) − (3ߪ + 12 1ߪ) + (3ߪ sin߮ − cos߮ = 0      (8) 165 

Crucially, while deterministic models rely on mean parameter values, rock masses exhibit inherent spatial variability. 166 

To address this, the study extends beyond standard numerical modeling by integrating a probabilistic framework 167 

described in Section 3.5. 168 

3.4. Support System Scenarios 169 

Support systems were designed based on six empirical rock mass classification methods: Q, RMR, RMQR, RMi, 170 

RSR, and NATM. The specific design parameters (bolt length, shotcrete thickness, steel ribs) for each rock mass unit 171 

are detailed in Table 3. These designs served as variable inputs in the numerical model to evaluate their comparative 172 

efficacy in controlling tunnel convergence. 173 

Table 3  174 

Types and quantities of support elements recommended by rock mass classification systems. 175 
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Q S1 3 1.8 20-21 90 - - 90 3 - - - 

 S2, S3 3 1.6 22-23 120 - - 120 3 - - - 

 S4 3 1.4 27-28 300 16 0.6 300 3 - - - 

 S5 3 1 36-37 400 20 0.2 400 3 - - - 

 S6 3 1.1 33-34 450 20 0.2 450 3 - - - 

 S7 3 1 36-37 550 20 0.15 550 3 - - - 

 S8 3 0.5 74-75 550 20 0.1 550 3 - - - 

 S9 3 0.75 49-50 500 20 0.15 500 3 - - - 

RMR S1, S2, S4, 

S5, S6 

5 1 27-28 150 Medium 1.5 150 - 6 - - 

 S3 4 1.5 17-18 100 - - 100 - 6 - - 

 S7, S8, S9 6 1 38-39 200 Heavy 0.75 200 6 6 - - 

RMQR S1, S3 5 1.5 17-18 150 Medium 1.2 300 - 6 300 - 

 S2, S4, S5, 

S6 

6 1 37-38 200 Heavy 1 500 6 6 500 - 

 S7, S8, S9 7 0.5 74-75 250 Very 

Heavy 

0.8 800 7 6 800 - 

RMi S1, S3 3 1.25 21-22 100 - - 100 - 6 - - 

 S2 3 1 27-28 200 - - 200 - 6 - - 

 S4 3 1.25 21-22 150 - - 150 - 6 - - 

 S5 3 1 27-28 250 - - 250 - 6 - - 

 S6 3 0.5 52-53 250 - - 100 - 6 100 10 

 S7, S8, S9 3 0.5 52-53 300 - - 200 - 6 200 10 

RSR S1 3 1 26-27 90 Heavy 0.6 90 - - - - 



 S2 3 0.75 35-36 100 Heavy 0.6 100 - - - - 

 S3 3 1 26-27 70 Medium 0.6 70 - - - - 

 S4 3 0.75 35-36 110 Heavy 0.6 110 - - - - 

 S5 3 0.6 44-45 150 Heavy 0.6 150 - - - - 

 S6 3 0.5 52-53 150 Heavy 0.6 150 - - - - 

 S7 3 0.5 52-53 200 Heavy 0.6 200 - - - - 

 S8, S9 3 0.5 52-53 300 Heavy 0.6 300 - - - - 

NATM S1, S3 4-6 1.25 17-18 250 Light 1 250 - 6 - - 

 S2, S4, 4 1.25 17-18 250 Light 1 250 - 6 - - 

 S5, S6 6-8 1 22-23 300 Medium 0.6 300 - 8 - - 

 S7, S8, S9 6-9 1 24-25 310 Heavy 0.6 310 - 8 - - 

3.5. Probabilistic Risk Assessment Framework 176 

To overcome the limitations of deterministic analysis—specifically the inability to account for parameter uncertainty 177 

— a probabilistic risk assessment was conducted using Monte Carlo simulations (MCS). Since running thousands of 178 

finite element models is computationally prohibitive, the probabilistic analysis utilized the analytical elastoplastic 179 

solution for circular tunnels (Carranza-Torres and Fairhurst 1999; Fama 1993) implemented in a MATLAB 180 

environment. This approach allows for the rapid computation of tunnel convergence under stochastic conditions. 181 

The probabilistic framework involved the following steps: 182 

1. Stochastic Definition: Input parameters (UCS, GSI, Em, c, φ) were defined not as fixed values, but as normal 183 

probability distributions characterized by the mean values and standard deviations derived from the site 184 

investigation (as detailed in Section 2). 185 

2. Simulation: For each of the nine rock mass units, 5,000 iterations were performed, totaling 45,000 runs. In each 186 

iteration, parameters were randomly sampled from their respective distributions. 187 

3. Reliability Analysis: The probability of failure (Pf) was calculated based on the exceedance of a critical strain 188 

threshold (1%), and the Reliability Index (β) was computed to quantify the safety margin of each unit. 189 

This dual-approach (Deterministic RS2 + Probabilistic MATLAB) ensures that the findings are robust against both 190 

model selection bias and geological uncertainty. 191 

 192 

4. RESULT AND DISCUSSION  193 

4.1. Evaluation of Predictive Accuracy Using Regression Metrics 194 

This section presents a comprehensive evaluation of the predictive capabilities of three constitutive models based on 195 

different failure criteria, using a robust dataset generated from field-calibrated numerical simulations. The dataset 196 

comprises deformation data from nine distinct rock mass units, each numerically analyzed under six empirical rock 197 

mass classification-based support schemes (Q, RMR, RMQR, RMi, RSR, and NATM). Among these, the actual 198 

support design used during the construction of the Honaz Tunnel served as the reference configuration for numerical 199 

calibration. To ensure comparability across all cases, the numerical results were normalized with respect to the NATM-200 

based deformation values by applying scaling coefficients derived from convergence benchmarks observed in situ. 201 

This normalization was applied to eliminate scale-dependent biases and to provide a consistent benchmark for 202 

comparison. The performance of the models was assessed using statistical indicators including the coefficient of 203 

determination (R²), adjusted R² (A.R²), root mean square error (RMSE), mean squared error (MSE), and mean absolute 204 

error (MAE), defined by the following equations: 205 



ܴ2 = 1 − ∑ (௬೔−௬̂೔)2೔ಿ=1∑ (௬೔−௬̅)2೔ಿ=1          (9) 206 

.ܣ ܴ2 = 1 − (1 − ܴ2) ௡−1௡−௣−1        (10) 207 

ܧܵܯܴ = √1ே∑ ௜ݕ) − ௜∗)2ே௜=1ݕ         (11) 208 

ܧܵܯ = 1ே∑ ௜ݕ) − ௜∗)2ே௜=1ݕ ܧܣܯ 209 (12)        = 1ே∑ ௜ݕ| − ௜∗|ே௜=1ݕ         (13) 210 

While R² and Adjusted R² quantify the explanatory power of the models, RMSE and MAE provide insight into their 211 

absolute predictive accuracy. Notably, RMSE is more sensitive to large deviations due to the squaring of residuals, 212 

whereas MAE provides a more conservative assessment of average error, particularly valuable when large residuals 213 

may disproportionately influence model evaluation. 214 

4.2. Model Validation Against Field-Measured Deformations 215 

The predictive performance of the numerical models (Mohr-Coulomb (MC), Hoek-Brown (HB), and Generalized 216 

Hoek-Brown (GHB)) was evaluated by comparing their simulated total crown convergence against field-monitored 217 

convergence data. This direct comparison with in-situ measurements provides a quantitative validation of the models, 218 

enhancing the reliability of their application in tunnel design and excavation planning. The correlation between 219 

predicted and measured deformations for all supported tunnel sections is presented in Fig. 2. 220 

 221 

Fig. 2. Correlation between field-measured and numerically predicted crown convergence values. 222 

The Mohr-Coulomb model demonstrated the highest predictive accuracy, achieving an R² of 0.94. This suggests that 223 

for weak and fractured lithologies encountered in the Honaz Tunnel, a linear failure envelope better captures the 224 

prevailing deformation mechanisms. In contrast, the GHB (R² = 0.72) and HB (R² = 0.69) models notably 225 



overestimated deformation, particularly in the weakest units such as conglomerate and slope debris. The quantitative 226 

statistical performance indicators for all three models are summarized in Table 4.  227 

Table 4  228 

Statistical performance indicators for the MC, HB, and GHB models based on field-calibrated convergence data. 229 

Model R² A. R2 RMSE MAE MSE 

MC 0.944 0.944 6.13 4.48 37.60 

HB 0.690 0.688 14.48 11.56 209.56 

GHB 0.720 0.719 13.76 10.72 189.22 

The exceptional predictive accuracy of the Mohr-Coulomb model (R² = 0.94) can be attributed to two key factors: the 230 

homogenized behavior of the intensely fractured weak rock mass, which is well-captured by a linear failure criterion, 231 

and the use of a robust, comprehensively derived deformation modulus (Em). The derivation of “Em”, which entailed 232 

a systematic analysis of numerous empirical formulas (as presented in the first author's previous work, Karakaplan 233 

2023), provided a realistic input parameter that was critical to the model's performance. 234 

While all three models yielded comparable results in the more competent limestone formations, the Mohr-Coulomb 235 

model was the only one to maintain consistent accuracy across all rock mass units, including those exhibiting weak 236 

rock mass or heavily jointed behavior. This emphasizes the influence of failure criterion selection on tunnel 237 

convergence predictions and supports the use of simpler linear models like MC for highly fractured or weak rock 238 

masses. Similar conclusions were reported by Saeidi et al. (2022), who showed that the Mohr-Coulomb model, when 239 

compared to the Generalized Hoek-Brown criterion in RS2 simulations, exhibited better performance in predicting 240 

tunnel convergences under low-quality rock mass conditions, particularly when GSI variations were significant. MC’s 241 

superior performance likely stems from the heavily fractured nature of the investigated rock masses where a 242 

homogenized linear envelope better represents immediate near-field deformation, whereas HB/GHB capture non-243 

linear strength behaviour under higher confinement. 244 

Therefore, these results strongly advocate for selecting constitutive models that align with the mechanical behavior of 245 

specific rock units, even if this means opting for simpler linear models over more complex non-linear ones in specific 246 

geotechnical contexts such as the one presented here. 247 

4.3. Assessment of Empirical Support Designs Across Varying Rock Conditions 248 

Numerical simulations were conducted to evaluate the convergence control performance of six empirical support 249 

schemes applied across all major rock mass units. Each support system was implemented based on the specific 250 

recommendations of the respective classification system, including shotcrete, rock bolts, steel ribs, and concrete lining. 251 

Beyond material model performance, the study also focused on the comparative effectiveness of support systems 252 

derived from six empirical classification methods: Q, RMR, RMQR, RMi, RSR, and NATM. The predicted 253 

convergence values, expressed as a percentage of tunnel diameter, were compared for each support system across 254 

varying rock mass qualities. 255 

All support systems significantly reduced convergences in comparison with the unsupported configuration. However, 256 

designs based on RMQR, Q, and NATM systems resulted in the most effective control, particularly in weak rock mass 257 

units (units 4-9). These results were most pronounced in rock mass units such as slope debris and clayey conglomerate, 258 

where convergence tends to peak under insufficient confinement or delayed support installation. In contrast, the RSR-259 

based designs produced the highest convergence levels, particularly in weak ground, primarily due to insufficient 260 

reinforcement provisions and overly simplified assumptions regarding rock mass strength. These findings highlight 261 

the superiority of updated and more comprehensive classification systems in recommending effective support 262 

strategies under challenging geological conditions. The comparative performance of all support systems across the 263 

nine rock mass units is visually summarized in Fig. 3. However, relying solely on deterministic values may overlook 264 



critical uncertainties. Therefore, to address the inherent variability of rock mass parameters and enhance design 265 

reliability, a probabilistic assessment was conducted, as detailed in the following section. 266 

 267 

Fig. 3. Support system efficacy: normalized crown convergence by rock mass number and design method. 268 

4.4. Probabilistic Risk Assessment of Critical Sections 269 

In response to the inherent spatial variability of rock mass parameters—a critical limitation noted in deterministic 270 

analyses—a probabilistic assessment was conducted using Monte Carlo simulations. Unlike conventional 271 

deterministic approaches that rely on mean values, this study treated key input parameters (UCS, GSI, and Em) as 272 

stochastic variables defined by normal distributions with coefficients of variation derived from field data variability. 273 

A total of 45,000 simulations (5,000 runs per rock mass unit) were performed using the elastoplastic Mohr-Coulomb 274 

analytical solution for a circular tunnel. The statistical distribution of the convergence results for each rock mass unit 275 

is visually presented in Fig. 4, while the calculated probabilities of exceeding a critical strain threshold of 1.0% are 276 

summarized in Table 5. 277 

 278 
Fig. 4. Box-plot distribution of tunnel convergence for all rock mass units, illustrating the impact of parameter 279 

uncertainty on convergence risk. 280 



As illustrated in Fig. 4, the spread of the data (represented by the box-plot whiskers) highlights the significant impact 281 

of parameter uncertainty, particularly in unit S5. The analysis reveals a distinct behavior in the transition zones. While 282 

the poorest quality rock masses (S8 and S9) exhibit low stress-induced convergence due to shallow overburden (low 283 

confinement), the Calcareous Quartz Schist (S5) unit presents the highest probabilistic risk (lowest Reliability Index, 284 

β = 5.59), with a mean convergence of 0.43% and a notable probability of exceeding critical limits. This suggests that 285 

for units like S5, standard support designs based solely on mean parameters may underestimate the risk of squeezing, 286 

necessitating a more conservative support strategy compared to shallower, albeit weaker, units. 287 

Table 5  288 

Summary of probabilistic convergence analysis and reliability indices for each rock unit (based on 45,000 Monte 289 

Carlo simulations). 290 

Unit 

ID 

Rock mass units Field 

measured 

convergence 

(%) 

Deterministic 

mean 

convergence 

(%) 

Probabilistic 

mean 

convergence 

(%) 

Max 

convergence 

(P99) (%) 

Probability 

of failure 

(%) 

Reliability 

index 

S1 Micritic limestone 0.26 0.28 0.11 0.16 0.00 51.99 

S2 Micritic limestone 0.27 0.40 0.13 0.20 0.00 41.50 

S3 Crystalline limestone 0.16 0.22 0.22 0.34 0.00 21.36 

S4 Brecciated crystalline 

limestone 

0.32 0.45 0.14 0.22 0.00 37.36 

S5 Calcareous quartz schist 0.23 0.44 0.43 0.77 0.20 5.59 

S6 Iron oxide cemented 

sandstone 

0.49 0.60 0.26 0.48 0.02 11.02 

S7 Carbonate cemented 

conglomerate 

0.72 0.88 0.11 0.20 0.00 34.31 

S8 Slope debris 0.88 1.45 0.04 0.08 0.00 79.07 

S9 Fault breccia 0.76 1.15 0.13 0.30 0.00 18.44 

Limitations: This study employed 2D plane-strain models and an analytical elastoplastic solution for probabilistic 291 

assessment; 3D effects and longitudinal variability were not explicitly modelled and should be considered in follow-292 

up studies. Parameter distributions were defined from available data; larger sample sizes would reduce uncertainty in 293 

distribution tails. 294 

 295 

5. CONCLUSION 296 

This study presented a comprehensive evaluation of constitutive models and support design strategies for the Honaz 297 

Tunnel, employing a hybrid methodology that integrates field-calibrated numerical modeling with probabilistic risk 298 

assessment. Based on the comparative analysis of nine rock mass units under varying stress conditions, the following 299 

conclusions are drawn: 300 

1. Constitutive Model Selection: The Mohr-Coulomb (MC) criterion exhibited superior performance in predicting 301 

convergences in weak, heterogeneous rock masses, achieving an exceptionally high correlation with field 302 

measurements (R2=0.94). In contrast, Hoek-Brown-based models (HB and GHB) tended to overestimate crown 303 

convergence in weak rock mass units (e.g., slope debris), likely due to challenges in characterizing the non-linear 304 

failure envelope of extremely poor-quality rock masses under low confinement. 305 

2. Support System Efficacy: Among the six empirical classification systems evaluated, support designs based on 306 

RMQR, Q-system, and NATM proved most effective in controlling convergence in weak ground. RSR-based 307 

designs were found to be less conservative, leading to higher predicted convergences. 308 

3. Probabilistic Risk Insight (Novelty): The probabilistic analysis using 45,000 Monte Carlo simulations revealed 309 

critical insights that deterministic models missed. While the weakest rock mass units (S8, S9) showed low stress-310 

induced convergence due to shallow depths, the Calcareous Quartz Schist (S5) unit emerged as the most critical 311 

section. Despite having higher mean strength than the debris units, Unit S5 presented the highest failure 312 



probability (0.2%) and the lowest Reliability Index (β=5.59), highlighting the significant risk posed by parameter 313 

uncertainty in transition zones. 314 

4. Design Reliability: The study demonstrates that a deterministic safety factor approach is often insufficient for 315 

tunnel design in heterogeneous geology. The integration of reliability indices (β) provided a more robust metric 316 

for assessing safety, particularly in zones where spatial variability is high. 317 

5. Overestimated Convergences: At low GSI values (<25), the GHB criterion tends to overestimate the plastic zone 318 

around the tunnel, resulting in overestimated convergences. The MC model proved to be more suitable for this 319 

specific site, as it utilizes field-calibrated "equivalent" parameters. 320 

In conclusion, this research suggests that for tunnels excavated in weak and variable rock masses, a "Hybrid Design 321 

Approach"—combining a simple, linear constitutive model (MC) for calibration with probabilistic frameworks for 322 

risk quantification—offers a practical and safe engineering solution. Future research should focus on extending this 323 

probabilistic workflow to 3D numerical models to capture longitudinal spatial variability more accurately. 324 
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