
15 July 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Sensitivity and Monte Carlo Analysis of Open TBM Diameter: Impacts on Power, Thrust, and Torque / Farzay, O., Cardu,
M., Jamali, S.. - In: GEOTECHNICAL AND GEOLOGICAL ENGINEERING. - ISSN 0960-3182. - ELETTRONICO. -
(2025), pp. 1-12. [10.1007/s10706-025-03212-0]

Original

Sensitivity and Monte Carlo Analysis of Open TBM Diameter: Impacts on Power, Thrust, and Torque

Publisher:

Published
DOI:10.1007/s10706-025-03212-0

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3001219 since: 2025-06-23T11:25:09Z

Springer Netherlands



Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

Sensitivity and Monte Carlo Analysis of Open TBM Diameter: Impacts on Power, Thrust,
and Torque

This Accepted Manuscript (AM) is a PDF file of the manuscript accepted for publication after peer review, when applicable, but
does not reflect post-acceptance improvements, or any corrections. Use of this AM is subject to the publisher's embargo period
and AM terms of use. Under no circumstances may this AM be shared or distributed under a Creative Commons or other form of
open access license, nor may it be reformatted or enhanced, whether by the Author or third parties. By using this AM (for
example, by accessing or downloading) you agree to abide by Springer Nature's terms of use for AM versions of subscription
articles: https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms

The Version of Record (VOR) of this article, as published and maintained by the publisher, is available online at:
https://doi.org/10.1007/s10706-025-03212-0. The VOR is the version of the article after copy-editing and typesetting, and
connected to open research data, open protocols, and open code where available. Any supplementary information can be found on
the journal website, connected to the VOR.

For research integrity purposes it is best practice to cite the published Version of Record (VOR), where available (for example,
see ICMJE’s guidelines on overlapping publications). Where users do not have access to the VOR, any citation must clearly
indicate that the reference is to an Accepted Manuscript (AM) version.

https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms
https://doi.org/10.1007/s10706-025-03212-0


Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

1 

 

Sensitivity and Monte Carlo Analysis of Open TBM 

Diameter: Impacts on Power, Thrust, and Torque 

Oveis Farzay 1*, Marilena Cardu 1, Seyedkhashayar Jamali1 

1.Abstract  

Predicting Open TBM performance in hard rock has been a long-standing challenge in tunneling engineering. The 

CSM and NTNU models have been widely used to estimate TBM advance rates and cutter forces based on rock mass 

properties and operational parameters. These models are detailed and widely applied, capable of predicting TBM 

performance with varying but acceptable accuracy, depending on the amount of input data available. However, they 

require comprehensive rock property investigations, which can be time-consuming and costly. 

Data analysis of a global database from 105 tunneling projects revealed strong correlations between diameter and 

torque, power, and thrust. Building on these findings, the study combines linear regression and random forest models 

to deliver a fast, cost-effective tool for feasibility studies, performance checks, and optimizing TBM design and 

operation. 

Monte Carlo simulations with 10,000 diameter samples defined the expected operational ranges for power, thrust, and 

torque. Sensitivity analysis further revealed that a 10% increase in diameter led to a 12.06% rise in power, a 13.80% 

increase in torque, but a 17.41% decrease in thrust. Conversely, a 10% reduction in diameter resulted in power 

decreasing by 17.66%, torque by 35.53%, and thrust by 26.04%, confirming torque as the most sensitive metric. 
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2.Introduction  

Tunneling in hard rock has improved greatly due to engineering progress. An important milestone was James S. 

Robbins's innovative work on tunnel boring machines (TBMs) starting in 1950 (Robbins) . Since then, continuous 

efforts have been made to evaluate critical parameters related to TBM design, performance, and maintenance. Howart 

(1994) studied TBM projects from 1974 to 1990 and built a database containing machine details, performance results, 

tunnel features, and ground conditions, showing how ground conditions strongly influence TBM performance. 

Highlighting the importance of ground conditions, Deere and Miller (1966) developed a report presenting a system to 

classify rocks based on their key properties, offering a standardized way to assess rock strength in engineering projects; 

likewise,  Bieniawski (1973) introduced a method to classify jointed rock masses, aiding the selection of appropriate 

excavation and support techniques in different geological situations. 

Building on these rock classification systems, Nelson (1983) introduced the Field Penetration Index (FPI) to predict 

TBM performance using rock mass features. Hassanpour, Rostami et al. (2009), (Hassanpour, Rostami et al. 2010, 

Hassanpour, Rostami et al. 2011) have developed practical models that relate FPI to RQD, UCS, and rock mass 

classification systems like RMR, Q, and GSI (Khatibi, Farzay et al. 2018, Khatibi, Ostadhassan et al. 2019, Shakouri, 

Farzay et al. 2019, Özçoban, Özfırat et al. 2022). Hamidi, Shahriar et al. (2010) applied RMR in a multiple linear 

regression model to estimate TBM performance in hard rock. Delisio and Zhao (2014) created a model for predicting 

TBM performance in blocky rock conditions using UCS and Volumetric Joint Count (JV). Similarly, Salimi, 

Faradonbeh et al. (2018)  proposed empirical equations for TBM performance based on FPI derived from UCS, RMR 

and rock mass conditions. 

Since rock classification alone does not fully explain TBM performance, the effectiveness of open TBM excavation 

significantly depends on machine efficiency, advancement speed, and tool wear (Wang, Gao et al. 2021). When open 

TBMs operate in hard rock conditions, drillability becomes a pivotal factor affecting performance. Yenice, Özdoğan 

et al. (2018) found Significant correlations between DRI and UCS, with Shore hardness being critical for predicting 

drillability. Yetkin, Özfırat et al. (2016) while examining the relation between rock mass cuttability index and rock 

drilling properties realize that Schmidt hardness is the most effective property for predicting DRI and RMCI values, 

providing a direct correlation between rock properties and cutting rates. Kahraman, Bilgin et al. (2003) reveals that 

UCS, BTS, and point load strength are dominant factors affecting penetration rate in percussive drilling. 

To address these limitations, several modeling approaches have been proposed to better predict TBM performance, 

generally classified into four categories. The first category, which is called a single parameter, relies on data collected 

in the field during operation (Graham 1976, Farmer and Glossop 1980, Nelson 1983, Hughes 1986, Khatibi, 

Aghajanpour et al. 2018, Cardu, Todaro et al. 2024, Hamzaban, Rostami et al. 2025).  Park, Lee et al. (2018), and 

(2021) applied the same principle and developed a database for statistical analysis of rock and machine parameters. 

Although these models are easy to use, they often do not accurately predict performance because they rely only on 

basic rock properties and ignore joint features. The second group includes Multiple Parameter Models like the 

Colorado School of Mines (CSM) model (Rostami and Ozdemir 1993, Rostami 1997, Cheema 1999), the Norwegian 

University of Science and Technology (NTNU) model (Bruland 1998) , and QTBM model (Barton 1999).  These 
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models consider both rock mass and machine parameters. The third group includes probabilistic models developed by 

Laughton (1998): These models use randomness and estimates to predict TBM performance, even when detailed 

information from similar tunnel projects is limited. The fourth category includes computer-based models created by 

Grima, Bruines et al. (2000), which use neural networks trained on large databases to improve predictions. However, 

these models usually have complicated structures and are difficult to understand (Grima and Babuška 1999, Grima, 

Bruines et al. 2000). 

Among these approaches, the CSM and NTNU models are the two most common methods for predicting TBM 

performance. The CSM model mainly uses intact rock features, like uniaxial compressive strength, Brazilian tensile 

strength, and Cerchar Abrasivity Index. But since it depends mostly on these basic rock features, it is limited because 

it doesn't fully consider complexities like joints and fractures in rock masses (Farrokh, Rostami et al. 2012). To 

overcome this issue, changes have been made to include extra rock properties in the existing models (Grima and 

Babuška 1999, Grima, Bruines et al. 2000). Ramezanzadeh (2005) introduced adjustment factors to the CSM model 

to consider joints and rock discontinuities. The NTNU model, on the other hand, uses real-world data to predict TBM 

performance. It includes important rock features such as fracture frequency, fracture orientation, DRI, Bit Wear Index 

(BWI), Cutter Life Index (CLI), and rock porosity, among others (Yarali and Soyer 2013, Macias 2016, Özfırat, Yenice 

et al. 2016). 

Although these established models are powerful, their reliance on extensive rock testing remains a significant 

drawback. While understanding rock properties is vital for predicting TBM performance, gathering this data requires 

a significant amount of time and cost. Although essential, this testing can be reduced by using TBM operational data 

from similar projects to simplify predictions and feasibility studies. Ates, Bilgin et al. (2014) statistically analyzed 

relationships between TBM diameter, thrust, and torque, validating results with real data from Turkish tunneling 

projects. Benato and Oreste (2015) proposed a practical new formula to estimate penetration per revolution using 

UCS, GSI, and thrust force. Cardu, Catanzaro et al. (2021) developed and statistically validated a comprehensive 

database compiled from numerous tunneling projects, establishing predictive models for TBM performance by 

analyzing correlations between key TBM operational parameters (e.g., excavation diameter, thrust, torque, cutterhead 

speed) and geological conditions. Yalei, Lijie et al. (2024) studied cutter head speed and found strong links between 

FPI, rock properties, and penetration rate. These user-friendly estimation models align closely with sustainability 

principles (Cardu, Farzay et al. 2023, Esmaeili, Hosseinzadeh et al. 2024, Hosseinzadeh, Haghighi et al. 2024), as 

their early-stage application facilitates the reduction of energy consumption, costs, and project duration, thereby 

enhancing overall efficiency and sustainability in tunnel construction, planning, and prefeasibility assessments. 

Predicting Open TBM performance in hard rock is a long-standing challenge. Existing models like CSM and NTNU 

offer valuable estimates but require detailed geotechnical data, limiting their use in early project stages. To overcome 

these challenges of data-intensive methods, this study aims to develop a simplified, data-driven method using 

excavation diameter as the main input. By combining linear regression, random forest models, and Monte Carlo 

simulations (Hosseinzadeh, Abdollahi et al. 2024), the approach provides fast and reliable predictions of power, 

torque, and thrust. It serves as a practical tool for feasibility studies, TBM selection, and performance checks, 
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complementing traditional models while improving efficiency, energy use, and cutter management in tunneling 

projects. 

3.Exploratory Data Analysis (EDA) 

The open TBM database presented in this paper serves as a valuable resource for assessing machine performance 

across a variety of ground conditions and tunnel geometries. It plays a crucial role in TBM feasibility studies by 

enabling comparisons between project-specific parameters and similar data within the database. However, the 

reliability of the database depends significantly on the quality of the original data. The database includes measurements 

for excavation diameter, power, thrust, and torque from 105 TBMs manufactured since 1985, drawing from a wide 

range of studies (Ozdemir 1977, Bilgin, Balci et al. 1999, GARSHOL, MELBYE et al. 2000, OKANO, WATABE et 

al. 2000, Chang, Choi et al. 2006, CHAPUIS and YIU 2006, Keiper, Crapp et al. 2010, Pompeu-Santos 2011, Bilgin, 

Copur et al. 2012, Moon and Oh 2012, Partov, Ivanov et al. 2012, Yazdani-Chamzini and Yakhchali 2012, Zhang, Qu 

et al. 2012, Cho, Jeon et al. 2013, Zhang, Kang et al. 2013, Ates, Bilgin et al. 2014, Rostami, Farrokh et al. 2014, 

Hassanpour, Rostami et al. 2015, Qi, Zhengying et al. 2016, Wilfing 2016, Park, Lee et al. 2018, Salimi, Faradonbeh 

et al. 2018, Sun, Shi et al. 2018, Salimi, Rostami et al. 2019, Yan-long and Lei 2021) , as shown in Fig. 1.  

 

Fig. 1 Geographic distribution of countries providing data on Open TBM dataset worldwide 

The primary objective of the Exploratory Data Analysis (EDA) was to explore the dataset, uncover key trends, identify 

outliers, and examine the relationships between significant variables. Fig. 2 shows histograms that were created for 

essential parameters such as excavation diameter, power, thrust, and torque. 

The excavation diameter ranged from approximately 3 meters to 14 meters, with the majority concentrated between 4 

and 6 meters, reflecting typical operational practices. Power requirements showed considerable variability, with most 

energy demand below 2000 kW. While extreme power requirements were rare, they could be substantial when they 

occurred. Thrust values varied widely, with most measurements falling below 15,000 kN, though a few outliers 

exceeded 20,000 kN. Similarly, torque values were generally below 10,000 kN·m, with some extreme cases reaching 
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up to 17,500 kN·m. The presence of outliers in both thrust and torque highlights specific operational or geological 

challenges. These histogram insights will inform sensitivity analyses and model development, helping the models 

focus on significant trends while addressing data anomalies and variability effectively. 

a b 

 
c 

 
d 

Fig. 2 Histograms of a) Excavation diameter b) Power c) Thrust d) Torque 

Fig. 3 presents scatter plots illustrating the relationships between excavation diameter and the dependent variables—

power, thrust, and torque. The visual representations revealed distinct patterns. Power exhibited a clear positive linear 

relationship with excavation diameter, suggesting that power increases proportionally as the excavation diameter 

expands. This linear trend highlights the predictability of power relative to tunnel diameter. In contrast, thrust exhibited 

a nonlinear positive relationship, with greater variability observed at larger diameters. This suggests that while thrust 

generally increases with tunnel diameter, other influencing factors contribute to its fluctuations. Finally, torque showed 

a strong positive correlation with excavation diameter, highlighting its direct dependence on the tunnel size and the 

mechanical effort required for excavation. 
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a)  b)  

c)  

Fig. 3 Scatter plots of the connections between excavation diameter and the dependent variables: a) power, b) thrust, and c) 

torque 

The correlation matrix depicted in Fig. 4 revealed a strong positive correlation (R = 0.93) between excavation diameter 

and torque, highlighting the pivotal role of tunnel size in determining torque. Similarly, a strong positive correlation 

(R = 0.82) was found between diameter and power, further reinforcing the proportional relationship observed in the 

scatter plot. Thrust exhibited a moderate positive correlation (R = 0.79) with diameter, consistent with the nonlinear 

variability observed in the scatter plot.  

 

Fig. 4 Correlation matrix between Tunnel Diameter, Torque, Power, and Thrust  
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Additionally, the statistical analysis results demonstrate that linear regression effectively captures the relationships 

between diameter and the dependent variables, though the accuracy varies. Power showed a moderate fit with an R² 

of 0.6120, indicating that 61.2% of the variance in power can be attributed to excavation diameter. The Root Mean 

Squared Error (RMSE) of 632.19 kW and the Mean Absolute Error (MAE) of 449.75 kW suggest reasonable predictive 

accuracy, though there is room for refinement. Thrust displayed a strong fit, with an R² of 0.8491, meaning that 84.91% 

of the variance is explained by diameter. This robust relationship is further supported by relatively low error metrics 

(RMSE = 1348.84 kN and MAE = 1220.76 kN), indicating reliable and accurate predictive performance. In contrast, 

the correlation between torque and diameter was weaker, with an R² value of 0.4592, meaning diameter alone explains 

only 45.92% of the variance in torque. The higher RMSE of 1394.77 kN·m and MAE of 1072.52 kN·m suggest that 

additional explanatory variables or alternative modeling techniques, such as non-linear regression, may be needed to 

more effectively capture the variability in torque.  

4.Monte Carlo Simulation 

Monte Carlo Simulation (MCS) is a computational technique used to model and analyze systems with inherent 

uncertainty. Developed in the 1940s by scientists such as Stanislaw Ulam and John von Neumann during the 

Manhattan Project, MCS utilizes random sampling and statistical modeling. It draws its name from the Monte Carlo 

Casino due to its reliance on probability and chance, much like gambling (Lam and von Neumann 1940, Farzay, 

Khatibi et al. 2022, Farzay, Shakhouri et al. 2022). 

This study aimed to investigate the relationships between diameter (input) and the outputs of power, thrust, and torque 

in TBM operations. The Diameter, treated as an independent variable, was modeled using a normal distribution based 

on its observed mean and standard deviation.  Regression equations developed during the statistical modeling phase 

were employed to establish links between excavation diameter and the dependent variables, forming the basis for 

subsequent simulation. To account for variability, 10,000 random diameter samples were generated from the specified 

normal distribution. This extensive sampling comprehensively represented a typical and extreme excavation diameter, 

effectively capturing the real-world variability encountered in TBM operations. A large sample size, such as 10,000, 

was crucial for accurately encompassing the range of potential outcomes and identifying rare but significant events. 

Using these random diameter samples, the system was simulated by applying the regression equations for power, 

thrust, and torque to predict their respective outputs. The simulation process was repeated for all 10,000 samples, 

encompassing the full range of possible outcomes and providing valuable insights into the variability and distribution 

of these metrics. To maintain operational relevance, negative or unrealistic results were filtered out during the 

simulations. Fig. 5  depict the probabilistic distributions of performance parameters of open TBM in gathered data 

base. 
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a)  b)  

c)  

Fig. 5 The probabilistic distributions of a) power, b) thrust, and c) torque 

The power simulation results (Fig. 5.a) show an average of 1666.30 kW, with a standard deviation of 891.97 kW and 

values ranging from 396.00 kW to 4958.44 kW. The histogram displays a right-skewed distribution, where most power 

values are concentrated below 3000 kW, reflecting moderate energy requirements during typical operations. A distinct 

peak at the lower end corresponds to scenarios with smaller tunnel diameters, while the higher power demands 

approaching 5000 kW are associated with extreme conditions involving larger diameters. 

For thrust values (Fig. 5.b), the results show a mean of 10,297.71 kN, with a standard deviation of 4,082.22 kN, and 

range from 2,550.00 kN to 24,606.68 kN. The histogram exhibits an approximately normal distribution, with most 

values clustering around the mean of 10,000 kN, indicative of standard normal forces. Occasionally, extreme values 

exceeding 20,000 kN are observed, typically in scenarios involving larger diameters or complex geological conditions 

that require significant excavation force. 

The torque results (Fig. 5.c) present an average of 3263.72 kN·m, with a standard deviation of 2644.02 kN·m, with 

values spanning from 260.00 kN·m to 13,764.15 kN·m. The histogram shows a highly skewed distribution, with a 

prominent peak near the minimum value, suggesting that most situations require only moderate torque levels. Rare 

instances of exceptionally high torque exceeding 13,000 kN·m indicate critical operational challenges linked to larger 

diameters or demanding excavation conditions. 
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5.Sensitivity Analysis 

This analysis examines the impact of diameter variations on power, thrust, and torque. Specifically, the sensitivity of 

these metrics to changes in diameter was assessed by systematically adjusting the baseline diameter by ±1%, ±5%, 

and ±10%.  A new Monte Carlo simulation was run for each adjustment to predict output metrics based on the modified 

diameter values. The simulation results were then compared to a baseline scenario with no diameter changes.  Fig.6 

illustrates the percentage variations in power, thrust, and torque, quantifying their sensitivity to changes in excavation 

diameter. 

Power as illustrated in Fig.7 , shows a consistent and proportional relationship with diameter changes, where an 

increase in diameter significantly raises power requirements. For instance, a 10% increase in diameter results in a 

12.06% rise in power, while a 10% decrease leads to a reduction of 17.66%. Fig. 8 displays notable sensitivity to 

diameter variations for thrust, with the random forest model capturing the complex, non-linear relationship between 

the variables. Random Forests split tunnel diameters into groups and predict each group’s average thrust, so –1 % 

change can jump you into a group with a higher average and cause an artificial bump. Even with these little jumps, 

Random Forests still outperform, assuming a normal distribution because they learn the true non-linear, skewed 

relationships in  data rather than forcing all thrust values into a smooth bell curve. A 10% decrease in diameter yields 

a substantial 26.04% reduction in thrust, while a 10% increase causes a significant decrease of 17.41%. Fig. 9 shows 

torque is the most sensitive metric to diameter changes, with pronounced fluctuations. A 10% increase in diameter 

results in a 13.80% rise in torque, whereas a 10% reduction causes a significant drop of 35.53%.  

 

Fig.6 correlation matrix of sensitivity analysis 
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Fig.7 Sensitivity of power to diameter variation 

 

 
Fig. 8 Sensitivity of thrust to diameter variation (random forest)  

 

 

Fig. 9 Sensitivity of torque to diameter variation 

6.Results and Discussion 

This study highlights the critical role of excavation diameter in determining power, thrust, and torque in Open TBM 

operations.  EDA confirmed a strong linear relationship between diameter and power, while torque and thrust exhibited 

moderate correlations. Correlation analysis further reinforced these findings, showing a strong positive correlation 
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between diameter and torque (R = 0.93) and diameter and power (R = 0.82), while thrust (R = 0.79) displayed more 

variability, indicating the influence of additional factors. 

Statistical modeling demonstrated that linear regression effectively predicted power (R² = 0.6120) and torque (R² = 

0.4592), whereas thrust required a non-linear approach, with a random forest model achieving an R² of 0.8491, better 

capturing its variability. 

Monte Carlo simulations (10,000 diameter samples) helped define the operational range of these metrics: 

 Power: 1666.30 kW (σ = 891.97 kW), range 396.00 – 4958.44 kW. 

 Thrust: 10,297.71 kN (σ = 4,082.22 kN), range 2,550.00 – 24,606.68 kN. 

 Torque: 3263.72 kN·m (σ = 2644.02 kN·m), range 260.00 – 13,764.15 kN·m. 

Extreme values in thrust and torque indicated operational challenges linked to larger diameters or complex 

ground conditions. 

Sensitivity analysis provided further insights: 

 10% diameter increase→ Power +12.06%, Torque +13.80%, Thrust -17.41%. 

 10% diameter decrease→ Power -17.66%, Torque -35.53%, Thrust -26.04%. 

 Torque is the most sensitive to diameter changes, while power maintains a proportional response. 

These findings have practical applications across different phases of TBM projects. The model can be used in 

feasibility studies to validate performance predictions and in final assessments to cross-check forecasts made using 

CSM and NTNU models. Additionally, in cases requiring auxiliary or emergency tunnels, where historical 

performance data is available, this model provides a fast and reliable method for assessing the impact of diameter 

adjustments. 

Some limitations should be acknowledged regarding the findings of this study. Firstly, the dataset utilized in this study 

includes some older data, which might not fully reflect recent advancements in TBM technology; updating and 

reevaluating these data could enhance model precision. Secondly, the advancement rates used are averaged from 

multiple measurements rather than constant values, introducing variability that may affect predictive accuracy. 

Additionally, the sensitivity analysis for thrust may require careful interpretation, as it does not explicitly specify the 

percentage of total possible thrust applied to the TBM cutterhead, potentially influencing the reliability of sensitivity 

results. Lastly, since the dataset was compiled from multiple publications as cited in the EDA analysis, the overall 

reliability of data is assumed to be valid based on original sources but cannot be independently verified within this 

study. 

7.Conclusion 

This study developed a simple, data-driven approach to predict Open TBM performance in hard rock, mainly using 

excavation diameter. Combining linear regression, random forest models, and Monte Carlo simulations showed that 

diameter strongly affects power, thrust, and torque. Torque was most sensitive to diameter changes, highlighting its 

importance for TBM design and operations. 
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The approach is practical and can help engineers quickly validate performance predictions, select suitable TBMs, and 

optimize efficiency. However, the study had some limitations, including data not being recent, which could affect 

accuracy. Future studies should update the database with recent measurements and provide more detailed analysis of 

thrust usage to improve model reliability. 

8.Declaration 

The authors declare that ethics approval and consent to participate are not applicable. All authors have provided 

consent for the publication of this manuscript. The authors declare no competing interests. This research was not 

funded. Oveis Farzay designed the study and performed the statistical analysis. Seyedkhashayar Jamali collected the 

data and conducted the literature review. Marilena Cardu designed the study and reviewed the results. The datasets 

used and/or analyzed during the current study are available from the articles cited within the manuscript. 

9.References  

Ates, U., N. Bilgin and H. Copur· (2014)· Estimating torque, thrust and other design parameters of different type 

TBMs with some criticism to TBMs used in Turkish tunneling projects·Tunnelling and Underground Space 

Technology·40:46-63.  

Barton, N.· (1999)· TBM performance estimation in rock using QTBM·T & T international·31:30-34.  

Benato, A. and P. Oreste· (2015)· Prediction of penetration per revolution in TBM tunneling as a function of intact 

rock and rock mass characteristics·International journal of rock mechanics and mining sciences·74:119-127.  

Bieniawski, Z.· (1973)· Engineering classification of jointed rock masses·Civil Engineering= Siviele 

Ingenieurswese·1973:335-343.  

Bilgin, N., C. Balci, O. Acaroglu, H. Tunçdemir, S. Eskikaya, M. Akgul and M. Algan (Year) The performance 

prediction of a TBM in Tuzla–Dragos sewerage tunnel. World Tunnel Congress,  

Bilgin, N., H. Copur and C. Balci· (2012)· Effect of replacing disc cutters with chisel tools on performance of a TBM 

in difficult ground conditions·Tunnelling and Underground Space Technology·27:41-51.  

Bruland, A.· (1998)· Hard rock tunnel boring [Ph. D. Thesis]·Norwegian University of Science and Technology, 

Trondheim, Norway· 

Cardu, M., E. Catanzaro, A. Farinetti, D. Martinelli and C. Todaro· (2021)· Performance analysis of tunnel boring 

machines for rock excavation·Applied Sciences·11:2794.  

Cardu, M., O. Farzay, A. Shakouri, S. Jamali and S. Jamali· (2023)· Feasibility Assessment of Acid Gas Injection in 

an Iranian Offshore Aquifer·Applied Sciences·13:10776.  

Cardu, M., C. Todaro, O. Farzay, A. Di Giovanni and S. Saltarin (Year) Performance analysis of TBM excavation 

parameters related to small-diameter horizontal and inclined tunnels. Tunnelling for a Better Life - Proceedings of the 

ITA-AITES World Tunnel Congress, WTC 2024,  

Chang, S.-H., S.-W. Choi, G.-J. Bae and S. Jeon· (2006)· Performance prediction of TBM disc cutting on granitic rock 

by the linear cutting test·Tunnelling and Underground Space Technology·21:271.  

CHAPUIS, A. and D. YIU· (2006)· De Tuen Mun à Tsz Wan Shan: les tribulations d'un tunnelier français au service 

de China Light & Power Hong Kong: Réseaux-Galeries Multiréseaux·Travaux (Paris)·37-41.  

Cheema, S.· (1999)· Development of a rock mass boreability index for the performance of tunnel boring 

machines·1990-1999-Mines Theses & Dissertations· 

Cho, J.-W., S. Jeon, H.-Y. Jeong and S.-H. Chang· (2013)· Evaluation of cutting efficiency during TBM disc cutter 

excavation within a Korean granitic rock using linear-cutting-machine testing and photogrammetric 

measurement·Tunnelling and Underground Space Technology·35:37-54.  

Deere, D. and R. Miller· (1966)· Engineering classification and index properties for intact rock· 

Delisio, A. and J. Zhao· (2014)· A new model for TBM performance prediction in blocky rock conditions·Tunnelling 

and Underground Space Technology·43:440-452.  

Esmaeili, B., S. Hosseinzadeh, A. Kadkhodaie, D. A. Wood and S. Akbarzadeh· (2024)· Simulating reservoir capillary 

pressure curves using image processing and classification machine learning algorithms applied to petrographic thin 

12            



Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

13 

 

sections·Journal of African Earth Sciences·209:105098. 

https://doi.org/https://doi.org/10.1016/j.jafrearsci.2023.105098 

Farmer, I. and N. Glossop· (1980)· Mechanics of disc cutter penetration·Tunnels Tunnelling;(United Kingdom)·12: 

Farrokh, E., J. Rostami and C. Laughton· (2012)· Study of various models for estimation of penetration rate of hard 

rock TBMs·Tunnelling and Underground Space Technology·30:110-123.  

Farzay, O., S. Khatibi, A. Aghajanpour, A. Shakhouri and A. M. Al-Ajmi· (2022)· A numerical method for potential 

implementation of underbalanced drilling in high pore pressure reservoirs·International Journal of Oil, Gas and Coal 

Technology·30:283-299. https://doi.org/10.1504/ijogct.2022.123207 

Farzay, O., A. Shakhouri, R. Gholami and A. M. Al-Ajmi· (2022)· Optimum directional well path design considering 

collapse and fracture pressures·International Journal of Oil, Gas and Coal Technology·30:388-414. 

https://doi.org/10.1504/ijogct.2022.124414 

GARSHOL, K. F., T. A. MELBYE and O. WOLDMO (Year) Ground Water Control and Rock Support in TBM-

Tunnelling in Hong Kong. IABSE Congress Report, International Association for Bridge and Structural Engineering. 

Graham, P.· (1976)· Rock exploration for machine manufacturers· 

Grima, M. A. and R. Babuška· (1999)· Fuzzy model for the prediction of unconfined compressive strength of rock 

samples·International journal of rock mechanics and mining sciences·36:339-349.  

Grima, M. A., P. Bruines and P. Verhoef· (2000)· Modeling tunnel boring machine performance by neuro-fuzzy 

methods·Tunnelling and Underground Space Technology·15:259-269.  

Hamidi, J. K., K. Shahriar, B. Rezai and J. Rostami· (2010)· Performance prediction of hard rock TBM using Rock 

Mass Rating (RMR) system·Tunnelling and Underground Space Technology·25:333-345.  

Hamzaban, M.-T., J. Rostami, S. Farrokhzadeh, M. Faridazad and F. Rasouli· (2025)· A Critique on the Correlations 

Between Rock Abrasiveness, Hardness, and Mechanical Characteristics: Implication of LCPC Abrasiveness and 

Breakability Coefficients·Rock Mechanics and Rock Engineering·58:2487-2529. https://doi.org/10.1007/s00603-

024-04184-y 

Hassanpour, J., J. Rostami, M. Khamehchiyan and A. Bruland· (2009)· Developing new equations for TBM 

performance prediction in carbonate-argillaceous rocks: a case history of Nowsood water conveyance 

tunnel·Geomechanics and Geoengineering: An International Journal·4:287-297.  

Hassanpour, J., J. Rostami, M. Khamehchiyan, A. Bruland and H. Tavakoli· (2010)· TBM performance analysis in 

pyroclastic rocks: a case history of Karaj water conveyance tunnel·Rock Mechanics and Rock Engineering·43:427-

445.  

Hassanpour, J., J. Rostami and J. Zhao· (2011)· A new hard rock TBM performance prediction model for project 

planning·Tunnelling and Underground Space Technology·26:595-603.  

Hassanpour, J., J. Rostami, J. Zhao and S. T. Azali· (2015)· TBM performance and disc cutter wear prediction based 

on ten years experience of TBM tunnelling in Iran·Geomechanics and Tunnelling·8:239-247.  

Hosseinzadeh, S., R. Abdollahi, S. Salimzadeh and M. Haghighi· (2024)· Three-Dimensional Coupled Temporal 

Geomechanical Model for Fault-Reactivation and Surface-Deformation Evaluation during Reservoir Depletion and 

CO2 Sequestration, Securing Long-Term Reservoir Sustainability·Sustainability·16:8482.  

Hosseinzadeh, S., M. Haghighi, A. Salmachi and A. Shokrollahi· (2024)· Carbon dioxide storage within coal 

reservoirs: A comprehensive review·Geoenergy Science and Engineering·241:213198. 

https://doi.org/https://doi.org/10.1016/j.geoen.2024.213198 

Howart, D. F.· (1994)· Database of TBM projects undertaken between 1950 and 1990 and an assessment of associated 

ground-strength limitations·Tunnelling and Underground Space Technology·9:209-213. 

https://doi.org/https://doi.org/10.1016/0886-7798(94)90032-9 

Hughes, H.· (1986)· The relative cuttability of coal-measures stone·Mining Science and Technology·3:95-109.  

Kahraman, S., N. Bilgin and C. Feridunoglu· (2003)· Dominant rock properties affecting the penetration rate of 

percussive drills·International journal of rock mechanics and mining sciences·40:711-723.  

Keiper, K., R. Crapp and F. Amberg· (2010)· Assessment of the interaction of TBM and rock mass in rock tunnelling 

based on geomechanical calculations·Geomechanics and Tunnelling·3:534-546.  

Khatibi, S., A. Aghajanpour, M. Ostadhassan and O. Farzay· (2018)· Evaluating Single-Parameter parabolic failure 

criterion in wellbore stability analysis·Journal of Natural Gas Science and Engineering·50:166-180. 

https://doi.org/https://doi.org/10.1016/j.jngse.2017.12.005 

Khatibi, S., O. Farzay and A. Aghajanpour (Year) A Method to Find Optimum Mud Weight in Zones With No Safe 

Mud Weight Windows. 52nd U.S. Rock Mechanics/Geomechanics Symposium,  

Khatibi, S., M. Ostadhassan, O. Farzay and A. Aghajanpour (Year) Seismic Driven Geomechanical Studies: A Case 

Study in an Offshore Gas Field. 53rd U.S. Rock Mechanics/Geomechanics Symposium,  

13            

https://doi.org/https:/doi.org/10.1016/j.jafrearsci.2023.105098
https://doi.org/10.1504/ijogct.2022.123207
https://doi.org/10.1504/ijogct.2022.124414
https://doi.org/10.1007/s00603-024-04184-y
https://doi.org/10.1007/s00603-024-04184-y
https://doi.org/https:/doi.org/10.1016/j.geoen.2024.213198
https://doi.org/https:/doi.org/10.1016/0886-7798(94)90032-9
https://doi.org/https:/doi.org/10.1016/j.jngse.2017.12.005


Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

14 

 

Lam, S. and J. von Neumann· (1940)· Monte Carlo Simulation: A Computational Technique for Modeling 

Uncertainty· 

Laughton, C. (1998) Evaluation and prediction of tunnel boring machine performance in variable rock masses. The 

University of Texas at Austin,  

Macias, F. J.· (2016)· Hard rock tunnel boring: performance predictions and cutter life assessments· 

Moon, T. and J. Oh· (2012)· A study of optimal rock-cutting conditions for hard rock TBM using the discrete element 

method·Rock Mechanics and Rock Engineering·45:837-849.  

Nelson, P. (1983) Tunnel boring machine performance in sedimentary rock. Cornell University,  

OKANO, N., Y. WATABE, H. KOKUBO and K. TAKAGI (Year) Railway Tunnels Excavated by TBM and Deep 

Bore Blasting Method in Japan. IABSE Congress Report, International Association for Bridge and Structural 

Engineering. 

Özçoban, V., M. K. Özfırat and M. E. Yetkin· (2022)· A novel equation for calculating uniaxial compressive strength 

values using the point load test·Arabian Journal of Geosciences·15:1645.  

Ozdemir, L.· (1977)· Development of theoretical equations for predicting tunnel boreability·1970-1979-Mines Theses 

& Dissertations· 

Özfırat, M. K., H. Yenice, F. Şimşir and O. Yaralı· (2016)· A new approach to rock brittleness and its usability at 

prediction of drillability·Journal of African Earth Sciences·119:94-101.  

Park, B., C. Lee, S. Choi, T. Kang and S. Chang (Year) Statistical analysis of TBM database to estimate technical 

specifications of TBMs. Proceedings of the 2018 World Congress on Advances in Civil, Environmental, & Materials 

Research (ACEM18), Songdo Convensia, Incheon, Korea,  

Partov, D., R. Ivanov and M. Petkov· (2012)· Survey of the design of back anchors for tunnel boring machines (TBM), 

used in the excavation of metro tunnels in Sofia·Procedia Engineering·40:351-356.  

Pompeu-Santos, S. (Year) Tunnels for Large Crossings: Challenges and Innovations. 35th Annual Symposium of 

IABSE/52nd Annual Symposium of IASS/6th International Conference on Space Structures: Taller, Longer, Lighter-

Meeting growing demand with limited resources, London, United Kingdom, September 2011,  

Qi, G., W. Zhengying and M. Hao· (2016)· An experimental research on the rock cutting process of the gage cutters 

for rock tunnel boring machine (TBM)·Tunnelling and Underground Space Technology·52:182-191.  

Ramezanzadeh, A. (2005) Performance analysis and development of new models for performance prediction of hard 

rock TBMs in rock mass. Dissertation, Lyon, INSA 

Robbins· History· 

Rostami, J. (1997) Development of a force estimation model for rock fragmentation with disc cutters through 

theoretical modeling and physical measurement of crushed zone pressure. Colorado School of Mines Golden, CO, 

USA,  

Rostami, J., E. Farrokh, C. Laughton and S. S. Eslambolchi· (2014)· Advance rate simulation for hard rock 

TBMs·KSCE Journal of civil engineering·18:837-852.  

Rostami, J. and L. Ozdemir· (1993)· A new model for performance prediction of hard rock TBMs. In: Proceedings of 

the rapid excavation and tunneling conference· 

Salimi, A., R. S. Faradonbeh, M. Monjezi and C. Moormann· (2018)· TBM performance estimation using a 

classification and regression tree (CART) technique·Bulletin of Engineering Geology and the Environment·77:429-

440.  

Salimi, A., J. Rostami and C. Moormann· (2019)· Application of rock mass classification systems for performance 

estimation of rock TBMs using regression tree and artificial intelligence algorithms·Tunnelling and Underground 

Space Technology·92:103046. https://doi.org/https://doi.org/10.1016/j.tust.2019.103046 

Shakouri, A., O. Farzay, M. Masihi, M. H. Ghazanfari and A. M. Al-Ajmi· (2019)· An experimental investigation of 

dynamic elastic moduli and acoustic velocities in heterogeneous carbonate oil reservoirs·SN Applied Sciences·1:1023. 

https://doi.org/10.1007/s42452-019-1010-6 

Sun, W., M. Shi, C. Zhang, J. Zhao and X. Song· (2018)· Dynamic load prediction of tunnel boring machine (TBM) 

based on heterogeneous in-situ data·Automation in Construction·92:23-34.  

Wang, Q., H. Gao, B. Jiang, S. Li, M. He and Q. Qin· (2021)· In-situ test and bolt-grouting design evaluation method 

of underground engineering based on digital drilling·International journal of rock mechanics and mining 

sciences·138:104575.  

Wilfing, L. S. F. (2016) The Influence of Geotechnical Parameters on Penetration Prediction in TBM Tunneling in 

Hard Rock: Special focus on the parameter of rock toughness and discontinuity pattern in rock mass. Dissertation, 

Technische Universität München 

Yalei, Y., D. Lijie, T. Rong, W. Fei and Z. Huilan· (2024)· Prediction of TBM penetration rate for different surrounding 

rocks and cutter head diameters·Heliyon·10: 

14            

https://doi.org/https:/doi.org/10.1016/j.tust.2019.103046
https://doi.org/10.1007/s42452-019-1010-6


Acc
ep

te
d 

m
an

us
cr

ip
t

                                          ACCEPTED MANUSCRIPT                                      

15 

 

Yan-long, Z. and H. Lei· (2021)· TBM tunneling in extremely hard and abrasive rocks: Problems, solutions and 

assisting methods·Journal of Central South University·28:454-480.  

Yarali, O. and E. Soyer· (2013)· Assessment of relationships between drilling rate index and mechanical properties of 

rocks·Tunnelling and Underground Space Technology·33:46-53.  

Yazdani-Chamzini, A. and S. H. Yakhchali· (2012)· Tunnel Boring Machine (TBM) selection using fuzzy multicriteria 

decision making methods·Tunnelling and Underground Space Technology·30:194-204.  

Yenice, H., M. V. Özdoğan and M. K. Özfırat· (2018)· A sampling study on rock properties affecting drilling rate 

index (DRI)·Journal of African Earth Sciences·141:1-8.  

Yetkin, M. E., M. K. Özfırat, H. Yenice, F. Şimşir and B. Kahraman· (2016)· Examining the relation between rock 

mass cuttability index and rock drilling properties·Journal of African Earth Sciences·124:151-158.  

Zhang, Q., Y. Kang, Z. Zheng and L. Wang· (2013)· Inverse analysis and modeling for tunneling thrust on shield 

machine·Mathematical Problems in Engineering·2013:975703.  

Zhang, Q., C. Qu, Y. Kang, G. Huang, Z. Cai, Y. Zhao, H. Zhao and P. Su· (2012)· Identification and optimization of 

energy consumption by shield tunnel machines using a combined mechanical and regression analysis·Tunnelling and 

Underground Space Technology·28:350-354.  

 

15            


	Sensitivity and Monte Carlo Analysis of Open TBM Diameter: Impacts on Power, Thrust, and Torque

