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Box-jacking is an increasingly popular means for installing underground utilities and infrastructure. Ac-
curately estimating the expected jacking forces in box-jacking is a key design concern, which can ensure
the available thrust is not exceeded, to prevent damage to the box-culverts and/or launch shaft, and the
construction efficacy of the jacking project. However, prediction of the total jacking force is complicated
due to a multitude of influencing factors. The development of jacking force can be influenced by the site
geology, the lubricant performance, work stoppages, shape of box culvert, and tunnel boring machine
driving style. In this paper, a probabilistic observational approach is introduced aimed at prediction of
jacking forces during the box-jacking process. Markov Chain Monte Carlo (MCMC) was adopted for this
purpose which allows forecasts to be performed within a probabilistic framework. The proposed frame-
work was applied to a box-jacking case histories completed in Kanagawa: a 150-m drive in fine and me-
dium sands. The forecasts were appraised through comparisons to predictions determined using a classical
optimization technique, namely genetic algorithms. The results show that the proposed framework yields
highly accurate predictions for the monitored field data, and the prediction accuracy improves obviously

as more data are acquired from the drive.
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tion

1. INTRODUCTION

Rectangular box-jacking stands as a mature trench-
less technology and an increasingly preferred alterna-
tive to the traditional open-cut method, typically uti-
lized in the development of underground pedestrian
passageways, subways, and utility tunnels that accom-
modate various services, including sewer, stormwater,
fiber optics, and electricity pipelines. Box-jacking
method offers multiple advantages, such as optimum
space utilization, cost efficiency, shortened construc-
tion duration, and significant adaptability for tunnels
with shallow overburden?®. In addition, the box-jack-
ing approach is less intrusive to urban locales when
compared to traditional methods like cut-and-cover?.

Accurately determining the jacking forces during the
box-jacking process is a key design concern that dic-
tates the configuration of pipe sections and signifi-
cantly influences the efficacy of the engineering pro-
ject®),

Presently, site personnel typically combine field ex-
perience with ad hoc theoretical relationships to de-
velop prediction models for jacking forces, achieving
some progress 4 ®. Much of this research has signifi-
cantly informed the development of guidelines in pipe-
jacking standards and handbooks, including those
from the Pipe Jacking Association®, American Society
of Civil Engineers”, French Society for Trenchless
Technology® and Japan Microtunnelling Association®.
However, the uncertainty involved in assessing
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geotechnical condition parameters and underground
conditions still to be a substantial obstacle to accu-
rately forecasting construction behavior.

Updating uncertain geotechnical parameters during
pipe jacking is instrumental in devising rational strate-
gies to optimize construction operations during tunnel-
ing. For instance, the prevalent method to address un-
certainty in jacking-force predictions includes the de-
ployment of expensive interjacks at specified intervals
along the pipe string, which are typically unused dur-
ing the drive. The observation method is recognized as
an effective limit states verification approach, leverag-
ing the vast amounts of data available in the real world
to train models and make predictions or insights?. It
yields substantial savings in terms of materials, time,
and costs'®. This paper introduces a Bayesian updat-
ing method that utilizes the monitoring data acquired
during the drive to update the uncertain model param-
eters for jacking force prediction. The proposed frame-
work was employed in a box-jacking case history in
Kanagawa, Japan: a 150-m drive in sand layers. In this
case history, the key (uncertain) parameters impacting
the forecast of jacking forces was determined. Con-
trasting with existing computation methodologies, the
Bayesian updating approach can updates these param-
eters dynamically during the drive. As more data be-
comes available, the precision of jacking force predic-
tions significantly improves. The jacking force fore-
casts using the Bayesian update approach were con-
trasted with those derived from classical optimization
techniques, highlighting the respective advantages of
both methodologies. The optimized variables, updated
through Bayesian inference for predicting jacking
force, can be employed as prior hypothesis for other
future projects in similar ground conditions.

2. DETERMINISTIC JACKING FORCE
PREDICTION MODEL

During box-jacking construction, the total jacking
force can be divided into two distinct elements: the
force applied to the face of the TBM and the frictional
resistance between the structure, encompassing both
the TBM and box string, and the surrounding soil.
Hence, the total jacking force encompasses both a face
resistance and a frictional resistance, can be

represented as follows:

F=F,,+F (23)

face fric

Prediction models can be categorized into either de-
terministic or probabilistic types. In pipe-jacked tunnel
designs, jacking force estimations employ both deter-
ministic empirical and theoretical models. These ap-
plications have yielded satisfactory predictive out-
comes.

For the face resistance, IMTA proposed an empiri-
cal model for face resistance prediction during micro-
tunnelling process?. To provide a better representation
of field measurements, Shou et al. later adjusted this
model based on empirical data'?, presenting it as:

F..=132-C -N’ (20)

where C is the outer perimeter of the pipe-jacking ma-
chine and N’ is an empirical coefficient with values of
1 for clayey soils and increasing to 2.5 for sandy soils
and 3.5 for gravelly soils.

In calculating the skin friction component, the cur-
rent literature lacks empirical prediction approaches
specifically for box-jacking. To bridge this gap, this
paper adapts the established theoretical formula as fol-
lows:

F..=B-L-tand,-0,+2-H-L-tand, -0, (&)

fric

where tand, and tand, denote the interface fric-
tional coefficients; the former on the box crown and
the latter on the side surface of the box string; B des-
ignates the width, and H the height, of the box culvert;
L is the length of the box string; and the vertical and
horizontal earth pressures represented by o, and oy,
respectively, can be calculated by modified Terzaghi’s
classical soil mechanics with considering the lubricant
injection as shown in Egs. (2d), (2e)'¥:

B.v —2c 2K tang- 2K tan g
o, = —( 24 ) e " -1 +Qy€ "8 (2d)
2K tan ¢

o, =K, o, 29

where ¢ designates soil cohesion, ¢ the soil friction
angle, and y refers to the soil unit weight. g, is the sur-
charge load, while h represents the burial depth of the
box crown. The silo width, By, is determined by B +
2Htan(45° — ¢/2). K denotes the soil pressure ratio,
and K, = tan?(45° — ¢/2) is the active earth



pressure coefficient. Note that in the prediction model,
the frictional resistance on the box string's bottom is
not considered. Box culverts are typically designed to
remain buoyant within lubricated overcuts. Continu-
ous lubricant injection during jacking assures this
buoyancy, even in unstable overcut scenarios!®. This
results in the bottom of the box string interacting pri-
marily with the lubricant, making the friction between
them negligible®.

In Egs. (2a)-(2e), the parameters of most interest are
N', tané,, tandy, ¢ and y. These are viewed as un-
certain variables 6 and undergo sequential updates
during the drive, as shown in Fig.1. In practical appli-
cations, the update process is sequentially executed
with a time delay, waiting for the availability of a new
monitored datapoint.

Start

Acquire TBM data
1. Jacked distance:
X={X1,X2,.%n}
2.Total jacking force:
d={d,dy,...dn}

Prior estimate of

model parameters & Denoise data using

Savizky-Golay filter

Update parameters 8

Jacking force model
Equation (2a)

Generate predictions
for remainder of drive

Query current L Update
?
Time L > Ly? Yes n
delay No

L < total drive
length?
No

End

Yes

Fig.1 Parameter updating process for jacking force model.

3. METHOD FOR UPDATING THE
PARAMETERS OF JACKING FORCE
PREDICTION MODEL

(1) Markov Chain Monte Carlo

a) Framework for Bayesian inference

The framework initiates by considering the uncer-
tainty inherent in jacking force prediction models. De-
viation of model predictions from reality is typical in
a wide range of geotechnical applications due to over-
simplification of the real conditions'®). Due to the
model error, the jacking force estimated from any pre-
diction models generally misaligns with actual obser-
vations. Therefore, calibrating the model using ob-
served field performance or physical model tests to as-
sess the model error is crucial. Existing literature has
extensively documented the updating of geotechnical
model parameters within a Bayesian framework to di-
minish discrepancies between model forecasts and ob-
servations from laboratory tests'” and field monitor-
ing*®. In the Bayesian updating framework, a common
implementation is to generate a deterministic model.
In theory, if calculated values align with measure-
ments, the points will lie along the line of equality.
Nonetheless, uncertainties due to (1) soil properties,
(2) geometry, (3) measurement error, and (4) imper-
fections and approximations in the calculation model
should be incorporated into the updating framework to
capture the scatter induced by these uncertainties®®).
These uncertainties are lumped together in a model
bias factor, e, applied to the deterministic prediction:

d=f(0)+e (3a)

where d = [d,, d,, ..., d},] is the vector of monitored
jacking force quantites at jacked distances x =
[X1, X5, ..., X, ], With n being the total count of moni-
tored data points utilized for Bayesian updating;
f(0) signifies the calculated jacking force deter-
mined by Egs. (2a)-(2e), with 6 =[N', tand, ,
tandy, @, y] representing the vector of uncertain
model parameters; and the measurement error e is as-
sumed to be statistically independent of the observa-
tion, and is believed to conform a normal distribution,
characterized by a mean p, = 0 and standard devia-
tion o, = 0, as adopted in many practical fields?.
The information update centers on the joint proba-
bility density function encompassing various parame-
ters. When the likelihood and prior functions exhibit
conjugacy, it becomes feasible to derive the posterior
distribution analytically??. Nevertheless, due to the
high dimension of the posterior distribution and the
nonlinearity of the numerical model, the analytical



solution for conjugate pairs is usually nonexistent. In
cases where probability distributions lack conjugate
pairs for posterior distributions, techniques like Mar-
kov chain Monte Carlo (MCMC) become indispensa-
ble. MCMC adeptly balances computational demands
with the versatility to use nonconjugate prior distribu-
tions and likelihood functions, ensuring accurate mod-
eling in practical applications. Therefore, a multi-
chain MCMC algorithm is applied to estimate and up-
date the posterior joint probability density function
(PDF) of the model parameters 6 in this study.

Most geotechnical parameters can be regarded as
random variables following to the normal, lognormal,
or other theoretical distributions. Lognormal distribu-
tions are widely adopted in geotechnical engineering
because they span the range (0, +oo], preventing un-
realistic negative outputs of the nonnegative geotech-
nical variables. Thus, we employ lognormal distribu-
tions to establish the prior probability distribution of 6.
In this paper, uncertainties related to the model param-
eters 0 are represented by a prior distribution. This is
presumed to be a multivariate normal distribution with
g signifying the prior mean and oy representing the
uncertainty of the natural logarithm of 6. In formal
terms, p(68") = MVN( ug, gp) with 8’ being the nat-
ural logarithm of uncertain model parameters 6 and
MVN denoting a multivariate normal distribution. The
prior probability distribution of the random variable 8’

IS
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b) Markov Chain Monte Carlo simulation using
No-U-Turn sampling procedure

Using evidence from the monitored data, the prior
lognormal distribution is adjusted to obtain the poste-
rior distributions of 6. The data d affects the posterior
distribution via the likelihood function p(d|6, x). This
function represents the likelihood of the data observed
when applied to the existing model with specific val-
ues of the parameter vector 6

p([6.x)=]] p(d;16.x) (30)

The posterior distribution, represented by p(8|d, x),
for the model parameters is derived from Bayes’

N

theorem as illustrated below

01x.d) = Pd16:x)p(@]x) (3d)
p(0]x,d) o(d[)

The function p(d|x) normalizes the joint posterior
distribution so that its integral amounts to 1. This nor-
malization is accomplished by marginalizing out 6,
detailed as below:

pd]x)=[pd[6,)p@]x)do @

Analytically resolving Eq.(3d) is often impossible.
To address this, the robust sampling method, Markov
Chain Monte Carlo (MCMC), is adopted. While the
Metropolis-Hastings algorithm is a favored MCMC
sampling approach in geotechnical engineering, as ev-
idenced by works like Qi and Zhou??, the Hamiltonian
Monte Carlo (HMC) offers a more efficacious alterna-
tive, especially suitable for high-dimensional spaces,
as noted by Betancourt?),

HMC sampling involves of two stages: the proposal
and the correction. In the proposal step of HMC, Ham-
iltonian dynamics are employed to navigate through
the parameter space. This involves transforming the
posterior density function to a Hamiltonian potential
energy function and introducing a momentum variable
h; for each uncertain parameter 6;. This energy func-
tion, termed the canonical distribution, defines a joint
distribution of 8 and h, represented as p(8|h, d). Ow-
ing to the independence of these parameters, the joint
distribution can be expressed as the product of the pos-
terior density, p(6|d) and the momentum density,
p(h); thatis, p(6|h,d) = p(0]|d)p(h). Starting from
the current parameter state 6 and introducing this ran-
dom momentum, the dynamics, based on the Hamilto-
nian equations, dictate a trajectory in the parameter
space, leveraging the structure and gradients of the po-
tential energy function. This trajectory results in a new
sample proposal. However, it's not the dynamics them-
selves that directly sample from the posterior, but they
aid in generating these proposals. After the proposal
step, the correction phase comes into play, which re-
jects any proposal that strays too far from the typical
set of the target distribution, ensuring the samples
closely approximate the desired posterior.

Due to the absence of the analytical solution for
Hamilton’s equations in most practical situations, nu-
merical methods become indispensable for their



resolution. The leapfrog method stands out as a pre-
ferred choice for this purpose, being a time-reversible
and volume-preserving numerical integrator. The
leapfrog approach is particularly suited for HMC since
it proposes moves to new points in the state space
while maintaining certain desirable properties. One of
its key advantages is its ability to propose moves to
distant states in the parameter space. This characteris-
tic helps reduce the autocorrelation between succes-
sive sampled states, resulting in more efficient explo-
ration and faster convergence to the target distribution.
Furthermore, by preserving the system's energy
through its symplectic nature, leapfrog integration en-
sures a high acceptance probability for these distant

proposals, making the sampling process more efficient.

The procedure for MCMC sampling using the HMC
algorithm is summarized as follows. Additional details
can be found in work of Brian B. Sheil?¥.

Step 1: Initialization

A candidate momentum @ is drawn from its poste-
rior distribution, h~N(0,X), where X is the covari-
ance matrix of p(h).

Step 2: Leapfrog integration

a) The leapfrog method begins with a half-step to
update the momentum;

dlog p(@|d)
deo

h < h+0.5m (3
The Eq.(3f) represents the half-step momentum update
using the gradient of log-posterior density p(6|d).

b) A full step is then taken to update the position
(parameter vector 0):

6 <« 6+mh (39)

This is the full-step position update which uses the cur-
rent momentum to propose a new position.

c) Another half-step for momentum (same as the
first) completes the leapfrog process. This second half-
step uses Eq.(3f) again. This iterative process is exe-
cuted for L steps, which each step having a size m.

Step 3: Correction phase

After the leapfrog steps, a Metropolis-Hastings ac-
ceptance criterion is applied to decide whether to ac-
cept the proposed new state:

p (e(kfl) | d) p (h(kfl) )
p(e(k) | d) p(h(k))
If the proposal is not accepted, then the next position

a =min 1 @3h)

is set to the previous position §) = gk=1),

Step 4: Iterations

Steps 1-3 undergo repetition for n;.,, iterations
within a chain until convergence achieves. Multiple
chains can be utilized for better results; hence, three
chains were adopted with n;;.,- = 5000. Notably, the
initial samples do not rigorously conform to the poste-
rior PDF, as the Markov Chain has not yet reached
steady state. Thus, discarding certain initial samples as
"burn-in" samples is a rational approach. In this study,
an initial “burn-in” of 3,000 samples was used to en-
sure the Markov chain enters a high probability region,
the remaining samples are used to approximate the tar-
get distribution. The selected parameters, determined
via trial and error, strike an optimal equilibrium be-
tween accuracy and computational demands.

Traditional Hamiltonian Monte Carlo (HMC)
showcases efficiency in sampling intricate posterior
distributions but demands manual tuning of the leap-
frog parameters m and L. To address this, this study
employs the No-U-Turn Sampler (NUTS), an ad-
vanced variant of HMC that automatically adjusts
these parameters®). Operating through an intricate
tree-building algorithm, NUTS dynamically decides
the number of leapfrog steps, eliminating the need for
a predetermined trajectory length. It embarks on ex-
pansive jumps from its initiation, venturing into un-
charted regions of the posterior distribution, ensuring
a rapid and efficient convergence. In practice, NUTS
adjusts the integration step size based on its associa-
tion with the acceptance ratio depicted in Eq. (3h).
This adaptability ensures the trajectory unfolds in a di-
rection opposite from its starting point. The NUTS tra-
jectory begins with a single leapfrog step from the cur-
rent state, subsequently doubling the number of steps
until a U-turn is detected, as illustrated in Fig.2. Each
doubling phase involves selecting a direction—for-
ward or backward in time—randomly, followed by
simulating the Hamiltonian dynamics for 27 leapfrogs,
with j representing the current iteration. This system-
atic expansion signifies the depth of the tree structure.
The framework used in this work was developed using
the PyMC (version 5.6.1) programming library in Py-
thon (version 3.8)%).
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Fig.2 Binary tree construction through repeated doubling with
randomized hamiltonian dynamics simulation

(2) Classical Optimization: Genetic Algorithms
To benchmarking, the same uncertain parameters 6

are updated employing classical optimization methods.

Herein, Genetic Algorithms (GAs) are selected as they
are among the most widely used optimization tech-
niques in geotechnical engineering?”). Holland (1992)
first introduced the concept of GA approach?®), which
was initially designed to simulate the mechanisms of
population genetics and the natural principles of sur-
vival, pursuing the ideas of adaptation. The main steps
to optimize the uncertain parameters 6 in this study are
described as follow

Step 1: Initialization

A typical GA begins with an initial set of random
solutions, each representing distinct nodes within the
search space. This collection is referred to as a popu-
lation, and in this work, it has a size of n,; = 20. To
ensure a broad search space for optimization, the initial
population was generated by randomly sampling from
a 99% confidence interval (CI) of 8's prior distribu-
tion.

Step 2: Fitness evaluation

In each iteration, the fitness of every individual was
assessed within the current population using a specific
fitness function. In this work, the coefficient of deter-
mination (R?) is used as the fitness function, which
measures the relationship between the predicted and
measured jacking forces up to the current jacked dis-
tance. To enhance convergence properties, linear scal-
ing of the fitness values was adopted as recommended
by Goldberg?.

Step 3: Genetic operation

Various genetic operations were used to evolve and
optimize solutions over multiple generations. Selec-
tion is the process where individuals from the current
population are chosen to form the next generation's
population. The likelihood of a candidate solution

being chosen is proportionate to its scaled fitness value
within the population. Once selected, crossover is per-
formed on these individuals. In this operation, portions
of individual solutions are randomly swapped based
on a crossover probability p. = 0.6. The goal of cross-
over is to generate a potentially optimal variant of the
individual by combining attributes of two parent solu-
tions. To ensure that GA retain some freedom to ex-
plore the wider search space, mutation was imple-
mented. During mutation, specific values within a so-
lution are occasionally and randomly changed, gov-
erned by a mutation probability p,,, = 0.05. The com-
mon genetic operators used in this study are illustrated
in Fig.3.

Evaluation —— Selecton —— Crossvoer ——— Mutation
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--.-i;llll\wjﬁlllﬂl\
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Fig.3 Overview of the genetic operators employed in the GA

opptimazation process.

Step 4: Iterations

The above procedure repeats, creating new popula-
tions based on the evaluations and genetic operations
until reaching a set maximum number of generations
Miter:

The GA presented in this study was constructed us-
ing Python, and its optimal performance parameters
with draw upon recommendations from Goldberg®® as
detailed in Table 1.

Table 1 Performance parameters of GA Based on Goldbergzg).

Parameter Value
Number of individuals per population, 7, 20
Number of generations, m; 50
Probability of crossover, p,. 06
Probability of mutation, p,,, 0.05

4, CASE HISTORY AND TUNNELLING
DETAILS

The case history used to assess the proposed



parameter updating framework was a 150-m-long
drive undertaken in Tsujido coast of Kanagawa, JP
(Fig.4). Fig.5 shows the ground conditions determined
from three boreholes (BH5, BH6 and BH7) located on
the drive route; profiles of standard penetration test
(N) values are superimposed on the figure. The ground
conditions comprised a 0.4-0.8 m layer of made
ground at the ground surface, followed by fine sand
(1.4-3.0 m), medium sand (2.0-3.3 m) and gravel (>
2.0 m). The groundwater table was found to be 2.0 m
above mean sea level (MSL). The launch invert for the
drive was 4.1 m below ground level (GL), and the
overburden depth from the tunnel crown varied be-
tween 1.0 and 1.95 m. Tunnelling therefore occurred
predominantly through the alternating layers of fine
and medium sands. A Earth Pressure Balance (EPB)
shield machine with a lining of 4750 * 2230 mm was
utilized for the tunnelling, while the outer dimensions
of the trailing box culvert string measured 4700 * 2200
mm. This resulted in a 25 mm overcut annulus at both
the top and bottom of the box, and a 15 mm overcut on
its sides. The overcut gap was filled with a two-com-
ponent consolidated lubricant named Cantor-SS,
widely employed in Japan, during tunnelling to main-
tain tunnel bore stability and minimize friction be-
tween soil and the box sting. Each box culvert had a
weight of 150 kN and a length of 1.5 m. The output
data from the TBM was recorded at 2-minuts intervals.
The development of total jacking force with jacked
distance monitored for the drive is presented in Fig.6.
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Fig.4 Location of tunnel and shafts at the Tsujido site.
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Fig.5 Stratigraphy at the boreholes along the tunnel drive.
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Fig.6 Recorded Jacking force data of Tsujido project.

5. RESULTS AND DISCUSSION

The prior best estimates for the mean and standard
deviation of the uncertain model parameters 6
[Eq.(3b)] and model error e are shown in Table 2. The
basis for the prior hypothesis determination is as fol-
lows: The mean values for the piror empirical face re-
sistance factor N’ are based on Shou et al. with an as-
sumed weak coefficient of variation (CV)'?. Both the
mean and CV for the prior hypothesis of interface fric-
tion coefficient tand are derived from Staheli, Shou et
al., and Namli and Guler'230:3D, The prior soil friction
angle ¢ and soil unit weight y have their mean values
sourced from on-site measurements'?, with their CV
is based on Harr and Kulhawy?3233), Lastly, the model
and measurement error e adopts its mean from moni-
tored data by O’Dwyer et al. and presumes a weak
CVv,



Table 2 Prior distribution od model parameters.

Parameter Mean,u CV Distribution
Soil frictionagnle ¢ (°) 3B 0075  Lognormal
Soil unit weighty (KN/m3) 20 0.05 Lognormal
Empirical face resistance
35 0.2 Lognormal
factor N' od
Interface friction coefficient
015 0.86 Lognormal
tand
Model and measurement
100 02 Normal
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Fig.7 Comparing the variation of updated model parameters using
MCMC and GA approaches: (a) friction angle ¢; (b) soil unit
weight y; (c) empirical face resistance factor N'; (d & e) interface
frictional coefficients tand, & tandy,.

In Fig.7, the outcomes of the parameter updating
process employing the MCMC method are compared
with those determined through the GA optimization
method, with the shaded regions delineating the 90%
ClI for the parameters updated via MCMC. Fig.7(a &
b) show that the mean of soil friction angle and soil
unit weight, estimated using the MCMC method, do
not experience significant fluctuations due to the rela-
tively strong prior. Conversely, estimations of ¢ and y
derived from the GA displaced fluctuation across the
99% CI search space. This occurrence was attributed
to the optimization problem being underdetermined,
thereby there were multitude of & combinations that
could achieve an optimal solution. In estimating N',
the MCMC method showed that the mean of N’ grad-
ually increased from a prior of 3.5 to approximately 8
as the drive progressed, while the GA approach tended
to underpredict N’ value compared to the MCMC ap-
proach. This divergence between the two prediction
sets became evident after a jacked distance of 40 m, as
illustrated in Fig.7(c). This was because the limitation
of the GA search space boundaries, defined by the
99% CI in this work. The GA lacks the capability to
escape the predetermined search space for each param-
eter, given that the new chromosomes, created for ei-
ther the initial population or mutation processes, were
drawn from the original search space. However, opting
to heuristically modify the boundaries of 8 to include
all feasible values led to significant fluctuations and
ultimately, unrealistic parameter estimations. In con-
trast, a key advantage of the MCMC approach is its
ability to ignore the prior distribution of 8 when strong
evidence is present.



GA and MCMC predictions of tand were in very
good agreement and indicated that the prior distribu-
tion for tand provides a significant overprediction re-
flecting the effectiveness of modern pipe-jacking lu-
brication systems. However, during the initial stage
(unlubricated) of the drive, both the GA and MCMC
predictions significant increases in tand. This phe-
nomenon can be attributed to the combination of the
presence of heavier elements, such as the TBM, power
pack, and cans, which tend to drag along the bottom of
the overcut, and the still relatively small tunnel length.
As the drive length increases, coupled with lubricant
injection and accumulation in the overcut annulus,
these effects get less important and the high levels of
tand,, and tand, decrease significantly [Fig.7(d &
e)]. Furthermore, the acquisition of additional data led
to a decrease in the 90% Cls of both tand,, and tandy,.
Importantly, the 90% CI of tand;, is markedly larger
than that of tand,,. This occurs because lateral friction
contributes much smaller to the overall friction com-
pared to the vertical friction acting box crown. As such,
deviations within a certain range of the tand, mean
are unlikely to significantly affect the prediction of the
total jacking force.

Beyond a jacked length of 40 m, the tang,, pre-
dicted by the GA was marginally higher than that pre-
dicted by the MCMC approach. This difference was
because GA was shown to underpredict N’ relative to
the MCMC approach in Fig.7(c) due to the boundary
on the search space. Moreover, this observation also
indicates that tand,, contributes more significantly to
the total jacking force than tand;,. The underpredic-
tion of N’ leads to a divergence in the predictions of
tand, , but not tand, , between the GA and the
MCMC approaches.

—— Updated at 10m m

—— Updated at 20m m

—— Updated at 30m m

Updated at 40m m

—— Updated at 50m m
--- Prior

°
N
o

Probability density
o o o o
o = — N
w o w (=]

o
o
S

30 32 34 36 38 40
Soil friction angle, ¢ (°)

Updated at 10m m
Updated at 20m m
Updated at 30m m
Updated at 40m m
—— Updated at 50m m

== Prior

o
=)

Probability density
o o
o o
(=2 @

4
o
&

=4
o
=

o
o
=]

10 15 20 25 30 35 40
Soil unit weight,y (kN/m?3)

7
© " Updated at 10m m
s — Updated at 20m m
—— Updated at 30m m
25 —— Updated at 40m m
@ —— Updated at 50m m
3 -=== Prior
L4
2
53
[}
s
a2
1
S I
1 2 3 4 5 6 7 8
Empirical face resistance factor, N’
(d) 14 —— Updated at 10m m
—— Updated at 20m m
12 —— Updated at 30m m
- —— Updated at 40m m
5 10 —— Updated at 50m m
g - Prior
© 8
2
2 8
]
x4
!
H
24
l‘I -
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Friction coefficient, tang,
(e) 7 Updated at 10m m

Updated at 20m m
Updated at 30m m
Updated at 40m m
Updated at 50m m
- Prior

w - w» @

Probability density

[N}

0.0 0.1 0.2 0.3 0.4 0.5
Friction coefficient, tandp

Fig.8 Outcomes of the Bayesian updating process - visualizing

the updated uncertain parameter distributions: (a) friction angle

@; (b) soil unit weight y; (c) empirical face resistance factor N';
(d & e) interface frictional coefficients tané, & tandy,.

The shapes of the updated (posterior) probability
distributions of 8 are compared with the prior proba-
bility distribution in Fig.8 for selected points during
the drive. For N' and tandy,, the updating process (us-
ing larger and larger data sets) resulted in a stronger
posterior in which the distributions appeared to



achieve convergence. Fig.8(d & e) highlights the im-
portance of the lognormal distribution to prevent unre-
alistic negative realizations of tanéd. Given the imple-
mentation of robust priors in updating the parameters
of ¢ and y, the resulting posterior distribution exhibits
minimal deviation from its prior distribution. Con-
versely, the posterior distribution of tand, and N’
undergoes substantial alterations during the updating
process, with its standard deviation markedly decreas-
ing as more data was obtained. Reductions of the
standard deviation were due to strong consistency of
the jacking forces during the initial (unlubricated)
stages of the drive (Fig.8). Despite a reduction in the
posterior mean of tandy,, its substantial standard devi-
ation indicates a considerable degree of uncertainty.
This implies that tand; may be less influenced by the
dataset and plays a lesser role in predicting jacking
force.
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Fig.9 Model predictions of total jacking forces at distances: (a)

Om prior, (b-f) 10m-50m posterior, with 1000 draws from 6's
posterior distribution

The estimated total jacking forces for the remainder
of the drive are illustrated in Fig.9, utilizing parame-
ters back-calculated through both MCMC and GA. For
MCMC predictions, besides the mean prediction, 1000
realizations of the jacking force model were generated
from sampling values of the posterior distribution of 6,
which are depicted as light grey lines. The prior mean
prediction derived from the prior distribution of 6 sub-
stantially overpredicted the observed jacking force,
with the scatter of the predictions was also rather sig-
nificant as shown in Fig.9(a). After obtaining the ini-
tial 10m of jacking force data, a significant reduction
in the scatter of the MCMC sampling predictions was
observed. However, the predicted jacking force re-
mained considerably overpredicted. This is because
the initial jacking force measurements were taken



from a drive section that lacked sufficient lubrication,
leading to an overproduction of the forces required for
the subsequent lubricated sections. In this scenario,
there is a strong alignment between the predictions
from GA optimization and the posterior mean predic-
tions derived from MCMC [Fig.9(b)]. With the pro-
gression of box-jacking, more data were obtained, im-
proving the alignment between the MCMC posterior
predictions and the monitoring data, as depicted in
Fig.9(c-f). The expansion of datasets enabled the
MCMC sampling predictions to accurately include all
the peaks in jacking force arising from stoppages
[Fig.9(f)]. After a jacked length exceeded 40m, there
was a notable difference between the predictions de-
termined using parameters optimized by GA and those
updated using MCMC due to the GA approach being
restricted by its original search space. Notably, despite
this limitation, GA still demonstrates certain predic-
tive capabilities, affirming the validity of the prior hy-
pothesis used in this study. For long-drive box-jacking,
skin friction is often the main contribution to total
jacking force. Thus, even though GA was shown to
underestimate N’, the reasonable setting of the prior
N’ ensures that the GA’s estimation of the jacking
force was only about 7-13% higher than that of the
MCMC.

6. CONCLUDING REMARKS

This research introduces a Bayesian updating ap-
proach for predicting jacking forces in box-jacking
tunnel excavation, illustrated through a 150-meter
drive in sandy conditions in Kanagawa, Japan. Perfor-
mance was evaluated against a genetic algorithm opti-
mization method, highlighting the overprediction is-
sue when using model input parameters based on prior
best hypotheses. The Bayesian approach, utilizing
Markov Chain Monte Carlo sampling, proved more ef-
fective than traditional genetic algorithms, with pre-
diction accuracy improving as more data was acquired
from the drive. By using various jacking force model
realizations derived from posterior distribution sam-
pled values, all peak forces from stoppages were accu-
rately included. The final updated and optimized pa-
rameters can potentially serve as prior estimates for
similar future drives.
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