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ABSTRACT 1 

An accurate estimation of the jacking forces likely to be experienced during microtunnelling is a key 2 

design concern for the design of pipe segments, the location of intermediate jacking stations and 3 

the efficacy of the pipe jacking project itself. This paper presents a Bayesian updating approach for 4 

the prediction of jacking forces during microtunnelling. The proposed framework is applied to two 5 

pipe jacking case histories completed in the UK including a 275 m drive in silt and silty sand and a 6 

1237 m drive in mudstone. To benchmark the Bayesian predictions, a ‘classical’ optimisation 7 

technique, namely genetic algorithms, is also implemented. The results show that predictions of 8 

pipe jacking forces using the prior best estimate of model input parameters provide a significant 9 

over-prediction of the monitored jacking forces for both drives. This highlights the difficulty in 10 

capturing the complex geotechnical conditions during tunnelling within prescriptive design 11 

approaches and the importance of robust back-analysis techniques. Bayesian updating is also 12 

shown to be a very effective option where significant improvements in the mean predictions, and 13 

associated variance, of the total jacking force are obtained as more data is acquired from the drive.   14 
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INTRODUCTION 15 

Pipe jacking is now a mature technology and is an increasingly popular alternative to open-cut 16 

construction for the provision of below-ground utility pipelines (e.g. water, gas, sewer). There is a 17 

desire within the industry to increase the drive lengths that can be safely achieved using this 18 

technology to achieve greater economy, mainly by reducing installation of intermediate shafts e.g. 19 

Royston et al. (2016, 2020a,b). An accurate estimation of the jacking forces likely to be 20 

experienced during construction is a key design concern as it controls the design of pipe 21 

segments, the location of intermediate jacking stations and the efficacy of the pipe jacking project 22 

itself (Shou & Jiang, 2010; Sheil et al. 2020b). 23 

Jacking force prediction during microtunnelling has been the subject of a large body of 24 

experimental (e.g. Norris, 1992; Marshall 1998; Milligan and Norris 1999; Choo & Ong, 2015; 25 

Pellet-Beaucour & Kastner, 2002; Zhou et al., 2009, Sheil et al. 2016, Cheng et al. 2017; Phillips et 26 

al. 2019) and numerical (e.g. Barla & Camusso, 2013; Cheng et al., 2007; Yen & Shou, 2015; Ong 27 

and Choo 2016, Ji et al. 2019a) studies over the past three decades. Many investigators have 28 

sought to distill this research into closed-form prescriptive design methods. To this end, the most 29 

common approach combines the jacking force required to overcome the face pressure at the face 30 

of the tunnel boring machine (TBM) and the interface friction between the pipe string and the 31 

surrounding soil. This typically involves a combination of theoretical soil mechanics concepts and 32 

empiricism in the form of back-analysis of large case history databases, often with complementary 33 

laboratory testing. A plethora of prediction models are now available e.g. Auld (1982), Ripley 34 

(1989), Chapman and Ichioka (1999), Pellet-Beacour and Kastner (2002), Sofianos et al. (2004), 35 

Staheli (2006), Cheng et al. (2018), Zhang et al. (2018), Ji et al. (2019b). Much of this research has 36 

informed guidance in pipe jacking standards and handbooks e.g. Pipe Jacking Association (PJA, 37 

1995), American Society of Civil Engineers (ASCE, 2001), French Society for Trenchless 38 

Technology (FSTT, 2006), Japan Microtunnelling Association (JMTA, 2000), Concrete Pipe 39 

Association of Australasia (CPAA 2013).  40 

While significant advances have been made in prediction modelling, uncertainty surrounding the 41 

assessment of geotechnical parameters and underground conditions (e.g. karst caverns, faults, 42 



4 

 

coal veins) remains the main barrier to accurate prediction of construction behaviour (Jin et al. 43 

2018; Cheng et al. 2020). The observational method (Peck,1969) is an acceptable verification 44 

method for limit states to save materials, time and costs (Spross and Johansson 2017). Back-45 

analysis of soil parameters within an observational framework has been applied widely for 46 

geotechnical applications such as slope stability (Zhang et al. 2010a, Li et al. 2016), braced 47 

excavations (Whittle et al. 1993, Hsiao et al. 2008, Juang et al. 2013) and cognate trenchless 48 

techniques such as pipe ramming (Meskele and Stuedlein 2015a). For pipe ramming applications, 49 

pipe drivability requires accurate estimates of static and dynamic soil resistance which are 50 

generally back-calculated using signal matching of stress wave measurements (e.g. Meskele and 51 

Stuedlein 2015b). In geotechnical engineering, the back-analysis process is typically cast as an 52 

optimisation problem, solved using techniques such as least squares methods (e.g. Xu and Zheng 53 

2001), evolutionary algorithms (e.g. Chan et al. 2009, Yin et al. 2018), Bayesian approaches (e.g. 54 

Zhang et al. 2009b, 2010b, Yang et al. 2011), the maximum likelihood method (e.g. Wang et al. 55 

2014) and more general artificial intelligence techniques such as support vector machines and 56 

artificial neural networks (Sheil et al. 2020a).  57 

Updating uncertain geotechnical parameters during pipe jacking can be used to inform rational 58 

strategies for optimising construction operations during tunnelling. For example, uncertainty in 59 

jacking force prediction is typically alleviated using expensive inter-jacks at pre-defined intervals 60 

along the pipe string which are often not used during the drive (Atalah et al. 1994, Sheil 2020). A 61 

more flexible approach has been shown to realise major time and cost savings (Shah et al. 1993, 62 

Greene and Harkness 1995, Sterling 2020). This study presents a Bayesian approach to update 63 

uncertain model parameters for the prediction of microtunnelling jacking forces using the latest 64 

monitoring data acquired during the drive. The proposed framework is applied to two pipe jacking 65 

case histories completed in the UK including a 275 m drive in silt and silty sand and a 1237 m drive 66 

in mudstone. Predictions determined using the Bayesian updating approach are compared to those 67 

determined using ‘classical’ optimisation techniques for benchmarking.  68 

The contributions of this paper are as follows: (a) it identifies the key (uncertain) model input 69 

parameters for the prediction of jacking forces during microtunnelling, (b) it proposes a Bayesian 70 
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approach to dynamically update these variables during the drive to improve predictions, (c) it 71 

compares Bayesian updating to classical optimisation techniques and identifies the relative merits 72 

of both approaches and (d) it presents the optimised variables for pipe jacking which can be used 73 

as prior estimates for future projects in similar ground conditions. 74 

 75 

DETERMINISTIC JACKING FORCE PREDICTION MODEL 76 

Prediction models can be broadly classified as either deterministic or probabilistic. This paper 77 

focuses on deterministic models such that the model predictions can be obtained as an explicit 78 

function of the model inputs. The total pipe jacking resistance comprises a face resistance and skin 79 

friction component as follows: 80 

𝐹T  =  𝑓0π (
Dc

2
)

2
   +  𝑓𝑠π𝐷𝑝𝐿     (1) 81 

where FT is the total jacking force, f0 is the unit face resistance, Dc is the diameter of the TBM 82 

cutterhead, fs is the unit skin friction acting along the pipe string and Dp and L are the diameter and 83 

length of the pipe string respectively. An empirical model for the prediction of f0 during 84 

microtunnelling is presented in JMTA (2000). To provide a better representation of field 85 

measurements, Shou et al. (2010) later modified that relationship as follows: 86 

𝑓0 =  10.0 × 1.32 · π · 𝐷c · 𝑁0 (2) 

where N0 is an empirical factor reported to vary from 1 for clayey soils to 2.5 and 3.0 for sandy and 87 

gravelly soil respectively. The widely adopted method proposed by Staheli (2006) is considered in 88 

this work for the calculation of fs: 89 

𝑓s =
tan δ · γ′ · 𝐷p · cos (45° +

ϕ′
2 )

2 · tan ϕ′
 (3) 

where tanδ is the interface frictional coefficient, γ′ is the effective unit weight of the soil and ϕ′ is the 90 

soil mass friction angle. For equations (1) – (3), the parameters of most interest include N0, tanδ, γ′ 91 

and ϕ′ and are therefore treated as uncertain variables to be updated sequentially during the drive 92 
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as shown in Fig. 1. In practice, the updating process can be implemented sequentially with a time 93 

delay until the new monitored datapoint becomes available. 94 

 95 

MARKOV CHAIN MONTE CARLO 96 

Overview 97 

Deviation of model predictions from reality is typical in a wide range of geotechnical applications. A 98 

practical approach to assess the model error is through calibration with observed performances in 99 

the field or in physical model tests. Updating geotechnical model parameters within a Bayesian 100 

framework has been well-documented in the literature to reduce inconsistencies between model 101 

predictions and observed performance in laboratory testing (e.g. Kelly and Huang 2015), centrifuge 102 

modelling (e.g. Zhang et al. 2009a, 2009b, Wang et al. 2012) and field monitoring (e.g. Hsiao et al. 103 

2008, Juang et al. 2013, Qi and Zhou 2017, Zheng et al. 2018). A common implementation of the 104 

Bayesian updating approach is to generate predictions using a deterministic model where 105 

uncertainties due to (a) soil properties, (b) geometry, (c) measurement error and (d) imperfections 106 

and approximations on the calculation model are lumped together in a model ‘bias factor’ applied 107 

to the deterministic prediction (e.g. Li et al. 2018). The prediction model adopted in this paper is 108 

defined as follows: 109 

𝒚 = 𝑔(𝛉) + 𝜀 (4) 

where y = [y1, y2,…, yn] is the vector of observed jacking forces at jacked distances x = [x1, x2,…,xn], 110 

n is the number of observed data points used for Bayesian updating and g(θ) denotes the 111 

calculated jacking force according to equations (1) ‒ (3), and θ is the vector of the uncertain model 112 

parameters given by: 113 

 θ = [N0, tanδ, ϕ′, γ′]      (5) 114 

The parameter ε is a model and measurement error term which is assumed statistically 115 

independent of the observation; this is a reasonable assumption given that measurement noise is 116 

typically caused by external factors such as (a) electromagnetic interference from site equipment 117 

and machinery, (b) changing of the stage for multi-stage rams, (c) vibrations from nearby 118 
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construction works and (d) temperature effects. It is assumed to follow a normal distribution with a 119 

mean μe = 0 and standard deviation σe as adopted in many practical domains (Jaynes and 120 

Bretthorst 2003). Results derived from field monitoring case studies reported by O’Dwyer et al. 121 

(2019) plotted in Fig. 2 show that this is a reasonable assumption. Consequently g(θ) is no longer 122 

a deterministic value but instead a stochastic variable. 123 

The information to be updated is a joint probability density function of multiple parameters. A key 124 

advantage of the MCMC approach is the significant flexibility in the choice of distribution for the 125 

priors. Lognormal distributions are an expedient option as they prevent unrealistic negative 126 

realisations of the non-negative geotechnical variables θ and have been widely adopted in 127 

geotechnical engineering e.g. Lumb (1966), Qi and Zhou (2017), Li et al. (2016, 2018), Zheng et al. 128 

(2018). Therefore, the uncertainty associated with the model parameters θ are quantified as a 129 

‘prior’ distribution, which is assumed to be a multivariate normal distribution with μ′θ and σ′θ as the 130 

prior mean and uncertainty of the natural logarithm of θ respectively i.e. p(θ′) = MVN(μ′θ, σ′θ) 131 

where θ′ is the natural logarithm of the uncertain model parameters. The prior probability 132 

distribution of the random variable θ′ is thus: 133 

𝑝(θ′|μ′, σ′2) =
1

√2πσ′2
𝑒

−
1
2

(
θ′−𝜇′

𝜎′
)

2

 (6) 

 134 

Updating model predictions using monitored data 135 

The prior lognormal distributions are updated to account for the evidence provided by the 136 

monitored data to produce ‘posterior’ distributions of θ. The data y influences the posterior 137 

distribution through the likelihood function p(y|θ,x). This function describes the probability of 138 

predicting the observed data using the existing model for particular values of the parameter vector 139 

θ: 140 

𝑝(𝒚|𝛉, 𝒙) = ∏ 𝑝(𝑦i|𝛉, 𝒙)

i

 (7) 

The posterior distribution of the model parameters, 𝑝(𝛉|𝒙, 𝒚), is obtained using Bayes’ theorem as 141 

follows: 142 
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𝑝(𝜽|𝒙, 𝒚) =
𝑝(𝒚|𝛉, 𝒙) 𝑝(𝛉|𝒙)

𝑝(𝒚|𝒙)
 (8) 

𝑝(𝒚|𝒙) in equation (8) normalises the joint posterior distribution to ensure that it integrates to one 143 

and is obtained by marginalising out θ, as follows: 144 

𝑝(𝒚|𝒙) = ∫ 𝑝(𝒚|𝛉, 𝒙)𝑝(𝛉|𝒙)𝑑θ (9) 

 145 

Markov Chain Monte Carlo 146 

Analytical computation of equation (8) is often intractable. Instead, a robust sampling procedure 147 

known as Markov Chain Monte Carlo (MCMC) is adopted. While Metropolis-Hastings is a popular 148 

MCMC sampling procedure in geotechnical engineering (e.g. Qi and Zhou 2017, Li et al. 2017), 149 

Hamiltonian Monte Carlo (HMC) represents a more efficient alternative (Betancourt 2017). HMC 150 

sampling involves two steps: a proposal and a correction. The proposal is a stochastic perturbation 151 

of the initial parameter state, θ, while the correction rejects any proposal that strays too far away 152 

from the typical set of the target distribution. Proposals are generated using Hamiltonian dynamics 153 

by sampling from the target posterior distribution. This involves transforming the posterior density 154 

function to a Hamiltonian potential energy function and introducing a momentum variable hj for 155 

each uncertain parameter θi. This energy function is known as the canonical distribution and 156 

defines a joint distribution of θ and h, p(θ,h|y). Given the independence of these parameters, the 157 

joint distribution can be determined as the product of the posterior density, p(θ|y), and the 158 

momentum density, p(h): 159 

𝑝(𝛉, 𝒉|𝒚) = 𝑝(𝒉)𝑝(𝛉|𝒚) (10) 

As there is no analytical solution for Hamilton’s equations, Hamiltonian dynamics are solved using 160 

discretization integrations, typically using the ‘leapfrog’ method. The leapfrog approach is a time-161 

reversible and volume-preserving numerical integrator used to propose a move to a new point in 162 

the state space. This process is desirable as it reduces the correlation between successive 163 

sampled states by proposing moves to distant states which maintain a high probability of 164 

acceptance. The HMC process can be defined as follows: 165 
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I. A candidate h is drawn from its posterior distribution, h ∼ N(0, Σ), where Σ is the covariance 166 

matrix of p(h). 167 

II. The ‘leapfrog’ process is used to update θ and h involving L steps of size e as follows: 168 

(a) A half-step with momentum h is made using the gradient of the log-posterior density p(θ|y):  169 

ℎ ← ℎ + 0.5𝑒
𝑑log𝑝(𝛉|𝒚)

𝑑𝛉
  (11) 

(b) The parameter vector θ is updated using h: θ ← θ +eΣ-1h.  170 

(c) Another half-step is made using equation (11). 171 

III. For step k, the proposal is accepted with probability α: 172 

α = min (
𝑝(𝛉(𝑘−1)|𝒚)𝑝(𝒉(𝑘−1))

𝑝(𝛉(𝑘)|𝒚)𝑝(𝒉(𝑘))
, 1)  (12) 

If the proposal is rejected, then θ(k)
 = θ(k-1). 173 

IV. Steps I through III are repeated for niter iterations in a ‘chain’ until convergence is achieved. In 174 

this paper, three of these chains are adopted with niter = 5000; to enter a region of high 175 

probability, a ‘burn-in’ of 3000 samples is used. These parameters were found to provide an 176 

optimal balance between accuracy and computational time through trial and error. 177 

One drawback of this technique is the need to manually tune the parameters e and L in the 178 

leapfrog method. This study adopts a variant of HMC, namely ‘no-U-Turn sampling’ (NUTS), which 179 

tunes these parameters automatically. NUTS determines the number of steps using a 180 

sophisticated tree building algorithm. The premise of NUTS is that it makes larger ‘jumps’ from the 181 

initial starting point into unexplored regions of the posterior distribution which achieves very 182 

efficient convergence. The NUTS implementation adapts the integration step size according to its 183 

value with respect to the acceptance ratio in equation (12) and therefore does not adopt a fixed 184 

trajectory length; it instead determines the trajectory randomly in directions opposite to the starting 185 

point. In the first NUTS trajectory, a single leapfrog is taken from the current state such that the 186 

trajectory has a total of two steps. The process proceeds by doubling the number of steps (to a 187 

total of four, then eight and so on) until the trajectory turns back on itself and a ‘U-turn’ occurs, as 188 

shown in Fig. 3. Each ‘doubling’ involves choosing a direction, forward or backward (in time), 189 
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uniformly at random and then simulating Hamiltonian dynamics for 2j leapfrogs in that direction 190 

where j is the current leapfrog number. The total number of doublings corresponds to the ‘tree 191 

depth’. This framework was developed using the PyMC3 programming library in Python 3.6. 192 

 193 

CLASSICAL OPTIMISATION: GENETIC ALGORITHMS 194 

For the purpose of benchmarking, the same uncertain parameters θ are updated using classical 195 

optimisation procedues. Genetic algorithms (GAs) are adopted here as they represent one of the 196 

most popular optimisation techniques in geotechnical engineering e.g. Xue and Gavin (2007), Sun 197 

et al. (2008), Chan et al. (2009), Juang and Wang (2013), Yin et al. (2017). The GA approach was 198 

first proposed by Holland (1992) and was motivated by evolution and the processes of natural 199 

selection. The optimisation process of the GA used in this study is described by Fig. 4. Each 200 

iteration operates on a group of candidate solutions of the parameters to be updated, referred to 201 

collectively as a ‘population’. A population size nsol of 20 was adopted for the GA in this work. The 202 

process begins by initiating a population representing different nodes in the search space. In this 203 

paper, the initial population is generated by sampling randomly from a 99% confidence interval (CI) 204 

of the prior distributions of θ to generate a broad search space for optimisation. In each iteration, 205 

the fitness of each individual in the current population is evaluated using a fitness function, which in 206 

this paper is taken to be the coefficient of determination (R2) between the predicted and measured 207 

jacking forces up until the current jacked distance. A new population is then produced by applying 208 

genetic operations on the current solutions based on their fitness values. To improve convergence, 209 

linear scaling of the fitness values is undertaken as described in Goldberg (1989). This process is 210 

repeated until a maximum number of iterations or ‘generation’ ngen has been achieved (50 was 211 

found to be optimal for this problem). 212 

The genetic operators achieve efficient optimization by using a probabalistic focus on solutions 213 

with high fitness, whilst retaining scope to explore the wider search space. An illustration of the 214 

common operators used in this study are shown in Fig. 5. The initial ‘selection’ phase involves 215 

determining the individuals in the current population to produce the population for the next 216 

generation. To preserve individuals with good fitness values, the likelihood of a candidate solution 217 
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being selected to proceed is assigned proportionatly based on its scaled fitness value within the 218 

population. The subsequent ‘crossover’ phase involves randomly swapping portions of the 219 

individual solutions with probability pcross. This operator seeks to identify an optimal variant of the 220 

individual. The final ‘mutation’ phase involves occasional random alteration of a particular value 221 

within the solution with probability pmut. This allows the GA to retain some freedom to explore the 222 

wider search space. The GA used here was developed using Python programming, implementing 223 

each of these genetic operations in turn. The selected GA performance parameters presented in 224 

Table 1 were found to be optimal for this study and were informed by Goldberg (1989).  225 

 226 

CASE HISTORY DETAILS 227 

Case history A: Blackpool, UK 228 

The first case history used to assess the proposed parameter updating framework is a 295 m long 229 

drive undertaken in Blackpool, UK (see Fig. 6). Figure 7 shows the ground conditions determined 230 

from two boreholes (BH1 and BH2) located on the drive route; profiles of Standard Penetration 231 

Test (N) value have also been superimposed on the figure. The ground conditions comprised a 0.4 232 

m layer of made ground at the ground surface followed by gravelly sand (2.6 m - 4.4 m), peat (1.0 233 

m - 1.7 m), silt (1.2 m - 2.5 m) and silty sand/sand (>5.0 m). The groundwater table was found to 234 

be 6.4 m above ordnance datum (OD) close to BH2. The launch invert for the drive was 7.59 m 235 

below ground level (GL) and the overburden depth from the tunnel crown varied between 6.2 m 236 

and 7.8 m. Tunnelling therefore predominantly occurred through the alternating layers of silt and 237 

silty sand. A 1.515 m diameter slurry-supported shield machine was used for the tunnelling 238 

whereas the diameter of the trailing concrete pipe string was 1.49 m. The resulting 25 mm ‘overcut’ 239 

annulus was filled with a bentonite-based lubricant during tunneling to maintain tunnel bore stability 240 

and minimize friction between the soil and the pipe string. Each pipe had a weight of 35.9 kN and a 241 

length of 2.5 m. The buoyant uplift force acting on the pipe was calculated as 17.4 kN/m. The 242 

output data from the TBM was recorded at 0.2 m intervals of jacked distance. The development of 243 

total jacking force with jacked distance monitored for the drive is presented in Fig. 8. Additional 244 

information on the project is presented in O’ Dwyer et al. (2018, 2019). 245 
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 246 

Case history B: Keswick, UK 247 

The second case history considered is a 1237 m drive near Keswick, Cumbria, UK (see Fig. 9(a)). 248 

The launch invert depth was 158 m above ordnance datum (AOD) and the overburden depth from 249 

the tunnel crown varied between approximately 5.6 m and 57.8 m. Pipe-jacking was conducted in 250 

the downstream direction of the pipeline (from E-SE to W-NW) at a positive grade of ~1%. The 251 

tunneling was undertaken using a slurry shield machine with a 2.83 m diameter cutterhead and the 252 

trailing pipe string had a diameter 2.756 m thereby creating a 37 mm ‘overcut’. The lubrication 253 

used was a mix of bentonite, polymer and water. Each pipe had a length of 3 m and a weight of 254 

139.5 kN. The buoyant uplift force was calculated as 178.9 kN. Figure 9(b) summarises the ground 255 

conditions as determined from six boreholes located along the length of the drive. The drive 256 

predominantly passed through extremely weak to medium strong mudstone of low abrasivity and 257 

permeability with an average unconfined compressive strength of 5.25 MPa (coefficient of variation 258 

= 0.65). The groundwater table was located at 164.6 mAOD. The output data from the TBM was 259 

recorded at intervals of jacked distance varying between 0.01 m and 0.3 m for this drive; the data 260 

has therefore been resampled at 0.2 m for consistency with case history A. The development of 261 

total jacking force with jacked distance monitored for the drive is shown in Fig. 10. Additional 262 

details on the project are available in Phillips et al. (2019). 263 

 264 

PARAMETER UPDATING RESULTS 265 

Case history A 266 

The prior best estimates of the mean and coefficient of variation (COV) of the uncertain model 267 

parameters θ (see equation (6)) and ε for case history A are presented in Table 2. Results from the 268 

parameter updating process using the MCMC approach are compared with those determined using 269 

the GA optimisation approach in Fig. 11; by way of example, shaded regions are used to denote 270 

the 90% CI for the MCMC updated parameters. From Fig. 11(a), there is a gradual increase in the 271 

mean of N0 predicted using the MCMC approach from the prior of 2.5 to approximately 5 towards 272 
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the end of the drive. In contrast, predictions of N0 using the GA approach show significant 273 

fluctuations. This is because the optimisation problem is underdetermined and there are therefore 274 

multiple combinations of θ that can achieve an optimal solution. While the GA predicts a similar 275 

trend to MCMC initially, the two sets of predictions diverge after a jacked distance of ~10 m. This is 276 

because of the boundaries on the GA search space, defined as the 99% CI in this study. The GA 277 

has no means of ‘escaping’ the pre-defined search space for each parameter as new 278 

chromosomes, generated for the initial population or for mutation procedures, are drawn from the 279 

original search space. Heuristically modifying the boundaries of θ to encompass all feasible values 280 

caused a significant increase in fluctuations leading to unrealistic parameter values. This contrasts 281 

with the MCMC approach which is free to ‘ignore’ the prior distribution of θ in the presence of 282 

strong evidence which is a key advantage.  283 

From Fig. 11(b), GA and MCMC predictions of tanδ are in very good agreement and indicate the 284 

prior distribution for tanδ provides a significant over-prediction reflecting the effectiveness of 285 

modern pipe jacking lubrication systems. It should be noted that present predictions represent 286 

‘operational’ values of tanδ which account for lubrication-induced reductions in both the interface 287 

friction coefficient and normal effective stress exerted by the soil on the pipe. There is a slight 288 

divergence between the GA and MCMC predictions at ~200 m. This is because the GA was shown 289 

to under-predict N0 relative to the MCMC approach in Fig. 11(a) due to the boundary on the search 290 

space. Note that MCMC predictions of the 90% CI are significant since the model does not account 291 

for the influence of stoppages on the skin friction. However, there is a gradual reduction in the 90% 292 

CI as more data is acquired, particularly after ~165 m. This is because the MCMC updated model 293 

predicts tanδ = 0 at this point and therefore zero skin friction. This is not unreasonable given the 294 

effectiveness of modern microtunnelling lubrication systems. For example, it is common for 295 

bentonite lubrication to form a highly effective filter cake at the soil boundary. This, in turn, allows 296 

the full hydraulic pressure of the bentonite to be exerted on the soil boundary thereby stabilising 297 

the tunnel bore created by the overcut of the tunnel boring machine. Even in the situation where 298 

the tunnel bore collapses on the pipe string, the significant lubrication pressures are such that 299 

appreciable effective normal stress is exerted by the soil on the pipe such that skin frictions remain 300 
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low. The model therefore reduces to only the face resistance which leads to an improved certainty 301 

for N0 due to the reduction in model complexity. In contrast, ϕ′ and γ′ do not experience significant 302 

changes during MCMC updating due to the relatively strong prior, as shown in Figs. 11(c) and 303 

11(d), respectively. While the MCMC results are quite smooth, GA predictions again fluctuate 304 

across the 99% CI search space. 305 

MCMC predictions of the posterior variance of θ during the drive predicted by the MCMC approach 306 

relative to the prior variance is considered further in Fig. 12. The variance of ϕ′ and γ′ remain 307 

relatively unchanged during the parameter updating process due to the use of a strong prior. In 308 

contrast, the variance associated with tanδ and N0 show significant variations during updating 309 

where both sets of results exhibit remarkably similar trends. Initial reductions in the variance are 310 

due to strong consistency of the jacking forces during the initial (un-lubricated) stages of the drive 311 

(see Fig. 8) and the variance continues to decrease gradually as more data is acquired. The 312 

sudden drop in the variance at ~170 m is attributable to the prediction of tanδ = 0 such that FT is 313 

only a function of N0 and the reduced uncertainty is due to the simplicity of the model.  314 

By way of example, the shape of the updated (posterior) distributions of θ are compared to the 315 

prior distribution in Fig. 13 for selected update points during the drive. For both N0 and tanδ, the 316 

updating process (using larger and larger datasets) results in a stronger posterior where the 317 

distributions appear to achieve convergence. Figure 13(b) highlights the importance of the 318 

lognormal distribution to prevent unrealistic negative realisations of tanδ. Figures 11(a) and 11(b) 319 

clearly indicate that the operational tanδ decreases significantly with the drive length. This is 320 

because the initial section of this drive was unlubricated, as shown in Fig. 8. This section becomes 321 

lubricated as tunnelling progresses, thereby lowering the average friction coefficient for the drive 322 

towards the fully lubricated case. This is evidenced by field monitoring reported elsewhere in the 323 

literature e.g. O’Dwyer et al. (2018, 2019). 324 

Corresponding predictions of the total jacking force for the remainder of the drive are presented in 325 

Fig. 14 using both MCMC and GA back-calculated parameters. For the MCMC analyses, in 326 

addition to the mean prediction, 500 realisations of the jacking force model obtained by sampling 327 

values of the posterior distribution of θ are shown using light grey lines. From Fig. 14(a), prior 328 
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predictions using the MCMC approach significantly over-predict the measured total jacking forces 329 

where the scatter in the predictions is also rather significant. Having acquired 50 datapoints 330 

(corresponding to a jacked distance of 10 m), there is a notable reduction in the scatter of the 331 

MCMC predictions, as shown in Fig. 14(b). However, the jacking forces for the remainder of the 332 

drive are still significantly over-predicted given the initial jacking force measurements correspond to 333 

an unlubricated drive section and therefore over-predict the subsequent lubricated sections. In this 334 

instance, there is good agreement with the GA optimised prediction and the MCMC posterior 335 

mean. As more data is acquired, the MCMC posterior predictions show improved agreement with 336 

the monitored data, as shown in Figs 14(c) – 14(f) for jacked distances of 20 m ‒ 50 m. However, 337 

there is a notable difference between the predictions determined using GA optimised parameters 338 

and the MCMC updated parameters due to the inability of the GA approach to escape the original 339 

search space. 340 

 341 

Case history B 342 

The parameter updating process for case history B is plotted in Fig. 15 as a function of jacked 343 

distance during the drive. Given the length of the drive, there is notable variability in the 344 

development of the updated value of N0 (see Fig. 15(a)). This is partly due to the change in 345 

working pattern during the drive and the slightly variable nature of the mudstone. For jacked 346 

distances greater than approximately 450 m, there is a divergence between the GA and MCMC 347 

predictions. This is again attributable to the inflexible GA search space (the maximum possible 348 

value for N0 is 5.7). In contrast, there is improved agreement between GA and MCMC predictions 349 

for tanδ in Fig. 15(b). MCMC mean predictions of the soil friction angle, ϕ′, and unit weight, γ′, 350 

again remain constant during the updating process due to the strong prior which is in contrast with 351 

the GA predictions which vary within the 99% CI search space. Figure 15(b) again shows the 352 

tendency of decreasing friction coefficient with the drive length. 353 

The development of the posterior variance of θ during updating, relative to the prior variance is 354 

presented in Fig. 16. While the variance of γ′ and ϕ′ remain unchanged, there is a significant 355 

reduction in the variance of N0 and tanδ as the drive progresses. The variance remains relatively 356 
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high initially in the drive as the model described by equation (1) does not account for the influence 357 

of stoppages on tanδ (and consequently N0).  358 

Predictions of the development of FT with jacked distance determined using both the MCMC and 359 

GA approaches are compared to the monitored data in Fig. 17 for salient update points during the 360 

drive. Similar to case history A, it can be seen that while the prior estimate of the parameters 361 

provides good predictions for the initial portion of the drive (≲ 150 m), a significant over-prediction 362 

is obtained for the remainder of the drive (see Fig. 17(a)). It can also be seen that there is 363 

significant scatter in the predictions, as shown by the realisations of the model, due to the prior 364 

uncertainty of the model parameters. An update of the parameters at a jacked distance of 100 m 365 

achieves excellent predictions for the initial portion of the drive (corresponding to the 12-hour shift 366 

working pattern), as shown in Fig. 17(b). This coincides with a reduction in the scatter of the 367 

predictions while excellent agreement between the GA and MCMC mean predictions are also 368 

obtained. However, the updated model still provides an over-prediction of the data for jacked 369 

distances ≳ 400 m due to the change in shift working pattern. As more data is collected and used 370 

to update the model parameters, predictions for the latter stages of the drive improves significantly, 371 

as shown in Figs. 17(c) – 17(f) for updates at jacked distances 200 m – 500 m (in increments of 372 

100 m). 373 

 374 

DISCUSSION 375 

Predictions of pipe jacking forces using the prior best estimate of model input parameters provide a 376 

significant over-prediction of the monitored jacking forces for both drives considered in this study. 377 

The trends in the back-calculated operational tanδ provides insight into important pipe-lubricant-378 

soil mechanics during microtunnelling. For example, it is common for the initial sections of the drive 379 

to be unlubricated given the difficulty in pressurising the overcut so close to the bore exit at the 380 

launch shaft. This causes initially high frictional values which eventually tends towards a fully 381 

lubricated condition as tunnelling progresses. This reflects the effectiveness of modern lubrication 382 

systems to reduce friction during microtunnelling and suggests that the use of historical pipe 383 
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jacking parameters may provide overly conservative predictions resulting in increased construction 384 

costs. 385 

The Bayesian updating approach provides an effective means of updating model input parameters 386 

where significant improvements in the mean predictions, and associated variance, of the total 387 

jacking force were obtained as more data was acquired from the drive. While the Bayesian 388 

approach provides a smooth updating process for each model parameter, optimised parameters 389 

using the GA approach showed significant fluctuations. GAs also require manual definition of the 390 

parameter search space where the 99% CI of the prior distribution of parameters was adopted in 391 

this study. While Bayesian approaches can ‘ignore’ the prior given sufficiently strong evidence from 392 

the monitored data, the GA was not able to venture outside the original search space. However, 393 

heuristically widening the search space to consider all feasible values can lead to unrealistic 394 

realisations of the model parameters. 395 

The final updated/optimised parameters for both drives are compared in Table 3. The greatest 396 

discrepancy between the GA-optimised and MCMC-updated parameters relates to N0 due to the 397 

fixed GA search space. It is noteworthy that the MCMC back-calculated mean values of N0 (5.0 398 

and 9.1 for sand and mudstone respectively) are significantly greater than empirical values 399 

reported by Shou et al. (2010) (2.5 and >3 respectively). This finding is not surprising given the 400 

obvious difficulty in capturing complex geotechnical conditions at the TBM face within a simplified 401 

prescriptive design approach. It does, however, highlight a need for the calibration of equation (2) 402 

using additional case histories to provide more accurate estimates of the mean and variance of N0. 403 

MCMC and GA back-calculated values of tanδ show better agreement (ranging between 0.01 – 404 

0.065). Even though existing design standards account for the reduction of interface friction 405 

coefficient due to the presence of lubrication, those recommendations are significantly higher than 406 

present ‘operational’ values (see Table 4). This is due to the combined effect of lubrication-induced 407 

reductions in the friction coefficient and effective pipe-soil contact. In contrast, the present values 408 

are much more in line with more recent empirically derived values documented elsewhere in the 409 

literature (see Table 5). These parameters can be used as more representative priors for the 410 

prediction of jacking forces in future microtunnelling drives. 411 
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 412 

CONCLUSIONS 413 

This paper has described a Bayesian updating approach for the prediction of jacking forces during 414 

microtunnelling. The proposed framework was applied to two pipe jacking case histories completed 415 

in the UK including a 275 m drive in sand and silty sand and a 1237 m drive in mudstone. To 416 

benchmark the Bayesian predictions, a ‘classical’ optimisation technique, namely genetic 417 

algorithms, was also employed. Predictions of pipe jacking forces using the prior best estimate of 418 

model input parameters provided a significant over-prediction of the monitored jacking forces for 419 

both drives considered in this study. This highlights the difficulty in capturing the complex 420 

geotechnical conditions during tunnelling within prescriptive design approaches and the importance 421 

of robust back-analysis techniques. Bayesian updating was shown to be a very effective option 422 

where significant improvements in the mean predictions, and associated variance, of the total 423 

jacking force were obtained as more data was acquired from the drive. The final updated/optimised 424 

parameters for both drives were presented and have the potential to serve as the prior estimates of 425 

the model parameters for future drives of similar ground conditions.  426 
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Table 1 Genetic algorithm performance parameters adopted in this study based on Goldberg 

(1989). 

Parameter Value 

Number of individuals per population, nsol 20 

Number of generations, ngen 50 

Probability of crossover, pcross 0.6 

Probability of mutation, pmut 0.05 

 

 

Table 2 Prior distributions of model parameters  

Parameter Mean, μ Coefficient 
of variation, 

COV 
Distribution Basis Case 

history A 
Case 

history B 

Empirical face 
resistance 
factor, N0 

2.5 3.5 0.2 Lognormal 
Mean based on Shou et al. 

(2010); weak COV assumed 

Interface friction 
coefficient, tanδ 

0.15 0.15 0.86 Lognormal 

Mean and COV based on 
measurements reported by  

Staheli (2006), Shou et al. 
(2010), Namli & Guler (2017) 

Soil friction 
angle, ϕ′ (°) 

32 45 0.075 Lognormal 
Mean based on site 

measurements; COV based on 
Harr (1984), Kulhawy (1992) 

Soil unit weight, 
γ′ (kN/m3) 

18 25 0.05 Lognormal 
Mean based on site 

measurements; COV based on 
Harr (1984), Kulhawy (1992) 

Model and 
measurement 
error, ε (kN) 

100 100 0.2 Normal 
Mean based on monitored data 

reported by O’Dwyer et al. 
(2019); weak COV assumed 
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Table 3 Optimised model parameters for case histories A and B at final update 

Parameter  Case history A   Case history B 

Prior GA 
MCMC 
mean 

MCMC 
COV 

 
Prior GA 

MCMC 
mean 

MCMC 
COV 

Empirical face 
resistance 
factor, N0 

2.5 2.86 5.04 0.04 
 

3.5 5.19 9.1 0.03 

Interface 
friction 
coefficient, 
tanδ 

0.15 0.065 0.01 0.39 

 

0.15 0.055 0.048 0.20 

Soil friction 
angle, ϕ′ (°) 

32 37.0 33.6 0.08 
 

45 45.6 45.9 0.07 

Soil unit 
weight, γ′ 
(kN/m3) 

18 17.9 17.8 0.05 
 

25 24.3 25.1 0.05 

Model and 
measurement 
error standard 
deviation, ε 
(kN) 

100 - 78.9 0.02 

 

100 - 758.4 0.01 

 

 

 

Table 4 Pipe jacking friction coefficient recommended by various design standards 

 

 Standard tanδ  Case history A Case history B 

JMTA (Japan) tan(ϕ′/2) 0.29 0.41 

GB 50332 (China) tan(30°) 0.58 0.58 

ATV A 161 (Germany) tan(ϕ′/2) 0.29 0.41 

ASTN F 1962 (North America) tan(ϕ′/2) 0.29 0.41 

BS EN 1594 (UK) tan(ϕ′) 0.62 1 

PJA (1995; UK) tan(ϕ′) 0.62 1 
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Table 5 Selected pipe jacking friction coefficients reported in in the literature 

Reference Ground conditions Lubrication 
Friction 
coefficient, tanδ 

Stein et al. (1989) Various Lubrication used 0.1-0.3 

Pellet-Beaucour & Kastner (2002) Sandy clays Bentonite 0.07-0.09 

Pellet-Beaucour & Kastner (2002) Sands and gravels Bentonite 0.17-0.5 

Pellet-Beaucour & Kastner (2002) Sands Bentonite 0.03-0.14 

Staheli (2006) Very dense well-graded sand Bentonite ‘mass application’ 0.06 

Staheli (2006) Silty sand Bentonite ‘mass application’ 0.05 

Staheli (2006) 
Poorly graded sands with gravel and well-graded 
sands and gravels 

Bentonite ‘mass application’ 0.06 

Staheli (2006) 
Poorly graded sands with gravel and well-graded 
sands and gravels 

Bentonite ‘controlled application’ 0.5 

Staheli (2006) 
Poorly graded sands with gravel and well-graded 
sands and gravels 

Bentonite ‘mass application’ 0.05 

Staheli (2006) Silty sand Bentonite ‘controlled application’ 0.2 

Staheli (2006) Silty sand Bentonite ‘mass application’ 0.04 

Shou et al. (2010) Gravel formation Bentonite 0.09 

Shou et al. (2010) Gravel formation Bentonite and polymer 0.06 

Reilly & Orr (2012) Slightly silty sand and sandy gravel Bentonite 0.08-0.12 

Reilly & Orr (2012) Sand Bentonite 0.1-0.14 

Choo & Ong (2015) Sandstone Bentonite 0.31 

Choo & Ong (2015) Shale Bentonite 0.2 

Choo & Ong (2015) Phyllite Bentonite 0.07 

Choo & Ong (2015) Shale Bentonite 0.71 

Cheng et al. (2017) 90% fine soil governed sand or gravel deposit Bentonite with 2% polymer 0.07 

Cheng et al. (2017) 
50% gravel formation and 50% fine soil governed 
sand deposit 

Bentonite with 2% polymer 0.03 

Cheng et al. (2017) Gravel formation Bentonite with 2% polymer 0.02-0.8 

Cheng et al. (2017) 
20% gravel formation and 80% fine soil governed 
sand or gravel deposit 

Bentonite with 2% polymer 0.06 

Cheng et al. (2018) Fine soil governed gravel or sand deposit Bentonite with 2% polymer 0.52-0.59 

Zhang et al. (2018) Gravelly coarse sand Lubrication used, details not provided 0.1 

Ye et al. (2020) Clays - sands Lubrication used, details not provided 0.01 
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Fig. 1 Parameter updating process for jacking force prediction models 
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Fig. 2 Model and measurement error derived from case histories reported in O’Dwyer et al. (2019) 

 

 

 

 

Fig. 3 Illustration of two-dimensional ‘no U-turn’ trajectory via repeated doubling with 

corresponding binary tree shown using dashed lines. In this example, the chosen directions were 

forward (red node), backward (blue nodes), backward (green nodes), forward (yellow nodes) 
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Fig. 4 Workflow for genetic algorithm developed in this work 
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Fig. 5 Overview of genetic operators used for genetic algorithm optimisation procedure 

 

 

 

 

Fig. 6 Location of tunnels and shafts at the case history A site 
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Fig. 7 Stratigraphy at the boreholes along the tunnel drive as well as the associated uncorrected 

SPT profiles for case history A  

 

 

 

 

Fig. 8 Monitored data for case history A 
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(b) 

 

 

Fig. 9 Case history B: (a) location of tunnels and shafts at the site, (b) borehole profiles along 

tunnel route 

 

 

 

Fig. 10 Monitored data for case history B 
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(a) (b) 

  
(c) (d) 

  
Fig. 11 Comparison of the variation of updated model parameters with jacked distance determined 

using MCMC and GA approaches for case history A: (a) empirical face resistance factor, N0, (b) 

friction coefficient, tanδ, (c) friction angle, ϕ′, and (d) soil unit weight, γ′. 

 

 

Fig. 12 Updating of the coefficient of variation during the drive for case history A using MCMC for 

all uncertain parameters 



33 

 

(a) (b) 

  
(c) (d) 

  
 

Fig. 13 Result of Bayesian updating process showing updated distributions of uncertain 

parameters at various stages during pipe jacking for case history A: (a) empirical face resistance 

factor, N0, (b) friction coefficient, tanδ, (c) friction angle, ϕ′, and (d) soil unit weight, γ′. 
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(a) (b) 

  
(c) (d)  

  
(e) (f) 

  
 

Fig. 14 Model predictions of total pipe jacking forces at various jacked distances for case history A: 

(a) prior predictions (at 0 m), and posterior predictions at (b) 10 m, (c) 20 m, (d) 30 m, (e) 40 m and 

(f) 50 m. Model realisations represent predictions determined from 500 draws of the posterior 

distribution of θ 
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(a) (b) 

  
(c) (d) 

  

 

Fig. 15 Comparison of the variation of updated model parameters with jacked distance determined 

using MCMC and GA approaches for case history B: (a) empirical face resistance facto, N0, (b) 

friction coefficient, tanδ, (c) friction angle, ϕ′ and (d) soil unit weight, γ′. 
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Fig. 16 Updating of the coefficient of variation during the drive for case history B using MCMC for 

all uncertain parameters 
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(a) (b) 

  
(c) (d)  

  
(e) (f) 

  
 

Fig. 17 Model predictions of total pipe jacking forces at various jacked distances for case history B: 

(a) prior predictions (at 0 m), and posterior predictions at (b) 100 m, (c) 200 m, (d) 300 m, (e) 400 

m and (f) 500 m. Model realisations represent predictions determined from 500 draws of the 

posterior distribution of θ  


