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Abstract: Updated Bayesian detection of foundation parameters in the specific foundation mechanical model was studied based 
on Jeeves pattern search theory. Firstly, the updated Bayesian objective function for general foundation parameters was derived 
which could synchronously take the stochastic property of systematic parameters and systematic responses into account. Then the 
governing differential equations for the Winkler foundation model were gained with elastic Mindlin plate theory and the Fourier 
close form solution of the foundation model was achieved with the Fourier transform method. After the step length of pattern 
movement was determined with the quadratic parabolic interpolation method, the updated Bayesian detection of stochastic 
foundation parameters was resolved with Jeeves pattern search theory and then the corresponding detection procedure was com-
pleted. Through particular example analysis, the updated Bayesian detection of stochastic foundation parameters has excellent 
numerical stability and convergence during iterative processes. Jeeves pattern search theory is unconcerned with the partial de-
rivatives of systematic responses to foundation parameters, and undoubtedly has satisfactory iterative efficiency compared with 
the available Kalman filtering or conjugate gradient detections of the significant foundation parameters. If the iterative processes 
are efficiently convergent, it is an important prerequisite that the systematic response assignment should be accurate enough. The 
derived Jeeves pattern search method with updated Bayesian theory can be applied in other kinds of foundation parameters. 
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1  Introduction 
 

The parameters of soil used in geotechnical en-
gineering include fuzziness, the inaccuracy of the 

specific type, and a discrete attribute of quantity. To 
evaluate the selected soil parameters properly is very 
important (Carrier III, 2005; Meziane et al., 2014; 
Zidi et al., 2014; Tan et al., 2016). At present, the 
commonly used soil medium models include the 
Winkler foundation model, Pasternac foundation 
model, Hetenyi foundation model, Reissner founda-
tion model, the semi-infinite elastic foundation mod-
el, and the finite depth elastic compression layer 
model (Silva et al., 2001; Azevedo et al., 2002; 
Zerwer et al., 2002; Bouderba et al., 2013; Bousahla 
et al., 2014). Among these foundation models, the 
Winkler foundation model can accurately simulate 
the actual working condition of the practical founda-
tion and consequently this model has been widely 
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used (Al-Hammoud et al., 2011; Xin et al., 2014). In 
practical engineering, the thickness of plate and con-
crete strength can be obtained by field test, whereas 
the foundation parameters can be obtained indirectly 
by parameter detection methods (Liu and Solecki, 
2001; Wen, 2011; Cury et al., 2012). Parameter de-
tection methods have been used in the engineering 
field. However, they are mainly directed to a static 
parameter detection model, which means that they 
cannot synchronously take the effect of changing 
measuring points and measuring times and the in-
fluence of the systematic response into account. It is 
difficult, therefore, to evaluate and identify parame-
ters comprehensively, and that can affect an exact 
mechanical analysis of the displacement and stress 
fields (Nanthakumar et al., 2013, 2016; Hamdia et al., 
2016). Although there exist some research results of 
soil parameter detection with the conjugate gradient 
method and the Kalman filter method, it is necessary 
in such cases to calculate the error function of the 
partial derivatives of the soil parameters, which in-
evitably causes both low computation efficiency and 
error accumulation (Zhao, 2007; Zhang et al., 2008). 
Therefore, the aim of this study is to derive the up-
dated Bayesian detection of foundation parameters 
with a Jeeves pattern search method. Certainly, the 
Jeeves pattern search method with updated Bayesian 
theory has universal significance for different kinds 
of foundation parameters and only the corresponding 
foundation model should be considered. In addition, 
Bayesian theory is widely used because it can con-
sider both the randomness of the systematic parame-
ters and the randomness of the system response. In 
practical engineering, a systematic response often 
needs to be tested in different time periods. Unfortu-
nately, in general Bayesian theory, the systematic 
response at different times is difficult to consider and 
process simultaneously. It is therefore particularly 
important to derive a specific Bayesian theory which 
can take the systematic response at different times 
simultaneously into account. 

Thus, in this study, the most significant work is 
that the updated Bayesian detection model of sto-
chastic foundation parameters based on Jeeves pattern 
search theory is derived, in which the efficient up-
dated Bayesian theory of foundation parameters is 
systematically studied in order to take into account 
the changeable effect of the measured points, the 

measured times, and the influence of the systematic 
response, synchronously. Also, the governing dif-
ferential equations for a specific foundation are de-
rived and the Fourier close form solution is achieved 
with the Fourier transform method. Through analysis 
of typical examples, some key conclusions are sum-
marized in detail.  

 
 

2  Updated Bayesian objective function of 
stochastic Winkler parameters 

 
During the process of stochastic detection of the 

soil medium model with a Jeeves pattern search 
method, the foundation parameters can be treated as 
stochastic variables, which are noted as the stochastic 

vector T
1 2[ ]mx x xX   (m is the dimension of the 

vector X) to carry the parameter search into execu-
tion. From Bayesian theory, it can be noted as 
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where f(X) is the a priori information density func-
tion, f(W*|X) is the conditional density function of the 
systematic response, f(W*) is the systematic response 
density function and f(X|W*) is the posterior infor-
mation density function. It is presumed that the sto-
chastic foundation parameters X conform to a 
Gaussian normal distribution, so the a priori infor-
mation density function f(X) can be expressed as 

 
1

2 2

T 1
0 0

( ) (2π)

1
exp ( ) ( ) ,

2

m

f
 





      

X

X

X C

X X C X X
       (2) 

 

where X0 and CX are respectively the expectation 
vector and covariance matrix of the stochastic foun-
dation parameters X. 

During practical engineering, the systematic 
responses at the testing nodes must be measured 
several times and the measured systematic response 

data *
iW  of each time must be extracted from the total 

data W*. If the ordinary Bayesian objective function is 
set up to evaluate parameters, there is much repeated 
and worthless work. So an updated Bayesian objec-
tive function of the stochastic foundation parameters 
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is deduced. The joint density function of *
iW  is 

1

( ),
n

*
i

i=

f | W X  where n is the number of measured 

systematic responses. From the maximum likelihood 
theory, it can be established as 
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where Wi=Wi(X) is the systematic response vector of 
the computational results. Substituting Eqs. (2) and 
(3) into Eq. (1), the updated Bayesian objective 
function J can be derived as 
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The updated Bayesian objective function J in Eq. (4) 
is used in a detection model with Jeeves pattern 
search theory. In order to attain the variance search 
result of the stochastic foundation parameters X, from 
Eq. (4) the partial differentiation of updated objective 
function J to the stochastic foundation parameters X is 
expressed as 
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When Wi(X) is submitted to a Taylor formula expan-
sion at the expectation point X and only the zero and 
first-order items are reserved, we can obtain: 
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stituting Eq. (6) into Eq. (5), it can be obtained that  
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where ( ).i iW W X  When the updated Bayesian ob-

jective function J acquires the minimum value, 
Eq. (7) equals zero and 
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Postulating T 1 1
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achieved value X̂  of the foundation parameters X 
can be written as 
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where I is a unit matrix and * * *
1 2, , , W W W   

T* ,n W  where *
iW  is the vector of measured system-

atic response data of the ith iteration. W  
T

1 2, , , ,n
  W W W  where iW  is the systematic re-

sponse vector of computational data of the ith itera-

tion at the expectation point .X   1 2, , ,S S S   

T ,nS  where Si is the sensitivity matrix of measured 

systematic responses of the ith iteration. Postulating 
that the a priori information X0 of the foundation 
parameters X is irrelevant to the measured systematic 

response data W*, the variance of X̂  in Eq. (9) can be 
written as 

 

   T T
ˆ ,   XX W

C I MS C I MS MC M      (10) 

 

where 
1 2

diag( , , , )
n

   
W W W W

C C C C  and 
i
W

C  is the 

covariance matrix of measured systematic response 
data of the ith iteration. Using the non-singularity 
property of CX and ,W

C  Eq. (10) can be transformed 

into the brief summation form: 
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3  Theoretic systematic responses for the 
updated Bayesian objective function 

 
The main suppositions are that the normal line of 

the middle surface before deformation still remains a 
straight line after deformation, but it may not be ver-
tical to the middle surface, which means that a 
transversal shearing deformation effect is admitted 
and that the stress vertical to the middle surface can be 
ignored (Bourada et al., 2015; Hamidi et al., 2015; 
Bennoun et al., 2016). The displacement field of the 
Mindlin plate in Fig. 1 can be expressed as 
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where xy are the rectangular coordinates of the plate 
plane and z is the thickness coordinate. u, v, and w are 
respectively the displacements along the x, y, and z 
directions. θx and θy are respectively the rotational 
displacements of the normal lines of the xz plane and 
yz plane. The equations between updated stress and 
strain for the Mindlin plate are derived as 
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where Mx and My are the bending moments respec-
tively along the x and y directions. Mxy is the torsion 
moment. Qx and Qy are the shearing forces respec-
tively along the x and y directions. σf and εf are re-

spectively defined as the updated bending stresses 
and updated bending strains. σs and εs are respectively 
defined as the updated shearing stresses and updated 
shearing strains. Df is defined as the bending elastic 
matrix which is connected with the elastic modulus, 
Poisson’s ratio, and the thickness of the Mindlin plate. 
Ds is defined as a shearing elastic matrix which is 
connected with the shearing elastic modulus, the 
thickness, and the shearing correction coefficient of 
the Mindlin plate. 

When the forces including surface tension are 
neglected (Belabed et al., 2014; Hebali et al., 2014; Li 
et al., 2015; Yahia et al., 2015), the governing dif-
ferential equations for the Mindlin plate on the Win-
kler foundation can be written as 
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where kz is the Winkler foundation parameter, and q is 
the load density along the z direction. The boundary 
conditions of the plate are considered as simply 
supported. Directly solving the governing differential 
Eq. (19) is very difficult and therefore the Fourier 
transform method is used. Substituting Eqs. (13) and 
(14) into Eq. (19), then the important governing dif-
ferential Eq. (19) can be turned into differential 
equations with variables θx, θy, and w. These variables 
are then expanded in the form of multiple Fourier 
series as 
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where m and n are the multiple Fourier series terms. 
Amn, Bmn, and Cmn are the undetermined coefficients. 
ξm and ηn are the multiple Fourier expanding coeffi-
cients. Based on the multiple Fourier transformation 
theory, and substituting Eq. (20) into the achieved 
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differential equations with the variables θx, θy, and w 
of the Mindlin plate on the Winkler foundation, then 
the discussed differential equations can be trans-
formed into the linear algebraic equations with the 
variables Amn, Bmn, and Cmn, which can be easily 
solved. After the undetermined coefficients Amn, Bmn, 
and Cmn are settled and then substituted back into 
Eq. (20), the displacement field functions θx, θy, and w 
of the Mindlin plate are obtained, which are viewed as 
the necessary theoretical systematic responses during 
updated Bayesian detection of the Winkler foundation 
parameters with the Jeeves pattern search method. 

 
 
 
 
 
 
 
 
 
 

 
 

4  Detection of the stochastic foundation 
parameters with the Jeeves pattern search 
theory 

4.1  Jeeves pattern search theory 

The available optimization methods are of two 
main types: the first is a direct search method such as 
the Jeeves pattern search method or revised Powell 
method, and the second is a gradient search method 
such as the Broden-Fletcher-Goldfarb-Shanno 
(BFGS) method or conjugate gradient method. The 
gradient search method continuously changes the 
matrix scale to produce new searching directions 
during the optimization iterative processes. The gra-
dient optimization method has to determine the partial 
differentiations of objective functions to systematic 
parameters, which inevitably leads to error accumu-
lation. The same is true for the Kalman filtering 
method. Among the direct search methods, the Jeeves 
pattern search method, which is formed and improved 
from the variable alternate method, tries to optimize 
the updated Bayesian objective function along each 
coordinate orientation. This is defined as a detective 
search. After the detective search, the variational 

regularity of the studied objective function is 
achieved and consequently the optimal search direc-
tion is determined. Then, the studied objective func-
tion is moved along the special direction and evalu-
ated at the optimal spatial point. This is defined as 
pattern movement. The main two stages are alternated 
until the detective step length is less than the given 
criterion.  

Combined with updated Bayesian theory, the 
flowchart for detection of the foundation parameters 
with the Jeeves pattern search method is shown in 
Fig. 2 and the corresponding steps are presented as 
follows: 

1. Select the initial foundation parameter vector 
X0 and the initial step length vector t0. The step length 

0
it  along the ith coordinate direction in t0 can usually 

be determined as 
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where ix  and ix  are respectively the possible upper 

and lower bounds of xi which can roughly be assigned 
from engineering experience. λ may be assumed as 
0.1. n is the dimension of the vector X0. 

2. Select the convergence tolerance ε. Define k as 
the iterative time and let k=0. 

3. Let Xk,0=Xk. Then denote ei as the ith unit co-
ordinate direction vector and Xk,i as the detective 
point along the direction ei in the kth iterative time. 
Xk,i is completed by the equations:  
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where i=1, 2, …, n. 
4. If the detective search stage is finished, which 

means i=n, and Xk,n≠Xk,0, it turns into the pattern 
movement stage of step 7.  

5. If Xk,n=Xk,0, it is clarified that the optimal 
search direction cannot be obtained from Xk with the 
available step length and so the step length must be 
decreased.  

Fig. 1  Mindlin plate on Winkler foundation 
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6. Let tk=βtk, where β is the reduction coefficient 
which may be assumed as 0.5. If the condition 

max | |k
i

i
t   is satisfied, Xk is the convergence solu-

tion. The iteration is terminated and we go to step 11. 
Otherwise go back to step 3. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

7. The vector Xk,n−Xk is considered as the pro-

gressive movement direction. Then the point kX  can 
be ascertained as 

 
, ,( ),k k n k k n k  X X X X                (25) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2  Flowchart for updated Bayesian detection of the foundation parameters with a Jeeves pattern search method 
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where αk is the optimal movement step length, which 
is determined by a 1D search method such as the 
Fibonacci interpolation method or the quadratic par-
abolic interpolation method. 

8. Let ,0 .k kX X   From ,kX  then ,k jX  is com-

pleted by the following equations: 
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

   
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X e X X e

 
      (28) 

 

where j=1, 2, …, n.  

9. If j=n and , ,0 ,k n kX X   then , .k k nX X   

Otherwise, kX  is kept unchanged. 

10. If ,( ) ( ),k k nJ JX X  it means that the pattern 

movement is successful and 1 .k k X X  If ( )kJ X  
,( ),k nJ X  it means that the pattern movement fails and 

Xk+1=Xk,n. Then we go back to step 3 of detective 
search and begin a new turn of iteration. 

11. From Eq. (11), the covariance 
X̂

C  of the 

Winkler foundation parameters X is achieved. 

4.2  Determination of the optimal step length 

Searching the optimal step length is necessary in 
step 7 of the updated Bayesian detection steps of the 
foundation parameters, which is a fairly complicated 
problem in the analysis of parameter detection (Zhang 
et al., 2010; Vu-Bac et al., 2016; Hamdia et al., 2017). 
Of the available achievements, the 1D search method 
is generally preferred to the golden section method or 
quadratic parabolic interpolation method. Among 
these methods, the quadratic parabolic interpolation 
method has greater computational efficiency, which 
can automatically determine the span of the optimal 
movement step length α and then optimize the sig-
nificant step length. The main steps include: 

1. Determination of the span where the optimal 
step length α lies. Assume the initial step length α1 
and a step length increment α0 and set α2=α1+α0. From 
the updated Bayesian objective function, if J(α1)≥ 
J(α2), the step length increment defined as αk= 

αk−1+2k−2α0, where k3, is calculated. The calculation 
is not ended until J(αk)≥J(αk−1). If J(α1)<J(α2), the 
other step length increment is defined as αk=αk−1+ 
2k−3α0, where k3, and calculated. Similarly, the cal-
culation is not ended until J(αk)≥J(αk-1). When the 
iterative calculation is completed, the interval of the 
optimal step length α is obtained and noted as [αa, αd], 
where αa and αd are the values of the two endpoints of 
the interval where the optimal movement step length 
α lies. 

2. Interpolation of the optimal step length α. On 
the basis of the function extremum theory of the 
Bayesian objective function and through pertinent 
mathematical deductions, the optimal step length α is 
presented: 

 

b
a d

c

1
,

2
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  


 
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           (31) 

 
where αb and αc are both the transitional variables. αe 
is the middle point of the interval [αa, αd]. 

 
 

5  Example analysis of the updated Bayesian 
detection of the stochastic foundation  
parameters 

5.1  Analytical material 

In order to take the updated Bayesian detection 
of the stochastic foundation parameters with Jeeves 
pattern search theory into action, the detection pro-
gram named JEVFND.for is compiled in which the 
subprogram of a Fourier close form solution is em-
ployed. Three different kinds of Winkler foundations 
in Fig. 3, on which three different concrete bearing 
plates are respectively settled, are taken into account. 
The dimension, elastic modulus, Poisson’s ratio, and 
the shearing correction coefficient of the plates and 
both the true value and the coefficient of variation of 
the Winkler foundations are presented in Table 1. The 
uniform loads q1 and q2, which are respectively  
equal to 300.0 N/cm2 and 180.0 N/cm2 along the z 
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coordinate direction, are respectively applied on the 
concrete bearing plate on the first and second Winkler 
foundations, and the concentrated load P which 
equals 2500 kN is applied on the concrete bearing 
plate on the third Winkler foundation. The four se-
lected points on the concrete bearing plate in Fig. 4 
are viewed as displacement-measured spots and the 
displacement of each selected point is measured five 
times with consideration of the measured error. The 
measured displacement data and the displacement 
standard deviation data are listed in Table 2 (Sun et 
al., 1996) and the numerical changes represent the 
randomness of the system response. 

5.2  Convergence verification of Jeeves pattern 
search model 

In order to validate the reliability of the Jeeves 
pattern search model of the stochastic foundation 
parameter and the correctness of the completed ana-
lytical program, the a priori information of the sto-
chastic foundation parameter is firstly presupposed to 
satisfy the precise condition. The a priori information 
data of the three Winkler foundation parameters are  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1  Dimensions of the concrete bearing plate and other parameters 

Foundation 
No. 

Plate 
length,  
a (cm) 

Plate 
width,  
b (cm) 

Plate 
thickness, 

t (cm) 

Elastic 
modulus, 
E (N/cm2)

Poisson’s 
ratio, μ 

Shearing 
correction 

coefficient, γ

Winkler 
parameter,  

kz (N/cm3) 

Coefficient 
of varia-
tion, η 

1 
2 
3 

120 
100 
  60 

160 
  80 
120 

10 
  8 
10 

3.0×106 
3.2×106 
3.0×106 

0.16 
0.16 
0.16 

0.8 
0.8 
0.8 

110 
  80 
  60 

0.1 
0.1 
0.1 

q 

z

Concrete bearing plate

x

P 

Foundation model 

Fig. 3  Concrete bearing plate on a Winkler foundation

Table 2  Displacement measurement and the displacement standard deviation 

Foundation 
No.  

Selected 
points No. 

Displacement measurement (cm) Displacement standard deviation (cm) 

w1 w2 w3 w4 w5 σw1 σw2 σw3 σw4 σw5 

1 

1 0.877 0.873 0.879 0.871 0.872 0.013 0.016 0.015 0.011 0.018

2 1.175 1.171 1.179 1.173 1.172 0.025 0.023 0.028 0.022 0.027

3 0.849 0.843 0.846 0.842 0.845 0.012 0.016 0.018 0.010 0.015

4 0.850 0.853 0.848 0.855 0.856 0.015 0.018 0.012 0.016 0.019

2 

1 0.216 0.213 0.215 0.212 0.219 0.007 0.011 0.012 0.009 0.008

2 0.299 0.293 0.292 0.297 0.294 0.011 0.008 0.009 0.006 0.012

3 0.220 0.224 0.223 0.227 0.217 0.012 0.005 0.007 0.010 0.009

4 0.218 0.223 0.214 0.215 0.213 0.010 0.006 0.008 0.004 0.007

3 

1 0.281 0.283 0.284 0.278 0.277 0.011 0.008 0.009 0.008 0.010

2 0.728 0.723 0.725 0.732 0.731 0.041 0.045 0.036 0.039 0.043

3 0.397 0.393 0.395 0.403 0.402 0.006 0.010 0.009 0.008 0.011

4 0.401 0.404 0.398 0.397 0.403 0.013 0.006 0.007 0.011 0.008

 

Fig. 4  Four selected points on the concrete bearing plate

y 

O

x 

23 4

1

a/4 a/2 a/4 

b/4 

b/4 

b/4 

b/4 
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respectively 110 N/cm3, 80 N/cm3, and 60 N/cm3. The 
two groups of the initial parameter data k10 and k20 are 
set as 180 N/cm3 and 25 N/cm3, respectively. The 
convergence tolerances of ε are equal to 0.001. With 
the displacement measurement and the displacement 
standard deviation shown in Table 2, the Jeeves pat-
tern search results are achieved in Fig. 5 and Table 3. 

It is shown in Fig. 5 and Table 3 that although 
different initial foundation parameter data are set, the 
relative errors of the foundation parameters are far 
less than 5% and the Jeeves pattern iterative processes 
are steadily convergent to the true values, indicating 
that the updated Bayesian detection of the foundation  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

parameter is correct and the completed program is 
reliable. The coefficient of variation is about 0.074, 
which is improved with the given data. From the 
search mechanical model analysis, unlike the Kalman 
filtering theory and the conjugate gradient theory, the 
partial derivatives of the systematic responses to the 
foundation parameters are not involved in the itera-
tive detection processes, which consequentially leads 
to higher computational efficiency.  

The updated Bayesian theoretical model for the 
Winkler foundation parameters has universal signif-
icance for different kinds of foundation parameters 
and only the corresponding foundation model should 
be considered and substituted (Beldjelili et al., 2016; 
Bounouara et al., 2016; Besseghier et al., 2017; Zhang 
et al., 2017). Besides, the Jeeves pattern search 
method can be replaced by some other optimization 
methods and the corresponding analytical models will 
be achieved naturally.  

5.3  Stability verification of the Jeeves pattern 
search model 

The a priori information of the foundation pa-
rameter is supposed not to satisfy the precise condi-
tion, which means that the deviation degree of the a 
priori information from the true parameter value ex-
ceeds 10%. From large quantities of trial computa-
tions, the Jeeves pattern iterative processes are always 
divergent because the two items in Eq. (4) cannot 
simultaneously converge in accordance with the set 
criteria. In practical engineering, the a priori infor-
mation cannot be always precisely grasped and in this 
section, the second item in Eq. (4) should be deleted 
and the discussed updated Bayesian objective func-
tion should be evolved into the extensive Markov 
form (Wen, 2011). The initial parameter data k10 and 
k20 are set as 180 N/cm3 and 30 N/cm3, respectively. 
The rest of the data are the same as Section 5.2, and 
from the developed program, the Jeeves pattern de-
tection results are found from Fig. 6 and Table 4. 

 
 

 
 
 
 
 
 

Table 3  Jeeves pattern search results in convergence verification 

Foundation 
No.  

k10 k20 

Final  
parameter 
(N/cm3) 

Iterative time 
Relative 
error (%)

Convergent
Final  

parameter 
(N/cm3) 

Iterative 
time 

Relative  
error (%) 

Convergent

1 109.213 10 0.715 Yes 110.733 15 0.666 Yes 

2   80.015 11 0.012 Yes   79.558 13 0.552 Yes 

3   60.231 13 0.385 Yes   60.436 11 0.723 Yes 
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Fig. 5  Jeeves pattern iterative process in convergence
verification: (a) k10; (b) k20 
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From the results in Fig. 6 and Table 4, the Jeeves 
pattern iterative processes are also steadily conver-
gent to the true values. Compared with the results for 
the Bayesian objective function in Section 5.2, the 
relative errors of the foundation parameters are also 
far less than 5%. It is illustrated again, therefore, that  
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

the Jeeves pattern search model of the foundation 
parameter is a convincing one (Sun et al., 1996; 
Zhang et al., 2010). In this section, it is an improve-
ment that the partial derivatives of the systematic 
responses to the Winkler foundation parameters are 
not needed for the Jeeves pattern iterative process. 
From the results, it is shown that when the different 
initial parameter values are assumed, they are all 
convergent to the true values, and the convergence is 
relatively insensitive to the selection of the initial 
parameter values. 

5.4  Sensitivity analysis of measured response in 
the Jeeves pattern search model 

The measured displacement data are not precise, 
which means the deviation degree of the measured 
data from the true data in Table 2 is set as 15%. The a 
priori information of the Winkler foundation param-
eter is presumed to conform to the precise condition 
and the other data are similar with those in Section 
5.2. From the developed program, the Jeeves pattern 
search results are listed in Table 5. 

It is indicated from the results in Table 5 that 
when the measured displacement data are imprecise, 
the Jeeves pattern iterative processes of the Winkler 
foundation parameter are divergent and the relative 
errors are far more than 5% even though the iterations 
reach a fairly large number. The computational results 
prove that the precision of the measured systematic 
response is of great importance, which means the 
systematic responses must be accurately supplied, 
otherwise the Jeeves pattern iterative process cannot 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 4  Jeeves pattern search results in stability verification  

Foundation 
No. 

k10 k20 

Final  
parameter 
(N/cm3) 

Iterative 
time 

Relative 
error (%)

Con-
vergent

Final  
parameter 
(N/cm3) 

Iterative 
time 

Relative 
error (%) 

Conver-
gent 

1 110.247   8 0.224 Yes 109.876 13 0.113 Yes 

2   80.276 10 0.345 Yes   80.314 10 0.393 Yes 
3   60.325 12 0.542 Yes   60.317   9 0.528 Yes 

Table 5  Jeeves pattern search results in sensitivity analysis of measured response  

Foundation 
No. 

k10 k20 

Final  
parameter 
(N/cm3) 

Iterative 
time 

Relative 
error (%)

Con-
vergent

Final  
parameter 
(N/cm3) 

Iterative 
time 

Relative 
error (%) 

Conver-
gent 

1 147.482 100 34.075 No 84.715 100 22.986 No 

2   98.803 100 17.094 No 62.573 100 15.843 No 

3   77.815 100 29.692 No 44.547 100 25.755 No 
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Fig. 6  Jeeves pattern iterative process in stability verifi-
cation: (a) k10; (b) k20 
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be efficiently completed. It can be seen that the con-
vergence is relatively sensitive to the assignment of 
the measured displacement data, and if the Jeeves 
pattern iterative processes are efficiently convergent, 
it is an important prerequisite that the systematic 
response assignment should be accurate enough. 

 
 

6  Conclusions 
 
1. An updated Bayesian detection model of the 

stochastic Winkler foundation parameter based on 
Jeeves pattern search theory is derived. The Jeeves 
pattern iterative processes are steadily convergent to 
the true values, indicating that the derived detection 
model is correct and reliable. 

2. Unlike the Kalman filtering theory and the 
conjugate gradient theory, the partial derivatives of 
the systematic responses to the foundation parameters 
are irrelevant in the Jeeves pattern search process, 
which indicates that the Jeeves pattern theory is of 
higher computational efficiency. 

3. Searching for the optimal movement step 
length is a fairly complicated problem in parameter 
detection. The derived quadratic parabolic interpola-
tion method can automatically determine the interval 
of the optimal step length and then search the signif-
icant step length. 

4. The derived updated Bayesian detection 
model based on the Jeeves pattern search theory has 
universal significance for different kinds of founda-
tion parameters if the corresponding foundation 
model is considered and substituted for the discussed 
Winkler foundation. 
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中文概要 
 
题 目：基于 Jeeves 模式搜索理论地基参数的更新 Bayes

探测法 

目 的：通过 Jeeves 模式搜索理论建立弹性地基参数的更

新 Bayes 探测分析模型，以及获得地基参数的寻

优搜索结果。 
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创新点：1. 根据 Bayes 统计理论，推导更新 Bayes 误差函

数。2. 结合最优步长的抛物线插值理论，推求地

基参数的 Jeeves 模式搜索寻优方法，建立地基参

数的探测分析模型。 

方 法：1. 根据 Bayes 统计理论，推导更新 Bayes 误差函

数（公式（4））及误差函数对地基参数的梯度

表达式（公式（5））。2. 根据中厚度弹性地基

板理论，推求 Winkler 地基上板的控制微分方程

（公式（19））和 Fourier 闭式解（公式（20））。

3. 提出最优步长的抛物线插值寻优方案，并结合

Jeeves 模式搜索理论建立弹性地基参数的更新

Bayes 探测分析模型。 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

结 论：1. 基于更新 Bayes 理论，可研究地基参数的 Jeeves

模式搜索分析模型，且地基参数的探测迭代过程

具有良好的稳定性与收敛性。2. 更新 Bayes 误差

函数能同时考虑不同量测次数和不同测点的位

移实测信息，计算效率较高。3. 与共轭梯度法和

Kalman 滤波方法不同的是，Jeeves 模式搜索理论

的迭代过程不涉及误差函数偏导数计算，避免了

迭代过程的误差累积。 

关键词：Jeeves 模式搜索理论；更新 Bayes 误差函数；探

测；地基参数；Fourier 闭式解 

 
 


