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1. Abstract
In this paper, four schemes are presented to improve the accuracy of the Kriging model. The sampling-based
methods are used in reliability-based design optimization (RBDO) if the sensitivity information is not available. In
sampling-based RBDO, true models are approximated by using surrogates, since direct reliability estimation
requires evaluations at a very large number of sample locations and true samples are computationally expensive in
most practical design applications. Since the Kriging model is accurate compared to other surrogate methods, it is
widely used not only in geostatistics but also in engineering applications. The Kriging model is based on a
Gaussian random process, which includes a spatial correlation function. To identify the best correlation function
parameter for the given correlation function, maximum likelihood estimation (MLE) is widely applied. However,
MLE can be inaccurate when the sample size is small and the selected spatial correlation length (Kriging
parameter) is smaller than distances between samples. In such situations, the estimated Kriging parameters may
yield either misleading results or flat predictions. Therefore, in the literature, a penalized likelihood function is
introduced to avoid such a wrong result by using a penalty function and cross-validation error. The authors of the
original penalized likelihood function recommended using the smoothly clipped absolute deviation (SCAD)
penalty function along with grid samples for the parameter λ of the penalty function. The appropriate grid size for
the parameter λ is dependent on the problem at hand. A small grid size is usually more stable and gives better
performance, but it increases the number of cross-validation (CV) errors to estimate. On the other hand, when the
sample size is relatively large, the effect of the penalty function is limited. Therefore, a generalized pattern search
(GPS) algorithm is applied to find better λ starting from λ = 0, where the penalty function is zero. At the same time,
some correlation function types are better than other correlation function types for describing the correlation
structure of given data. In engineering applications, the Gaussian correlation function is often used, since they are
infinitely differentiable and provide a relatively smooth surface. However, examples show that other correlation
function types could yield better results. To select the best correlation function, MLE can be applied. In the
dynamic Kriging method, better mean structure is selected based on the process variance of the Kriging model.
However, a wrong correlation model could be selected. If CV is used instead of the process variance to select a
better mean structure, the performance is improved. The proposed methods are applied to mathematical and
engineering examples to demonstrate effectiveness.
2. Keywords: Kriging, Correlation Model, Penalized MLE, Mean Structure, Dynamic Kriging
3. Introduction
Deterministic computer simulations of physical phenomena have been widely used in science and engineering for
design guidance; and as more sophisticated and larger size models are used, they become computationally
expensive. To design engineering products, accurate reliability analysis is necessary. Otherwise, an unreliable or
overly conservative design can be obtained. When accurate sensitivity information of performance functions is
available, reliability-based design optimization (RBDO) using the most probable point (MPP) has been applied to
many engineering problems [1-11]. However, the sensitivity is often not available or is difficult to obtain
accurately in complex problems such as multi-physics or multidisciplinary design/structural optimization. Without
sensitivity, the MPP-based reliability analysis cannot be used and, alternatively, direct numerical probability
integration can be performed using Monte Carlo simulation (MCS). However, this method is impractical when
computer experiments are computationally expensive because it requires a large number of performance function
evaluations, especially for small probability of failures.
Therefore, surrogate models are introduced to reduce the computational burden for solving problems without
sensitivity. The Kriging method is one of the widely used surrogate modeling methods [12-18]. One advantage of
the Kriging method is that it is an interpolation method and not a regression method. Thus, this method reproduces
the same responses at given sample locations, and it is appropriate to approximate deterministic computer
experiments. Another advantage is that it provides uncertainty information at the prediction point, which has
motivated a number of adaptive sampling methods [12, 13]. To construct an accurate Kriging model, an
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appropriate form of the Kriging model should be selected and the parameters should be estimated accurately. In
geostatistics, a sample variogram is usually plotted first from given data [19-21]. Based on the variogram, an
appropriate correlation model is selected and parameters are estimated. However, this process requires users’
knowledge on the Kriging method. Therefore, the correlation model is usually fixed, and the maximum likelihood
estimation (MLE) approach is applied to estimate parameters in many engineering applications [22-26].
Cross-validation can be an alternative to MLE, but MLE usually outperforms CV [22, 27].
Zhao et al. showed the importance of parameter estimation in the Kriging model, and the generalized pattern
search (GPS) algorithm was used to find the optimal parameter in MLE [26, 28]. They found that GPS performed
better than Hooke and Jeeves (H-J) [29], Levenberg-Marquardt (L-M) [24], or genetic algorithm (GA) [26].
However, performances of GPS are also influenced by initial parameter values. Therefore, GA is introduced to
find better initial parameters for GPS.
In many engineering applications, the Gaussian correlation function is the most commonly used spatial correlation
function (SCF) since it provides a relatively smooth and infinitely differentiable surface, which can be beneficial
for gradient-based optimization algorithms [22-26]. However, there are many different data structures, and thus
the fixed correlation model may not be able to describe the given data well [19, 21, 29, 30]. MLE is used for
identifying the best correlation model among seven different SCF types in the literature [29].
When enough samples are not provided, performance of MLE is often not satisfactory due to inaccurate
log-likelihood function. To overcome this problem, penalized MLE (PMLE) is introduced, which includes the
penalty function [31]. However, PMLE is computationally more expensive due to CV estimations and is not
always more accurate than MLE. Thus, an appropriate condition should be applied for the usage of PMLE, and
PMLE is only applied for problems with a small sample size.
Zhao et al. also showed that the accuracy of the Kriging method can be enhanced by selecting appropriate basis
functions instead of using all possible basis functions [26]. Even though their original idea is noble, the process
variance is not appropriate for selecting better mean structures. In this paper, leave-one-out cross-validation
(LOOCV) is used instead of the process variance. In this paper these proposed improvements are combined and
implemented to test.
Section 4 briefly reviews the formulation of the Kriging method, and Section 5 explains different parameter
estimation methods. In Section 6, correlation models and mean structures in the Kriging model are selected, and a
combined method, which includes all improvement schemes, is proposed. Performances of proposed methods for
numerical and engineering examples are shown in Section 7. Section 8 concludes the current study and discusses
its limitations and future research.
4. Kriging Model
In a Kriging model, there are two parts, and the mathematical form can be expressed as [14],
k

y ( x)    i f i ( x)  Z ( x)
i 1

(1)

f βZ
T

where k is the number of basis functions, fi is the ith basis function, βi is the ith coefficient, and x is the prediction
location. Z is a model of a Gaussian random process with zero mean and covariance:

V ( x1 , x 2 )   2 R (θ, x1 , x 2 )

(2)

where σ2 is the process variance, R is the SCF, θ is the correlation function parameter, and x1 and x2 are two sample
sites.
The universal Kriging (UKG) method is defined with a set of basis functions:

f ( x)  { f1 ( x), f 2 ( x), , f k ( x)}T

(3)

The ordinary Kriging (OKG) method is a special case of universal Kriging when its basis function is expressed as

f ( x)  {1}T

(4)

The Kriging prediction is expressed as

yˆ ( x)  f T ( x)β  r T ( x) R 1 ( Y  Fβ)

(5)

where Y is true responses at known samples, r(x)={R(θ, x, x1), R(θ, x, x2),…, R(θ, x, xn)}T; n is the number of
samples; F= {f(x1), f(x2),…, f(xn)}T; and the least-squares estimate of β is

2

βˆ ( x)  (F T R 1F ) 1 FT R 1Y

(6)

The SCF can have different forms, and seven different correlation functions in the literature [29] are considered, as
shown in Table 1.
Table 1: Correlation functions
Name

R j ( j , x1 , x2 )

Exponential

exp(  j x2  x1 )

General Exponential

exp(  j x2  x1

 n1

), 0   n 1  2

2

Gaussian

exp(  j x2  x1 )

Linear

max 0,1   j x2  x1 

Spherical

1  1.5 j  0.5 3j ,  j  min 1,  j x2  x1 

Cubic

1  3 j2  2 3j ,

Spline

1  15 j2  30 3j , for 0   j  0.2

3
1.25(1   j ) , for 0   j  1
0,
for  j  1,

where  j   j x2  x1

 j  min 1,  j x2  x1 

5. Parameter Estimation
Parameter estimation is the process of selecting the regression function coefficient, process variance, and
correlation function parameters γ = {β, σ2, θ}. To estimate accurate parameters, various statistical techniques are
available, such as the variographic analysis (VA), Bayesian estimation (BE), CV, or MLE [18, 22]. In geostatistics,
the empirical variogram is usually obtained first from the autocovariance structure of the data [19-21]. However,
this methodology requires users’ interaction, so it is very sophisticated and not appropriate for our purpose. With
the BE technique, prior information is needed, which might not be available [18]. In computer experiments, the
MLE technique is most widely used, and Martin and Simpson [22] showed that the MLE method outperformed the
CV technique. Therefore, the MLE technique will be mainly used.
5.1. Maximum Likelihood Estimation (MLE)
Under the Gaussian assumption, the log-likelihood of the model parameters is defined as

n
1
1
l   ln[2 2 ]  ln[ R ] 
( Y  Fβ)T R 1 ( Y  Fβ)
2
2
2
2

(7)

By taking the derivative of Eq.(7) with respect to β and σ2 and using Eq.(6), σ2 is estimated as

ˆ 2 

1
n

( Y  Fβˆ )T R 1 ( Y  Fβˆ ).

(8)

Then the log-likelihood function l also can be estimated. The goal of the MLE method is to find optimal θ that
maximizes the likelihood function based on all observations.
It is a global optimization problem, and many different optimization algorithms have been applied, such as the
downhill simplex method, the Newton-Raphson method, the quasi-Newton method, the Fisher scoring algorithm,
the adaptive simulated annealing, the GA, and the GPS method [23-26]. The first four gradient-based methods are
local optimization methods, so they are not appropriate for highly nonlinear problems. Adaptive simulated
annealing is much more computationally intensive because it is a Monte Carlo method [23, 25]. Zhao et al. showed
that GPS performed better than H-J, L-M, or GA [17, 24, 26]. However, it is observed that the performance of GPS
is influenced by its initial design point, and thus if the initial design is far from true optimum, GPS is
computationally expensive and sometimes inaccurate. Therefore, GA can be used to find a better initial point for
GPS.
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5.2. Penalized MLE (PMLE)
The log-likelihood function near the optimum may be flat in some situations, or it can give wrong information.
One way to solve this problem is to add a constraint θ < θmax in MLE, but it is another problem to choose the
threshold θmax. Therefore, PMLE is introduced for parameter estimation instead of MLE [21, 31-33]. In PMLE, a
penalty function is added to the log-likelihood function, such as
d
n
1
1
Q   ln[2 2 ]  ln[ R ] 
( Y  Fβ)T R 1 ( Y  Fβ)  n  p ( i )
2
2
2
2
i 1

(9)

where n is the number of samples, d is the number of variables, pλ is the penalty function, and λ is the parameter in
the penalty function. Three penalty functions are introduced; they are the L1 penalty, pλ(|θ|)=λ|θ|; the L2 penalty,
pλ(|θ|)=0.5λ|θ|2; and the smoothly clipped absolute deviation (SCAD) penalty. The first derivative of the SCAD
penalty is defined as



( a   ) 



( a  1)

p ( )    I (   ) 



I (   ) 

(10)



where a = 3.7, θ > 0, with pλ(0) = 0 [31]. The SCAD penalty function is recommended in the literature [31], but
other penalty functions showed similar performances with global optimization algorithms, so the L1 penalty is
applied in this paper. The amount of penalty is decided by the penalty function parameter λ. In the literature [31], a
set of grid samples for λ are chosen, and the best λ is selected based on CV error. However, when exhaustive grid
samples are used, it is not easy to decide the grid size and the parameter range for λ. If the grid size is too small, the
computational cost becomes unnecessarily high. On the other hand, if the grid size is too large, the optimum may
not be found. With grid samples, a large parameter range also increases the computational cost. Therefore, an
optimization algorithm needs to be applied to enhance the efficiency. Local optimization methods such as a golden
section method [34] or a gradient-based method are tested, but they often fail to find the optimum. Cross-validation
error is not a smooth function and may have multiple local optima, so local optimization algorithms often fall into
local optima. Therefore, GPS is applied to find optimal λ in PMLE.
6. Correlation Models and Mean Structures
6.1. Correlation Models
The choice of the correlation model is crucial to the Kriging model. Gaussian correlation models are widely
applied for many engineering problems, since corresponding Kriging models are infinitely differentiable and
smooth. However, the best correlation model can be different for different data or problems. If mean structures are
the same for given data, the residual information is also the same. Then MLE can be used to select the best
correlation function, since the correlation model, which maximizes the log-likelihood function, is more likely to
describe the residual information well compared to other correlation models. Seven different correlation models
are considered in Table 1.
6.2. Mean Structures
In DKG, the best mean structure is selected based on the process variance σ2 in Eq. (8) [26]. However, DKG tends
to choose the model with full basis functions for its mean structure, and chosen models are often not the best in
terms of accuracy. This means that σ2 may not be a good measure to select the better mean structure.
Cross-validation is applied instead of σ2 to find better mean structures. However, CV is computationally expensive,
and it may not be sensitive enough to identify the difference among all basis function combinations. Therefore, the
best mean structure is chosen among only OKG and first- and second-order UKG methods.
7. Numerical Experiments
7.1. Analytical Examples
To test the effectiveness of the proposed methods, a set of analytical functions are employed [5, 7, 35-37]. These
are:
Iowa G2 function (2 variables)
y ( x)  1  (0.9063  x1  0.4226  x2 )  (0.9063  x1  0.4226  x2  6)
2

0.6(0.9063  x1  0.4226  x2 ) 4  ( 0.4226  x1  0.9063  x2 )
0.01  x1 , x2  10

4

3

(11)

Branin-Hoo (2 variables)
2

2
5.1x1 5 x1
1 



y ( x )   x2 

 6   10  1 
 cos( x1 )  10,
2

4
 8 



(12)

5  x1  10, 0  x2  15.

Camelback (2 variables)

 x14

y ( x)  



 2.1x1  4  x1  x1 x2  (4 x2  4) x2 ,
2

3

2

2

2



(13)

3  x1  3,  2  x2  2.

Hartman 3 (3 variables)




q




m

y ( x)    ai exp    bij ( x j  d ij )2  ,
i 1

j 1

0  x j  1, m  3, q  4, a  [1,1.2, 3.0, 3.2],

3.0
 0.1
b
3.0

 0.1
 0.3689
 0.4699
d 
 0.1091

 0.03815

10.0 30.0 

10.0 35.0 

,

10.0 30.0 

(14)


10.0 35.0 
0.1170 0.2673 
0.4387 0.7470 



0.8732 0.5547 



0.5743 0.8828

Hartman 6 (6 variables)




q




m

y ( x)    ai exp    bij ( x j  d ij )2  ,
i 1

j 1

0  x j  1, m  6, q  4, a  [1,1.2, 3.0, 3.2],

10.0 3.0 17.0 3.5 1.7 8.0 
 0.05 10.0 17.0 0.1 8.0 14.0 
,
b
3.0
3.5 1.7 10.0 17.0 8.0 


17.0 8.0 0.05 10.0 0.1 14.0 
0.1312
0.2329
d 
0.2348

0.4047

(15)

0.1696 0.5569 0.0124 0.8283 0.5886 

0.4135 0.8307 0.3736 0.1004 0.9991



0.1451 0.3522 0.2883 0.3047 0.6650 



0.8828 0.8732 0.5743 0.1091 0.0381 

Extended Rosenbrock (9 variables)
m 1

y ( x) 

 (1  x )
i

i 1

2

 100( xi 1  xi )  ,
2

5  xi  10, i  1, 2,  , m  9.

Dixon-Price (12 variables)

5

2

(16)

2

m

y ( x)  ( x1  1)   i  2 xi  xi 1  ,
2

2

(17)

i2

10  xi  10, i  1, 2,  , m  12.

Different numbers of samples are used depending on the number of variables in the examples. Sample locations
are generated using Latin Centroidal Voronoi Tessellations (LCVT), which has better uniformity compared with
Latin hypercube sampling (LHS) [38]. For the CV error, LOOCV is applied. For the Kriging model, DACE
MATLAB toolbox is used [29].
7.2. Engineering Example
As described by He et al. [39], statistical analysis in irregular wave and uncertainty quantification in variable
regular wave are presented for resistance and motions. There are two variables and twelve performance functions.
One hundred twenty-nine true samples are evaluated using CFD simulations. Among the 129 samples, 9, 17, 33,
and 65 samples are selected and used to construct Kriging models. The unused 120, 112, 96, and 64 samples,
respectively, are used to evaluate the accuracy of surrogates.
Normalized root mean square error (NRMSE) is used to compare the accuracies of different surrogates and is
defined as

1
NRMSE 

Nt

Nt

 y

i

 yˆ i 

2

i 1

(18)

max  yi   min  yi 

where Nt is the number of test points, yi is the ith true response or the ith CFD result, and ŷi is the ith prediction using
Kriging models.
7.3 Results and Discussions
7.3.1. Parameter Estimation in MLE
The genetic algorithm is proposed to find the initial point for GPS in Section 5.1. Using mathematical examples,
three optimization methods are compared. The mathematical examples are Iowa G2, Branin-Hoo, Camelback,
Rosenbrock, and Dixon-Price. The correlation function is fixed as Gaussian.
Table 2: NRMSE with different parameter search algorithms
Examples
No. of Samples
H-J
GPS
GPS using GA

Iowa G2
10
10.57%
10.55%
5.85%

Branin-Hoo
10
9.95%
9.80%
9.80%

Camelback
50
0.04%
0.04%
0.04%

Rosenbrock
50
12.37%
12.37%
0.70%

Dixon-Price
60
12.35%
12.35%
1.13%

According to Table 2, GPS using GA performs better than H-J or GPS, especially for high-dimensional problems,
even though the computational cost is about twice that of GPS.
7.3.2. PMLE
When MLE is inaccurate, PMLE can be used as described in Section 5.2. Five mathematical examples are used to
compare the performances of MLE and PMLE.
Table 3: NRMSE of MLE and PMLE
Examples
No. of Samples
MLE
PMLE

Iowa G2
10
12.08%
9.13%

Branin-Hoo
10
9.35%
9.21%

Camelback
10
15.83%
11.56%

Rosenbrock
20
15.21%
10.24%

Dixon-Price
30
13.02%
10.59%

According to Table 3, PMLE performs better than MLE for a relatively small sample size.
Next, to find the best λ in PMLE, GPS is proposed instead of the grid sampling method. The grid sampling method,
golden section search, and GPS are compared in five mathematical examples. The range of λ is [0, 10]. For the grid
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sampling method, 100 grid samples are used, and thus 100 LOOCV evaluations are required. For golden section
search and GPS, stopping tolerance is set to 10-4, which is a lot smaller resolution than the grid sampling method.
Table 4: Parameter λ from different search algorithms
Examples
No. of Samples
Grid Sampling
Golden Section
GPS

Iowa G2
10
0.01
1.62
0.01

Branin-Hoo
10
3.64
3.82
9.00

Camelback
10
0.01
1.46
0.01

Rosenbrock
20
0.01
10.00
0.00

Dixon-Price
30
0.01
10.00
0.00

Golden section search required 19~25 LOOCV evaluations, and GPS required 23~42. Therefore, they are more
efficient than the grid sampling method. However, golden section search often falls into local optimum in Table 4.
Therefore, GPS is more efficient and accurate than other methods.
When the log-likelihood function is flat near the optimum or is misleading, PMLE performs better than MLE.
However, PMLE performs worse than MLE for relatively large samples since the performance of PMLE is based
on the CV error. Furthermore, PMLE is much more expensive than MLE, so application of PMLE should be
limited to cases with small sample size. Maximum likelihood estimation has difficulty when the log-likelihood
function is flat near the optimum or the optimum is on the upper bound. Therefore, PMLE is only applied when the
optimum is located at the upper bound or the log-likelihood function value at the optimum is the same as that at the
upper bound.
7.3.3. Correlation Function Selection
In Section 6.1, correlation function selection by MLE is proposed. Five mathematical examples are used for
comparison tests.
Table 5: NRMSE for different correlation functions
Gaussian

Cubic

Exponential

Spline

Iowa G2
10.49%
6.16%
1.75%
0.04%
Branin-Hoo
8.90%
4.54%
1.28%
0.58%
Camelback
10.55%
2.26%
0.76%
0.04%
Rosenbrock
12.35%
12.35%
12.35%
12.35%
Dixon-Price
12.36%
12.36%
12.36%
12.36%
 Bold numbers are the correlation functions chosen by MLE.

Linear

Spherical

5.85%
3.87%
3.33%
12.35%
12.36%

5.91%
4.31%
2.29%
12.35%
12.36%

General
Exponential
0.69%
0.53%
1.55%
0.44%
0.73%

As shown in Table 5, performances are different with different correlation functions, and correct correlation
functions are identified by MLE except for the Branin-Hoo example. However, the difference in NRMSE is very
small (0.58% vs. 0.53%), which means that those two correlation functions are similar in their shapes. Overall,
better correlation models are identified by MLE, and the performance is improved.
7.3.4. Mean Structure Selection
In Section 6.2, a CV-based mean structure selection method is proposed instead of σ2-based DKG. To compare the
two dynamic Kriging methods, Iowa G2, Branin-Hoo, Camelback, Rosenbrock, Dixon-Price, and CFD
engineering problems are used. Two different sample sets are applied to mathematical examples, and four different
samples sets are applied to engineering examples. Therefore, 58 cases are tested overall.
Table 6: Performances of σ2-based and CV-based DKG
σ2-based DKG
CV-based DKG

Average NRMSE
7.91%
6.85%

Total Elapsed Time (Sec)
784
1,537

In Table 6, CV-based DKG is more accurate than σ2-based DKG. Therefore, the process variance σ2 does not seem
to be a good measure for mean structure selection. However, CV-based DKG is very expensive since many
different basis function combinations are examined. Furthermore, CV may not be accurate enough to identify the
differences between all basis function combinations, especially with large sample size. With the new dynamic
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Kriging method, the best model is chosen among the zeroth-, first- and second-order UKG based on CV error. The
Hartman3 and Hartman6 functions are included in this test, so 62 cases are tested.
Table 7: Performances of different Kriging methods
Methods

0th UKG

1st UKG

2nd UKG

Average NRMSE
Average Time
(sec)

6.28%

6.55%

8.42%

CV-based
DKG
6.45%

0.71

0.71

0.84

48.49

New DKG
5.92%
6.54

According to Table 7, the accuracy of CV-based DKG is similar to that of the zeroth- and first-order UKG, but it is
far more expensive than the other methods. New DKG is the most accurate, and the computational cost is much
less than CV-based DKG. Thus, even though CV-based DKG uses more combinations, CV does not seem to be
accurate enough to identify all small differences between tested mean structures.
7.3.5. Combined Scheme
Given Samples

YES

LL is inaccurate?
(Gaussian correlation, OKG)

Correlation Type Selection
by Penalized LL
(OKG)

NO

Correlation Type Selection
by LL
(OKG)

Mean Structure Selection
by CV

Kriging Model
Figure 1: Flowchart of new dynamic Kriging (LL means log-likelihood function)
Four different schemes are introduced to improve the accuracy of Kriging. They are better parameter search in
MLE, PMLE for small sample size, better correlation model selection, and better mean structure selection. They
can be combined into a new dynamic Kriging process as shown in Fig. 1. For given samples, the shape of the
log-likelihood function is examined to see if it has a flat region near the optimum. If the log-likelihood function is
inaccurate, PMLE is used in correlation function selection. Otherwise, the best correlation function is identified by
MLE. Once a correlation model is selected, the best mean structure is chosen based on CV error. Parameters are
estimated at each stage, and all parameter estimations are done by GPS using GA.
With 62 tests, average NRMSE is 5.71%, but average elapsed time is 62.83 sec. It is quite expensive, so GPS is
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applied instead of GPS using GA since multiple parameter estimations are performed within the new dynamic
Kriging process. With the same 62 tests, average NRMSE is 5.77%, and average elapsed time is 24.88 sec. The
accuracy became a bit worse, but it is more efficient.

8. Conclusions
The accuracy of the Kriging method is improved by employing four different methods – GPS using GA for
parameter search in MLE, PMLE with small sample size, correlation model selection by MLE, and mean structure
selection by CV error. Parameter estimation in PMLE is also improved. Each method is shown to improve the
accuracy of the Kriging model. They are combined into one process, and the new dynamic Kriging method shows
improved accuracy with mathematical and engineering examples.
However, there are several issues to be resolved. In new dynamic Kriging, PMLE is very conservatively applied. If
the threshold condition when MLE is bad can be identified accurately, PMLE can contribute more. Only seven
correlation function types are considered in this paper, but any other correlation functions can be considered too.
However, more correlation function types mean more computational cost, so only distinctive correlation types are
used. In mean structure selection, a more accurate identifier should be investigated. If the differences between
different mean structures can be identified correctly, dynamic Kriging will become more effective. New DKG is
computationally expensive, so efficiency schemes need to be investigated.
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