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Abstract

The objective of this dissertation is to represent an image using DACE approach. Design

and Analysis of Computer Experiments (DACE) is used to build surrogate models to con-

struct approximate models. It uses kriging approximation model based on data from a

computer experiment that are deterministic in nature. The DACE model is built for given

deterministic input data that gives an approximate model as output. This concept can be

used to build an approximation model for representing images. The model is constructed

by calculating the parameters using fitted DACE model representing an image in mathe-

matical equations.

Image is considered as deterministic computer experiments as for multiple evaluations

same pixel values are obtained for fixed inputs. Thus DACE can be used for representing

an image by constructing an approximate model for the image by taking sample points

with respective pixel values. After the model is built it is capable to predict the unknown

pixel values using the DACE model. The predicted pixel values can be represented as

approximate for the original input image. The representation of the image through the

parameters of the fitted DACE model and efficiency in representing an image and the

applications involved in such type of representation is done in this dissertation.
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Chapter 1

Introduction

An Image is represented in a spatial coordinate as a two dimensional function having static

pixel elements for respective spatial coordinate domain. By observing the spatial and static

representation of image literature survey is done for representing an image in spatial and

static domain and that made to concentrate on the concept DACE ie Design and Analysis

of Computer Experiments. It builds an approximate model for data from computer exper-

iments which is a collection of pairs of input and response from runs of a computer model.

By doing the survey a software package DACE, which is a Matlab toolbox for working with

kriging approximations to computer models was studied and this concept was applied for

representation of an image writing the code in Matlab.

The theoretical framework of DACE was developed by Sacks and co-workers who pro-

posed a new model building strategy, that is especially suited for deterministic computer

responses. The basic assumption is that computer responses can be modelled as a real-

ization of a stochastic process. This finally leads to a response prediction that exactly

describes all calculated computer responses. Main advantage of the approximations of

Sacks et al., compared with other models, is the flexibility to automatically adapt to the

calculated response data. Most of recent papers study two problems of DACE. One is to

find and model the design optimization tool, and the other is to develop fast and prac-

tical reconstruction algorithms ie approximate models to recover the desired computer

responses with low computational time and cost. In this project, DACE is applied for

image representation and a new image representation scheme is proposed.

1.1 Motivation

Representation of an image as a computer code is crucial in computer vision and it is mainly

about retrieving information from such type of codes which are deterministic in nature.

Many applications depend on a good representation of image in order to perform well. The



representation of the image is involved in almost every field in computer vision and there

might be a need for building an approximate model. Many ways have been suggested for

modelling and representing colors, yet none of these ways has proved to be better than

all others. Many computer vision applications depend on a good color representation in

order to achieve good results. With time the fidelity of computer models to nature has

also steadily increased. Even with the fastest computers, computing expense is a problem

in representing an image with high fidelity simulation. A need has now arisen to replace

expensive computer simulations with alternative cheap surrogates. These surrogates are

approximate models which replace the representation of an image with the original color

image. In this, the work is focused on representing an image by building DACE model

considering the kriging approximation and then using the DACE model parameters the

image is represented using the concept of kriging predictor model.

1.2 Aim and scope of the project

This project deals with surrogate modelling and our aim is to develop an approximate

model for representing an image using the DACE surrogate model. The scope of the

project is limited to surrogates for computer models only. Computer codes are black

boxes i.e. usually no analytical expression is available for their output. Hence no a priori

knowledge of the output variation with change in input is available. Computer codes are

deterministic, i.e. there is no systematic, random, or human error involved in running a

computer code. The DACE surrogate model mentioned above creates an approximation

from a given set of samples for such deterministic black box functions. As shown in Figure

(1.1) the original computer code has the information of the true colors of the illuminated

object through imaging system, but the surrogate model gets information about the out-

put of the code only by sampling it. It must be noted that surrogate modelling involves

creating a model for the code output without any prior knowledge of the output variation.

Hence sampling the model intelligently as well as choosing the surrogate model framework

is the key to obtaining a good approximation. We shall elaborate on these key issues fur-

ther in the report.

Images can be represented as gray level images as well as color images. For gray level

images the analysis is based on the spatial distribution of the pixel intensities. The color

images are represented using intensities measured through several color filters (normally

three, RGB) for each pixel. Image representation has increased drastically by the devel-

oping of more powerful computer models and also advances in computer capacity. Despite

the advances in computer capacity, the enormous computational cost of complex engineer-

ing simulations makes it impractical to rely exclusively on simulation for the purpose of
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Figure 1.1: Surrogate Modelling Philosophy

designing models for representation of an image. To cut down the cost, surrogate mod-

els, also known as meta-models, are constructed from and then used in lieu of the actual

representation models. A need has now arisen to replace expensive computer models with

alternative cheap surrogates. These surrogates are approximate models which replace the

behaviour of the original high fidelity code for representation.

1.3 Layout of the project

The layout of this report is as follows. In this chapter a brief introduction about the

project and the motivation factor this work is discussed followed by aim and scope of

the project. In the next chapter ie chapter 2 the entire concepts of DACE are covered

including the mathematical derivations for building the model. In chapter 3 different

image representation techniques, formats and interpolations are discussed. In chapter 4

it discusses the algorithm for representing image in DACE model describing each and

every step involved for building the model. It also gives flow chart and later it explains

the model representation for image. The chapter 5 discusses about demonstrating DACE

model for image representation specifying few constraints and describes about the changes

occurred when parameters are varied. The next chapter talks about the comparative study

done on DACE representation describing the memory requirements and constraints. At

the end conclusion which gives the final tool for DACE Image Representation followed by

bibliography.
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Chapter 2

DACE

In this chapter we discuss about the concept involved in building DACE analysing the

mathematical concepts and deriving them by kriging interpolating technique and also

discuss about the initial conditions taken before modelling. The objective of the surrogate

model, as shown in Figure (1.1) of Chapter 1 is to predict the values of deterministic

function y(x) , x ∈ Rn, y ∈ Rq over a variable-space D , D ⊂ Rn when its values are

known only at a limited, finite number of sites contained in S = {s1,s2,...,sm |si ∈D} . To

make a good surrogate model we are free to choose S based on what type of input we are

taking. Finding these design sites and a suitable surrogate model is the objective of DACE.

According to [1] the problem of creation of a surrogate model for a computer experiment

can be subdivided into 2 parts:

1. The Design problem: At which input sites in S = {s1,s2,...,sm |si ∈D}should the

output data y(s1), y(s2), ...., y(sm) be collected?

2. The Analysis problem: How should the data be used to make a surrogate model that

will help us predict y(x) data at untired sites with reasonable accuracy?

Note that this methodology is applicable only when y(x) is a deterministic function.

The surrogate model employs an interpolation scheme known as kriging developed in

the fields of spatial statistics and geostatistics. This class of interpolating model has the

flexibility to model response data for computer experiments. However, this flexibility is

obtained at an increase in computational expense and a decrease in ease of use. The intent

of this study is to provide an initial exploration of the accuracy and modelling capabilities

of this approximation method.



2.1 Introduction

Despite the advances in computer capacity, the enormous computational cost of complex

engineering simulations makes it impractical to rely exclusively on simulation for the pur-

pose of designing computer experiments. To cut down the cost, surrogate models, also

known as meta-models, are constructed from and then used in lieu of the actual computer

experimental models. Various techniques for the construction of surrogate models, often

also referred to as meta-models or approximation models, have been used in designing

these models. Among these techniques, polynomial regression, Artificial Neural Network

(ANN), Radial Basis Function (RBF), and Kriging (also referred to as Gaussian Process

(GP) or Design and Analysis of Computer Experiments (DACE) models) are among some

of the most prominent and commonly used techniques and in this chapter DACE model is

discussed in detail.

The use of approximation models, or surrogates, has grown in popularity, a variety of

modelling methods have been employed. Perhaps the most popular techniques involve

polynomial models, typically linear or quadratic functions, created by performing a least

squares curve fit to a set of data, where the data consist of one or more dependent response

values along with one or more independent variables. Collectively, these polynomial-based

modelling methods have come to be known as response surface models where the term

taken from the statistical literature. These methods are popular for a number of reasons

one of which is that they provide a compact and explicit functional relationship between

the response and the independent variables. In addition, the method of least squares used

in creating the models is relatively computationally inexpensive and straightforward.

Originally these polynomial modelling methods were developed to produce smooth approxi-

mation models of response data contaminated with random error found in typical physical

(stochastic) experiments. Due to the ease of use of the polynomial modelling methods,

these techniques migrated to the field of deterministic computer experiments where there

is no random error (i.e., response data are identical each time the experiment is repeated).

By considering the interpolation techniques in the concept of computer experiments an ap-

proximate model is designed. The interpolation technique used is based on concept kriging

originally developed in the fields of spatial statistics and geostatistics. (The term kriging

was first used in the work of Matherton [2] who attributed the original development of

the statistical techniques to mining engineer D. G. Krige.) Recent studies by researchers

at Boeing including Frank [3] and Booker [4] have employed DACE modelling methods in

engineering optimization problems. The DACE modelling methods differ from the poly-

nomial modelling methods in that the DACE models can capture oscillatory (multimodal)

response trends whereas quadratic polynomials are by definition uni-modal. However, the
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flexibility offered by DACE modelling methods is offset by the lack of an explicit model

function as well as an increase in computational expense over that incurred in polynomial

modelling.

2.2 Background on DACE

Prior to a description of the mathematical underpinnings of the approximation modelling

methods, it is useful to compare the philosophy of polynomial modelling methods to that

of DACE interpolating methods. To simplify this comparison, the phrase RS model will

henceforth refer to polynomial models created via least squares surface fitting and the term

DACE model will refer to the class of interpolating models based on Bayesian statistics

and kriging. Although both RS models and DACE models are approximations to the true,

unknown response surface and as such are technically response surface models, the statis-

tical literature tends to reserve the term response surface model for polynomial models.

The phrase polynomial RS model will be used to reinforce this distinction. The construc-

tion of polynomial RS models or DACE interpolating models relies on the sampling of the

design space at ns unique locations in the design space to obtain response values for the

objective function or the constraints. Here, the design space is defined by the upper and

lower bounds on the vector x of nv independent variables, where

x = [x1, x2, ...., xnv ] (2.1)

The upper and lower bounds create a design space in the shape of an nv-dimensional cube

which has 2v
n vertices. Note that experimental error is not present when obtaining results

from deterministic computer models. Thus, no information is gained from the repeated

sampling of the same location in the design space. From the sampled data approximation

models are constructed to describe the variation in the response(s) with respect to the

nv independent variables. Mathematically, the true underlying functional relationship is

expressed as

y = f(x) (2.2)

where y is the observed response and f(x) is the unknown function. In many engineer-

ing optimization problems the cost of computing the objective function or constraints is

computationally expensive. For this reason, approximation models are employed in the

optimization problem as surrogates for these expensive function evaluations. These ap-

proximation models are expressed as

ŷ = f̂(x) (2.3)

Polynomial RS models can be thought of as global” models in which all of the ns observed

values of the response are equally weighted in the fitting of the polynomial surface. At
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an unsampled location in design space, x; response observations that are near to x (in the

sense of Euclidean distance) have an equal influence on the predicted response, f̂(x) as

do the response observations that are far from x: It may be argued that such a global

model may not be the best approximator if the true unknown response has multiple local

optima. In such a situation an approximation scheme having local” modelling properties

may be more attractive, i.e., where f̂(x) is more strongly influenced by nearby measured

response values and is less strongly influenced by those further away. Such local mod-

elling behaviour is characteristic of interpolation models, of which DACE models are one

particular implementation.

2.3 DACE Model

The objective here is to provide an introduction to the statistics and mathematics of DACE

modelling. A detailed treatment of the statistical and mathematical methods involved in

DACE modelling is explained briefly in the next section. Before addressing the principles

underlying DACE modelling methods, it is useful at this point to introduce the term prior

distribution which is often used in Bayesian statistics. A prior distribution refers to the

probability density function which one assigns to a variable of unknown value before any

experimental data on that variable are collected. The prior distribution is the mechanism

in Bayesian statistics through which one applies past experiences, knowledge, and intuition

when performing an experiment. However, one’s choice of the prior distribution biases the

interpretation of the experimental data. This intentional bias is the source of much con-

troversy in the statistical community. In spite of the differences between classical statistics

and Bayesian statistics, Berger emphasizes that both classical and Bayesian statistics have

merit, and he provides examples where the same interpretations of experimental data are

obtained using both methods. In the DACE literature the true, unknown function to be

modelled is typically expressed as

y(x) = f(x) + Z(x) (2.4)

where f(x) is a known function of x and Z(x) is a Gaussian random function with zero

mean and with variance of σ2 (i.e., the behaviour of Z(x) follows a normal or Gaussian

distribution). The f(x) term in Equation 2.4 in some sense is a global” model for the entire

design space based on the ns response observations, while the Z(x) term creates a localized”

deviation from the global model. In much of the current DACE literature the term f(x)

in Equation 2.4 is considered a constant and is indicated using the term β. Equation 2.4

then becomes

y(x) = β + Z(x) (2.5)
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The term β takes on different meanings depending on one’s statistical point of view. From

the perspective of the kriging approach used in DACE, β is an unknown constant to be

estimated based on the ns observed response values. The covariance matrix of Z(x) is

expressed as

Cov[Z(x(i)), Z(x(j))] = σ2R[R(x(i), x(j))] (2.6)

where R is the correlation matrix, and R is the correlation function which is selected by

the user. In Equation 2.6 i = 1....ns and j = 1....ns

Note that the correlation matrix R is symmetric with values of unity along the diagonal.

A choice for R often found in the statistical literature, is an exponential correlation function

R(x(i), x(j)) = exp[−
n∑
k=1

θk | x(i)
k x

(j)
k |

2] (2.7)

where xk is the vector of unknown correlation parameters. For this research only a single

correlation parameter is used instead of a vector of correlation parameters. The scalar

correlation parameter is denoted as θ. Thus, Equation 2.7 may be rewritten as

R(x(i), x(j)) = exp[−θ
n∑
k=1

| x(i)
k x

(j)
k |

2] (2.8)

The process by which a value for θ is estimated is given below.

Another term of interest is the correlation vector, r(x), between the response at a location,

x and the x(1),.....x(ns) response values. The correlation vector is expressed as

r(x) = R(x, x(i)) = [R(x, x(i)), R(x, x(2)), ...., R(x, x(n))] (2.9)

While Equation 2.4 represents the true, unknown function to be approximated, the com-

puted (i.e., estimated) DACE model is given the symbol ŷ(x) In statistical notation, this

estimated DACE model is defined as

ŷ(x) = E(y(x) | y(x(1))......y(x(ns))) (2.10)

where the expression E(.) is the statistical symbol for the expected value of (.) and

the expression E(A|B) is the expected value of A given the information B. The terms

y(x(1)).....y(x(ns)) are the ns observed values of the response, y(x) is the true response one

is attempting to estimate, and ŷ(x) is the actual estimate of the response (which one hopes

is close to y(x)). This distinction between ŷ(x) and y(x) is necessary so that the concept

of mean squared error (MSE) may be introduced where

MSE = E(ŷ(x)− y(x))2 (2.11)

This is simply a measure of the amount of error between the DACE model, ŷ(x), and the

true model, y(x); at all locations, x; in the design space. Since the DACE model performs

12



interpolation there is no error between the DACE model and the true model at the ns sites

where the values of the response are known. If MSE is minimized, ŷ(x) becomes

ŷ(x) = β̂ + rT (x)R−1(y − β̂f) (2.12)

where β̂ is unknown, and both r(x) and R depend on the unknown parameter θ. Note that

the vector f has length ns with all entries equal to unity

f = [1.......1] (2.13)

which is a result of the assumption that all of the variability in y(x) is accounted for in

the Z(x) term.

The unknown parameter θ is found using maximum likelihood estimation as described by

Booker et al [4]. In this approach, the values for β̂ and the estimated variance, σ̂2 are

obtained using generalized least squares as

β̂ = (fTR−1f)−1fTR−1y (2.14)

σ̂2 =
(y − β̂f)TR−1(y − β̂f)

ns
(2.15)

Note that Equations 2.14 and 2.15 implicitly depend on the correlation parameter θ. The

maximum likelihood estimation of θ is reduced to a one-dimensional optimization problem

with simple bounds of the form

maxθ∈R1(−1/2)[(nslnσ
2) + ln | R |]subjectto0 ≤ θ ≤ ∞ (2.16)

Thus, by solving this one-dimensional optimization problem the DACE approximation

model ŷ(x) is completely defined. Note that if Equation 2.7 were used (i.e., retaining a

vector of correlation parameters), then the one-dimensional minimization problem becomes

an nv dimensional minimization problem.

2.4 Modelling and Prediction

Given a set of m design sites S = [s1 . . .sm]T with si ∈ Rn and responses Y = [ y1...ym] T

with yi ∈ Rq. The data is assumed to satisfy the normalization condition

µ[S:,j] = 0, V [S:,j, S:,j] = 1, j = 1, ......, n,

µ[Y:,j] = 0, V [Y:,j, Y:,j] = 1, j = 1, ......, q,
(2.17)

where X:, j is the vector given by the jth column in matrix X, and µ[.] and V[. , .] denote

respectively the mean and the covariance.

In this project we adopt a model ŷ that expresses the deterministic response y(x) ∈ Rq,

13



for an n dimensional input x ∈ D ⊂ Rn, as a realization of a regression model F and a

random function (stochastic process),

ŷl(x) = F (β:,l, x) + zl(x), l = 1, ....., q (2.18)

We use a regression model which is a linear combination of p chosen functions fj : Rn →
R,

F (β:,l, x) = β1,lfl(x) + ...βp,lfp(x)

= [f1(x)...fp(x)]β:,l

= f(x)Tβ:,l

(2.19)

The coefficients βk,l are regression parameters.

The random process z is assumed to have mean zero and covariance

E[zl(w)zl(x)] = σ2
lR(θ, w, x), l = 1, ....q (2.20)

between z(w) and z(x), where σ2
l is the process variance for the lth component of the

response and R(θ, w, x) is the correlation model with parameters θ. An interpretation

of the model (2.18) is that deviations from the regression model, though the response is

deterministic, may resemble a sample path of a (suitably chosen) stochastic process z. In

the following we will focus on the kriging predictor for y.

First, however, we must bear in mind that the true value can be written as

yl(x) = F (β:,l, x) + α(β:,l, x) (2.21)

Where α is the approximation error. The assumption is that by proper choice of β this

error behaves like white noise in the region of interest, i.e., for x∈D.

2.4.1 Kriging Predictor

For the set S of design sites we have the expanded m x p design matrix F with Fij = fj(si),

F = [f(si)...f(sm)]T (2.22)

with f(x) defined in (2.19). Further, define R as the matrix R of stochastic-process

correlations between z’s at design sites,

Rij = R(θ, si, sj), i, j = 1, ....m (2.23)

At an untried point x let
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r(x) = [R(θ, si, x)....R(θ, si, x)]T (2.24)

be the vector of correlations between z’s at design sites and x.

Now, for the sake of convenience, assume that q =1, implying that β = β:,1 and Y = Y:,1,

and consider the linear predictor

ŷ(x) = cTY (2.25)

with c = c(x)∈ Rm. The error is

ŷ(x)y(x) = cTY y(x)

= cT (Fβ + Z)(f(x)Tβ + z)

= cTZz + (F T cf(x))Tβ

(2.26)

where Z = [z1....zm]T are the errors at the design sites. To keep the predictor unbiased

we demand that F T c− f(x) = 0, or

F T c(x) = f(x) (2.27)

Under this condition the mean squared error (MSE) of the predictor (3.25) is

ψ(x) = E[(ŷ(x)− y(x))2]

= E[(cTZ − z)2]

= E[z2 + cTZZT c− 2cTZz]

= σ2(1 + cTRc− 2cT r)

(2.28)

The Lagrangian function for the problem of minimizing ψ with respect to c and subject

to the constraint (2.27) is

L(c, λ) = σ2(1 + cTRc− 2cT r)− λT (F T c− f) (2.29)

The gradient of (2.29) with respect to c is

L′c(c, λ) = 2σ2(Rc− r)− Fλ,

And from the first order necessary conditions for optimality we get the following system

of equations [
R F

F T 0

][
c

λ̃

]
=

[
r

f

]
, (2.30)
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where we have defined

λ̃ = − λ

2σ2

The solution to (2.10) is

λ̃ = (F TR−1F )−1(F TR−1r − f),

c = R−1(r − Fλ̃)
(2.31)

The matrix R and therefore R−1 is symmetric, and by means of (2.25) we find

ŷ(x) = (r − Fλ̃)TR−1Y

= rTR−1Y − (F TR−1r − f)T (F TR−1F )−1F TR−1Y
(2.32)

In Section 3 we show that for the regression problem

Fβ ≈ Y

the generalized least squares solution (with respect to R) is

β∗ = (F TR−1F )−1F TR−1Y

and inserting this in (3.32) we find the predictor

ŷ(x) = rTR−1Y − (F TR−1r − f)Tβ∗

= fTβ∗ + rTR−1(Y − Fβ∗)

= f(x)Tβ∗ + r(x)Tγ∗

(2.33)

For multiple responses (q ¿ 1) the relation (2.33) hold for each column in Y , so that

(2.33) holds with β∗ ∈ Rp×q given by (2.32) and γ∗ ∈ Rm×q computed via the residuals,

Rγ∗ = Y − Fβ∗.
Note that for a fixed set of design data the matrices β∗ and γ∗ are fixed. For every new

x we just have to compute the vectors f(x) ∈ Rp and r(x) ∈ Rm and add two simple

products.

Getting an estimate of the error involves a larger computational work. Again we first

let q =1, and from (2.28) and (2.31) we get the following expression for the MSE of the

predictor,

ψ(x) = σ2(1 + cT (Rc − 2r))

= σ2(1 + (Fλ̃− r)TR−1(Fλ̃+ r))

= σ2(1 + λ̃TF TR−1Fλ̃− rTR−1r)

= σ2(1 + uT (F TR−1F )−1u− rTR−1r)

(2.34)
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where u = F TR−1r − f and σ2 is found by means of (2.7) below. This expression

generalizes immediately to the multiple response case: for the lth response function we

replace σ by σl, the process variance for lth response function. Computational aspects for

maximum likelihood estimation are explained in the appendix 1 and appendix 2.

2.4.2 Regression Models

For DACE model polynomial regression plays an important role in building the function for

given data. It acts as a prediction function that works on the basis of statistical methods.

It is very fast, even when fed with large amounts of data. When such type of models are

enabled they discard insignificant variables so that they have no influence on the prediction

model. This means that there is no need to think about the independent variables that

are to be selected for predicting the values. The Polynomial Regression function picks out

the most important variables automatically. Multiple polynomial regression predicts the

value of a dependent variable on the basis of n independent variables, each of which being

expressed by a polynom of the mth degree.

The polynomial regression expression is written in below equation

Y = A+ Σf(Xi) + ε (2.35)

where

f(Xi) = Bi1X
1
i +Bi2X

2
i + ......+BimX

m
i

Y is the dependent variable

Xi is independent variables

A, Bi are unknown coefficients

ε is error term

By selecting a polynom of a certain degree for a given independent variable, the Poly-

nomial Regression function determines the best fitting curve for the variables. The term

Σf(Xi) gives expressions as shown below where one of the terms inside the braces is se-

lected. The number of available terms depends on the polynomial degree.

f(Xi) =


Bi1 ∗X1

i

Bi1 ∗X1
i +Bi2 ∗X2

i
...

Bi1 ∗X1
i +Bi2 ∗X2

i + . . .+Bim ∗Xm
i


The toolbox provides regression models with polynomials of orders 0, 1 and 2. This

work is extended and applied for higher degree polynomials and the final tool box for
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representing an image has the polynomial regression function extended to degree from

zero to five.

2.4.3 Correlation Models

In this section correlation model is discussed which plays an important role in modelling

DACE. The Matlab toolbox provides seven different choices which are explained in a

tabular format in Table 2.1 and in the current project only few correlation functions are

used for building the model. The properties of a Gaussian random process x(t) of a very

special type, namely, one that has zero mean and the exponential correlation function

Ψ(τ) = (x(t)x(t+ τ)) = σ2exp(−α | τ |) (2.36)

for time lag τ . The constants σ2 and α are, respectively, the variance and the inverse

correlation time of the process. (The quantity σ itself is the standard deviation)

In toolbox we restrict our attention to correlations of the form

R(θ, w, x) =
n∏
j=1

Rj(θ, wj − xj), (2.37)

i.e., to products of stationary, one-dimensional correlations. More specific, the tool-box

contains the following 7 choices which are explained in a tabular format in Table 2.1. In

the table dj is calculated using this equation dj = wj − xj.

Name Rj(θ, dj)

EXP exp(-θj | dj |)
EXPG exp(-θj | dj |θn+1)), 0 ≤ θn+1 ≤ 2

GAUSS exp(-θjd
2
j)

LIN max{0, 1-θj | dj | }
SPHERICAL 1-1.5ξj + 0.5ξ3

j , ξj = min{1, θj | dj |}
CUBIC 1-3ξ2

j + 2ξ3
j , ξj = min{1, θj | dj |}

SPLINE ζ(ξj), (3.39) ξj = θj | dj |

Table 2.1: Correlation functions

Some of the choices are illustrated in Figure 2.1 below. Note that in all cases the

correlation decreases with | dj | and a larger value for θj leads to a faster decrease. The

normalization (2.17) of the data implies that | sij |≤ 1 and therefore we are interested in

cases where | dj |≤ 2 as illustrated in the figure.
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Figure 2.1: Correlation functions for 0 ≤ dj ≤ 2.Dashed, full and dash dotted line: θj =

0.2,1,5

The correlation functions in Table 2.1 can be separated into two groups, one containing

functions that have a parabolic behavior near the origin (GAUSS,CUBIC and SPLINE),

and the other containing functions with a linear behaviour near the origin (EXP,LIN, and

SPHERICAL). The general exponential EXPG can have both shapes, depending on the

last parameter: θn+1 = 2 and θn+1 = 1 gives the Gaussian and the exponential function,

respectively.

The choice of correlation function should be motivated by the underlying phenomenon,

e.g., a function we want to optimize or a physical process we want to model. If the under-

lying phenomenon is continuously differentiable, the correlation function will likely show

a parabolic behaviour near the origin, which means that the Gaussian, the cubic or the

spline function should be chosen. Conversely, physical phenomena usually show a linear

behaviour near the origin, and EXP,EXPG,LIN or SPHERICAL would usually perform

better. Also note, that for large distances the correlation is 0 according to the linear,

cubic, spherical and spline functions, while it is asymptotically 0 when applying the other

functions.

Often the phenomenon is anisotropic. This means that different correlations are iden-
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Figure 2.2: Typical behaviour of ψ , | R | 1m and σ2 for o ¡ θj ≤ 1

tified in different directions, i.e., the shape of the functions in Figure 2.1 differ between

different directions. This is accounted for in the functions in Table 2.1, since we allow

different parameters θj in the n dimensions.

Assuming a Gaussian process, the optimal coefficients θ∗ of the correlation function

solves

minθ{ψ(θ) =| R |
1
m σ2} (2.38)

where | R | is the determinant of R. This definition of θ∗ corresponds to maximum

likelihood estimation. In Figure 3.2 we illustrate the typical behaviour of the functions

involved in (2.40).

Note that | R | 1m is monotonously increasing in the interval. This is in accordance with

expectation, since Rθ is close to the unit matrix for large θ, while it is indefinite for small

θ. For θ = 0, R is the matrix of all ones, which has rank one. In case of an indefinite R

we define σ2 = ψ(θ) =∞.

Thus building DACE model is discussed expressing in mathematical form and in the next

chapter it describes about different image formats and interpolations are discussed.
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Chapter 3

Image Representations

This chapter covers the existing image representations by studying about the image for-

mats and also concentrating on image interpolation methods that are currently in use for

different applications. Image is mathematically represented as two dimensional function

with spatial coordinates with static amplitude called as pixels at respective pair of coor-

dinates. The interest is to focus on procedures for extracting from image information in a

form suitable for computer processing. Often, this information bears little resemblance to

visual features that we use in interpreting the content of an image. Examples of the type

of information used in computer experiments are statistical moments, Fourier transform

coefficients, and multidimensional distance measures. The type of information for DACE

representation is spatial and static in nature. This chapter has two sections which talks

about the image formats and interpolation techniques that are used currently for image

processing applications.

3.1 Image Formats

Image file formats are standardized means of organizing and storing images. Image files

are composed of either pixel or vector (geometric) data that are rasterized to pixels when

displayed in a vector graphic display. The pixels that compose an image are ordered as grid

(columns and rows); each pixel consists of numbers representing magnitudes of brightness

and colour.

3.1.1 Image file sizes

Image file size expressed as the number of bytes increases with the number of pixels com-

posing an image, and the colour depth of the pixels. The greater the number of rows and

columns, the greater the image resolution, and larger the file. Also, each pixel of an image



increases in size when its colour depth increases hyphen an 8-bit pixel (1byte)stores 256

colours, a 24 bit pixel (3 bytes) stores 16 million colors known as truecolor.

Image compression uses algorithms to decrease the size of a file. High resolution cameras

produce large image files, ranging from hundreds of kilobytes to megabytes, per the cam-

era’s resolution and the image - storage format capacity. High resolution digital cameras

record 12 megapixel (1MP = 1,000,000 pixels / 1 million) images, or more, in truecolor.

For example, an image recorded by a 12 MP camera; since each pixel uses 3 bytes to record

truecolor, the uncompressed image would occupy 36,000,000 bytes of memory hyphen a

great amount of digital storage for one image, given that cameras must record and store

many images to be practical. Faced with large file sizes, both within the camera and a

storage disc, image file formats were developed to store such large images. An overview of

the major file formats are discussed in next sections.

3.1.2 BMP format

The BMP is one of the simplest formats. It was jointly developed by Microsoft and IBM,

which explains why it is particularly widespread on Windows and OS/2 platforms. A BMP

file is a bitmap file, i.e. a graphic image file, with pixels stored in the form of point table

and managing the colours either as true colours or using an indexed palette. The BMP

format has been studied in such a way as to obtain a bitmap that is independent of the

peripheral display device (DIB, Device independent bitmap). The structure of a bitmap

file is the following:

• File header

• Bitmap information header (also called information Header)

• Palette

• Image coding

This gives brief idea on BMP image format and in next section TIF format is discussed.

3.1.3 TIF format

The TIF format (Tagged Image File Format) is a bitmap (raster) graphic file format. It

was developed in 1987 by Aldus (now belonging to Adobe).

Characteristics of TIF format

The TIFF format is an old graphic format, which makes it possible to store very large

(more than 4 GB compressed) bitmap images (raster) losing quality and regardless of the

platforms or the peripherals used (Device-Independant Bitmap, which is written as DIB).
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The TIFF format makes it possible to store images in black and white, true colours (up

to 32 bits per pixel) as well as indexed images, using a palette. Moreover, the TIF format

allows several colour spaces to be used:

• RGB

• CMYK

• CIE L*a*b

• YUV/YCrCb

structure of TIF file

The principle of the TIF format consists in defining tags (hence the name Tagged Image

File Format) describing the characteristics of the image.

The tags make it possible to store information regarding the image dimensions, the number

of colours used, the type of compression or the gamma correction.

Thus, image description using tags makes software programming simple by making it

possible to save in TIFF format. On the other hand, the amount of options is so vast, that

many image readers supporting TIFF format do not integrate them all, so that it happens

that an image saved using TIFF format may not be readable with another.

3.1.4 PNG format

The PNG format (Portable Network Graphics or Ping format) is a bitmap (raster) graphic

file format. It was developed in 1995 in order to provide a free alternative to the GIF

format, which is a proprietary format whose rights are held by Unisys (proprietor of the

LZW compression algorithm), to whom all software publishers using this type of format

are under obligation to pay royalties. Thus, PNG is also a recursive acronym for PNG Not

GIF.

Characteristics of PNG format

The PNG format makes it possible to store images in black and white (a colour depth of 16

bits per pixel), true color (a colour depth of 48 bits per pixel), as well as indexed images,

using a palette of 256 colours. Moreover, it supports alpha channel transparency, i.e. the

possibility of defining 256 levels of transparency, while the GIF format only allows one

colour of the pallet to be defined as transparent. It also has an interlacing function which

makes it possible to show the image gradually. The compression offered by this format is a

(lossless compression) 5 to 25Finally, PNG stores image gamma information, which makes

a gamma correction possible and allows it to become display-device-independent. Error

correction mechanisms are also stored in the file in order to guarantee its integrity.
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3.1.5 JPEG format

The acronym JPEG (Joint Photographic Expert Group comes from the meeting held in

1982 of a group of photographic experts, whose main concern was to work on the ways

to transmit information (still or animated images). In 1986, the ITU-T developed com-

pression methods intended for fax sending. These two groups joined to create a joint

photographic experts group (JPEG).

Unlike LZW compression, JPEG compression is a lossy, , which affords it one of the best

compression ratios, despite the slight loss of quality (20: 1 with 25:1 without any signifi-

cant loss of quality).

This compression method is much more effective for photographic images (comprising many

different coloured pixels) than on geometrical images (unlike LZW compression) because

the nuance differences due to compression are very visible in the latter.

The stages of JPEG compression are the following:

• Chrominance re-sampling, because the eye cannot distinguish chrominance differ-

ences within a square of 2x2 points

• Image division into blocks of 8x8 points, then the application of the DCT function

(Discrete Cosine Transform, which breaks up the image into a sum of frequencies

• Quantification of each block, i.e., a loss coefficient is applied (which makes it possible

to determine the size/quality ratio) which will cancel out or decrease high frequency

values, in order to attenuate the details by intelligently going over the block with

RLE coding (in a zigzag pattern in order to remove as many zero values as possible)

• Image encoding then compression using the Huffman method

File formats that save a flow coded in JPEG are actually called JFIF (JPEG File

Interchange Format), but the term is usually deformed into JPEG file”. It should be noted

that there is a lossless form of JPEG coding. Although little used by the data-processing

community in general, it is used especially for the transmission of medical images in order

to avoid confusing artefacts (purely dependent on the image and its digitalization) with

real pathological signs. Compression is thus much less effective (only factor 2).

These are few image formats that are discussed and in next section it describes about

interpolation techniques.
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3.2 Image Interpolation

Image interpolation is an important image processing operation applied in diverse areas

ranging from computer graphics, rendering, editing, medical image reconstruction, to on-

line image viewing. Image interpolation techniques are referred in literature by many

terminologies, such as image resizing, image re-sampling, digital zooming, image magnifi-

cation or enhancement, etc. Basically, an image interpolation algorithm is used to convert

an image from one resolution (dimension) to another resolution without losing the visual

content in the picture. Image interpolation algorithms can be grouped in two categories,

non-adaptive and adaptive. The computational logic of an adaptive image interpolation

technique is mostly dependent upon the intrinsic image features and contents of the input

image whereas computational logic of a non-adaptive image interpolation technique is fixed

irrespective of the input image features.

3.2.1 Introduction

We are in the midst of a visually enchanting world. Image processing technologies play

central role to process visual information in order to make it suitable for multimedia ap-

plications and visual perception. In this era of Internet and multimedia communication,

sizing and resizing of images, to make it particularly suitable for viewing, transmission,

downloading, sharing, editing, and further processing, became very vital. Image interpo-

lation became a versatile and widely used tool in image processing today because of its

numerous applications in diverse areas ranging from computer graphics, rendering, editing,

medical image reconstruction, to online image viewing to name a few. Image interpola-

tion techniques are referred in literature by many terminologies, such as image resizing,

image re-sampling, digital zooming, image magnification, image enhancement, etc. Basi-

cally, image interpolation algorithms convert or resize a digital image from one resolution

(dimension) to another resolution without losing the visual content in the picture. Image

interpolation is part of many commercial image processing tools or freeware graphic view-

ers such as Adobe Photoshop CS2 software [5], IrfanView [6], etc.

A static image is a two-dimensional spatially varying signal. This needs to be digitized in

order to process it by a digital computer. In digital imagery, this two dimensional spatially

varied signal is sampled based on Nyquist criteria and then intensity of each sampled point

is quantized to discrete valued integer numbers. Each such sampled and digitized value is

called a pixel value of the digital image. The resolution or dimension of the digital image

is the number of sampled points of the two-dimensional signal. In case of color imagery,

each pixel contains three intensity values representing the contribution of three primary

colors Red, Green, and Blue to form the color of a particular pixel point in the image. As
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a result, a color image has primarily three such two-dimensional planes representing red,

green, and blue components of the image pixels.

When the image is interpolated from a higher resolution to a lower resolution, it is tradi-

tionally called image down-scaling or down-sampling. On the other hand, when the image

is interpolated from a lower resolution to a higher resolution, it is referred as image up-

scaling or up-sampling. Most of the image interpolation techniques in the literature have

been developed by interpolating the pixels based on characteristics of local features such

as edge information, nearest neighbour criteria, etc. Image interpolation techniques can

be broadly categorized into two categories non-adaptive, and adaptive techniques. The

principles of adaptive interpolation algorithms basically rely on the intrinsic image features

or contents of the image and accordingly the computational logic is mostly dependent upon

the intrinsic image features and contents of the input image. The non-adaptive algorithms

do not rely upon the image features or its contents and the same computational logic is

repeated in every pixel or group of local pixels irrespective of the image contents. The

computation of the proposed technique is non-adaptive in nature.

The non-adaptive image interpolation algorithms widely used in the literature are nearest-

neighbour replacement, bilinear interpolation, bicubic interpolation, and kriging. Image

interpolation is commonly performed by linear filters. The well-known bilinear and bicubic

interpolation algorithms use linear interpolation filters, which have a drawback that they

tend to produce undesirable blurring in the interpolated images. To enhance the sharp-

ness and edge performance of image interpolation, some interpolation methods have been

introduced, such as Kriging method. This method uses a simple method to classify the

local image structure in the filters aperture and computes the optimal linear filter for each

class. Kriging method has a better performance on edges than common linear methods.

This method uses a more complicated classification method based on a stochastic model

and obtains a high resolution image by mixing the outputs of optimized linear filters with

coefficients that depend on the classification. As an approach of non-linear filtering meth-

ods, kriging can be used for image interpolation. Some applications use DACE as function

approximators.

3.2.2 Non-Adaptive Algorithms for Image Interpolation

In non-adaptive image interpolation algorithms, certain computations are performed indis-

criminately to the whole image for interpolation regardless of its contents. In this section,

we will discuss the popularly used non-adaptive image interpolation techniques which are

typically used in commercial image processing tools or freeware graphic viewer such as

Adobe Photoshop CS2 software [5] and IrfanView [6].
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Nearest Neighbour Replacement

The simplest interpolation method is just to replace the interpolated point with the near-

est neighbouring pixel. The only advantage of this approach is the simplicity and low

computation. However, the resultant pixelization or blocky effect makes the image quality

unacceptable for most high quality imaging applications.

Bilinear Interpolation

The bilinear interpolation can be considered as a weighted average of four neighbouring

pixel values. As shown in Figure 3.1, the intensity value I(x, y) at the interpolated point

Figure 3.1: Bilinear interpolation using 4 neighbouring points

P at (x, y) in the image can be estimated as

I(x, y) =
(x2 − x)(y2 − y)

(x2 − x1)(y2 − y1)
I(x1, y1) +

(x− x1)(y2 − y)

(x2 − x1)(y2 − y1)
I(x2, y1)

+
(x2 − x)(y − y1)

(x2 − x1)(y2 − y1)
I(x1, y2) +

(x− x1)(y − y1)

(x2 − x1)(y2 − y1)
I(x2, y2)

= w1I(x1, y1) + w2I(x2, y1) + w3I(x1, y2) + w4I(x2, y2)

(3.1)

where I(x1, y1), I(x1, y2), I(x2, y1), and I(x2, y2) are the intensity values of the 4 neighbour-

ing pixels. From the above equation and Fig. 1, it is interesting to note that each weight

is equivalent to the normalized area between the point of interest P and the diagonally

opposite pixel. For example, (x2, y2) is diagonally opposed to (x1, y1) and weight for I

I(x1, y1) is w1.
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Bicubic Interpolation

The bicubic interpolation uses sixteen ( 4×4 ) neighboring pixels for estimation. It ap-

proximates the local intensity values using a bicubic polynomial surface. The general form

for a bicubic interpolation is as follows:

Ixy =
3∑
i=0

3∑
j=0

aijx
iyj

= a00 + a10x+ a01y + a20x
2 + a11xy + a02y

2 + a21x
2y

+ a12xy
2 + a22x

2y2 + a30x
3 + a03y3 + a13xy3 + a32x

3y2 + a23x
2y3 + a33x

3y3

(3.2)

In order to do a bicubic interpolation within a grid square, one need to calculate the gra-

dients (the first derivatives) in both the x and y directions and the cross derivative at each

of the four corners of the square. This gives 16 equations that determine the 16 coefficients

( aij ), as explained in [14].

These are few image interpolation techniques that are being used on images for different

applications such as image resizing, image re-sampling, digital zooming, image magnifica-

tion or enhancement etc. In the previous chapter DACE model is discussed, which uses

kriging technique for building the model and this concept can be applied as an interpola-

tion technique for images by building a model and using the model interpolating the pixel

values of the image. Thus this concept is used as an interpolating technique for images

which are specified in spatial domain. The next chapter discusses the algorithm for rep-

resenting image in DACE model describing each and every step involved for building the

model. It also gives flow chart and later it explains the model representation for image.
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Chapter 4

Image Representation: DACE Model

In the previous two chapters we discussed about modelling DACE and also existing im-

age representation technique and this chapter combines both the chapters concepts and

explains the entire framework how the DACE Model is modelled as representation for im-

ages. It explains the algorithm specifying each and every step involved in representation

in different sections.

4.1 Initial Data

The first step includes specifying the initial conditions taken before starting the computer

experiment. This is a crucial step which decides the field where the experiment is done.

As we are dealing with Image Processing the data to be collected is from an input image.

The input image can be considered as a gray image with size M × N or a color image

with size M ×N × 3 specifying the three colors RGB. The collection of input data points

are the respective coordinates of an image which are considered as design sites in a spatial

domain. The respective responses of these design sites in this experiment are the pixel

elements taken at respective design site and they are considered as deterministic. For

color image three responses for RGB are considered. The notations for design sites and

responses are:

Design sites : S = [s1 . . . sm]T ]

Response : Y = [y1 . . . ym]T ]

Initial data are represented as matrix with dimension Sm×2 and response with dimension

Ym×1 for gray images and Ym×3 for color images.



4.2 Normalization

For modelling, the design sites are normalized by satisfying the condition that mean is

equal to zero and covariance is one. The normalized condition is shown in below equation

µ[S:,j] = 0, V [S:,j, S:,j] = 1, j = 1, ......, n,

µ[Y:,j] = 0, V [Y:,j, Y:,j] = 1, j = 1, ......, q,
(4.1)

where X:, j is the vector given by the jth column in matrix X, and µ[.] and V[. , .] denote

respectively the mean and the covariance.

4.3 Initial Parameters

The initial parameters to be considered include the values for the few parameters that

are to be initialized before building the model. The initial parameters include the theta0

value, upper and lower bounds on theta0. The theta0 value is an initial guess for correlation

function parameters. The upper and lower bounds are an optional and if present then they

are upper and lower bounds on theta0 otherwise theta0 is used for theta.

The initial parameter values taken are:

theta0 = [0.5 0.25]

π = [1 1]

lob = 0.1 × π

upb = 1 × π

The other input parameters include handle functions that are provided to build the model.

The two handle functions are Polynomial Regression functions and Correlation functions.

The polynomial regression function considered has been implemented with degree ranging

from 0 to 5 and nearly seven different types of correlation functions are considered to build

a DACE model. All the above sections deals about the inputs given for building the model.

4.4 Building DACE Model

The entire frame work for building the DACE Model considering the inputs as mentioned

in above three sections is shown as a block diagram which explains clearly all the blocks

involved for modelling. In the Figure 4.1 the high resolution image is represented as the

signal X given as input is down sampled which gives an output as S. The sampling of the

image entirely depends on how best the model is built with the required input samples

of the image and also on the initial parameters taken before building the model. This
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Figure 4.1: Block Diagram for building DACE model

sampled output is sent for normalization which gives N as output. The initial parameters

to be considered before building model gives an output as I which is a combination of all

initial values taken for modelling which are discussed in above sections.

To build DACE model four inputs are considered among which the first one includes

the input sampled pixel values along with its respective coordinates that are sent into

normalization block for satisfying the normalization condition which is been represented

as N in the block diagram. The second input considered are the initial parameters required

for building a model such as the theta value, upper and lower bounds which are represented

as I. The third and fourth inputs that are provided for building DACE model include

functions such as regression functions and correlation functions which are represented as F

and R respectively. The polynomial regression function considered has been implemented

with degree ranging from 0 to 5 and nearly seven different types of correlation functions

are considered to build a DACE model. By considering all these different input parameters

modelling is done which results giving a DACE model which gives an approximate model

or surrogate for the given inputs. The output of DACE model is represented as D in the

block diagram. This completes the modelling of the DACE model.

4.5 Evaluating the DACE Model

The purpose involved in this section is to use the DACE model and to evaluate it by giving

the untried sites and estimating the responses using kriging predictor. The inputs to the

kriging predictor are the trial sites at which the values are unknown and the DACE model

which is built in the above section. The entire setup is shown in the below block diagram.

The block diagram 4.2 shows two inputs for the kriging predictor or interpolator which
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Figure 4.2: Block Diagram evaluating the DACE model

are represented as D and TN ie the DACE model and the untried trial sites respectively.

The trial sites considered are denoted as T which is allowed to sent into normalization

block which gives an output TN. By upsampling the unknown normalized trial sites are

given as input to the predictor. The DACE model here is given as a structure and in turn

the functions regression polynomial and correlation are also given as input to the predictor

where the respective values are calculated for the two functions for trial sites. These inputs

are not shown separately in the block diagram but given as a handle functions in the DACE

model. By providing these inputs to the predictor model, the pixel values at the unknown

sites are evaluated. The model is evaluated by specifying the required size of the image

and is been represented using the fixed DACE model parameters. The estimation and the

evaluation of the model is discussed briefly in the chapter 2 ie DACE.

4.6 Flow Chart

In all the above sections we discussed about the initial conditions, initial parameters,

building the model by constructing a DACE model and then evaluating the model using

the built DACE model. This section summarizes all the above steps which is shown as a

flowchart. This gives a brief idea about what is done and how the image is represented

using the DACE model and also shows the evaluation of the model using predictor. The

flowchart begins with START and an input image is given as input. The input can be in

any format and the respective pixel values are given to sampling stage where depending

on the sample rate the pixels are collected and are given to next stage ie normalization

where the coordinates of the image are normalized. Externally the input parameters and

other functions are given to the DACE Model. The output parameters of DACE Model

give a surrogate model for the given input. The next stage shown in the flow chart is

the predictor stage for which the trial sites are calculated and are sent for normalization.

This normalized trial sites along with DACE Model is given to the predictor model and

an approximate pixel values of the image are predicted. The selection trial sites depends

on the size required for the end user.
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Figure 4.3: Flow Chart for DACE Approach for Image Representation
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4.7 Model Representation

This section explains about the end equations for building model and gives the expression

for parameters of the DACE model. The end expression gives an expression for representing

an image. From the above sections we can get the initial values and also the initial

parameters.

The given set of input parameters are:

Design sites : S = [s1 . . . sm]T ] which are the coordinates of the image in spatial domain

and is represented as a matrix with dimension Sm×2.

Response : Y = [y1 . . . ym]T ] ie for images responses are the pixel elements or pixel values

which are static and are considered as deterministic. For gray images the dimension of the

response is Ym×1 and when representing a color image response of dimension is considered

as Ym×3 denoting the three color spaces RGB(Red, Green and Blue). The other initial

parameters and the functions are taken as mentioned in above sections.

Considering all these inputs DACE Model is built and the parameters that are calculated

are β, γandθ and these are calculated using the below respective equations:

β = (F TR−1F )−1F TR−1Y

γ = R−1(Y − Fβ)

θ = −1/2(dlnσ2 + lnR)

(4.2)

where,

Regression function : F = A+Bs+ Cs2 +Ds3 + . . .

Correlation function : R = exp(−θi ∗ d2
i ), di = (si − sj)

DACE Model equation is written as:

Y (x) = fT (x)β + rT (x)γ (4.3)

where,

Y (x) = output response

f (x) = A+Bx+ Cx2 +Dx3 + . . .

r (x) = exp(−θi ∗ d2
i ), di = (xi − xj)

The end equation expresses the image in the DACE Model that can be used as a new

format for representing an image in a pixel based form considering in spatial and static

domain.The next chapter discusses about the demonstration of DACE image representation

specifying few constraints and describes about the changes occurred when parameters are

varied.
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Chapter 5

Demonstration of DACE Image

Representation

This chapter describes about the demonstrating DACE model for representing an image

using DACE Model. In previous chapter we have seen the mathematical notation for

representing an image in DACE Model. In this chapter we shall observe the robustness of

such type of representation when varying the parameters for building the model.

5.1 Gray Image Representation

For representing an image in gray initially the size of the image is fixed to M×N having M

rows and N columns. The gray image can be written as matrix having spatial coordinates

with respective image elements or picture elements or shortly known as pixel values. The

gray input is given to different stages as discussed in previous chapter and the results of the

important blocks are shown in the below figure. The figure shows gray input image with

respective sample output image followed by it structured DACE model parameters and at

the end it shows the approximate representation of the gray image which is predicted by

considering DACE Model.

Figure 5.1: Steps for representing image in gray



5.2 Color Image Representation

For representing an image in color it requires higher dimensions nearly three to four times

greater than the number employed for gray. The size of the color image is also fixed to

M×N×3 with M rows and N columns and the three specifies the three colors Red, Green

and Blue (RGB) in the color model. The color image is also same as gray written as matrix

having spatial coordinates with respective pixel values for all the three colors (RGB). The

below figure explains the steps involved and the respective results at each stage are shown.

In the figure it explains that color image is given as input which is then split into respective

RGB color spaces and are sent for sampling separately and the color sampled output is

shown as the next result. This sampled values are normalized and sent for building model

along with other input parameters. the built DACE model predicts the respective RGB

pixel values and then are combined for representing an approximate color image.

Figure 5.2: Steps for representing image in color

5.3 Representation for Zooming and Shrinking

In this section concentration is more on taking the trial sites that are to be predicted using

fixed DACE model. The figure shows that input considered is color image and considering

constant input parameters model is built and at the predictor side we can specify the size

of the image to be represented by varying the trial sites given to predictor model. The

size of the image can be resized by specifying the number of trial sites to be given to the

predictor model. If the input image has to reduce its size then by specifying only few

samples as trial sites to predictor model gives representation for smaller sized image. If we
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want to zoom the input image then by specifying more trial sites to the predictor model

gives a zoomed output. This is shown clearly in the figure specifying the fixed DACE

model and predicting the zoomed or shrinked predicted outputs.

Figure 5.3: Predicted outputs for zooming and shrinking the input image using DACE

Model

5.4 Representation by varying Sample Rate

This section concentrates more on how the image is represented by varying the sample rate

at the input. The sampling is done depending on the sample rate taken at the input before

given to the normalization block. The DACE model varies when sample rate is varied and

thus the representation of image varies even though the same input is considered. This

happens because when we specify the sample rate the sampling of the image ie picking the

pixel values of image may varying and that leads to building different DACE model for

same input image. The figure shows the predicted outputs when sampling rate is increased

from 2 to 5. From the outputs we can observe that when sample rate is 2 ie considering

more sample points for building model the predicted output resembles the input. As the

sample rate increases then model is built with reduced number of sample points which
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lead to represent the image with some loss. Thus it shows that for building DACE model

selection of sample rate plays an important role.

Figure 5.4: Results when sample rate is varied

5.5 Representation by varying Polynomial Regression

This section concentrates more on how the image is represented by varying the polynomial

regression function parameters by varying the degree of the function. The concept of

Regression function is discussed in DACE chapter giving the expression for the functions.

The degree of the polynomial is varied from zero to five and DACE model is built. When

the predicted outputs are observed it does not show much difference in representing an

image built by varying regression function degree. This can be clearly observed in the

below figure which shows the predicted image. The figure shows the predicted outputs

when degree of polynomial regression is varied by fixing the other parameters. Thus it

shows that while building DACE model selection of polynomial regression function degree
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does not effect much on representing an image.

Figure 5.5: Results when degree of polynomial regression function is varied

5.6 Representation by varying both sample rate and

polynomial regression

This section concentrates more on how the image is represented by varying the both poly-

nomial regression function parameters by varying the degree of the function as well as

varying the sample rate. In the above two sections it explains about varying these sepa-

rately keeping any one fixed so this section gives a combination of both varying parameters.

The figure shows the predicted outputs obtained at the predictor output. It shows the vari-

ation of degree of polynomial regression which is denoted as P varying from 0 to 5. It also
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Figure 5.6: Predicted output results when both polynomial regression and sample rate are

varied
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gives the respective predicted output for varying sample rate S from 2 to 4. From the

figure it clearly shows that as the degree of polynomial increases there is slight change in

representation of image which is observable in the output so we can take the slight change

as minor change in representation. While varying sample rate predicted output is differ-

entiated from that of other outputs. Thus a comparative study is done in this section by

varying few parameters.

The next chapter talks about the comparative study done on DACE representation de-

scribing the memory requirements and constraints.
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Chapter 6

Comparative Study of DACE

Representation

This chapter discusses a comparative study of DACE representation than compared with

other representations. As we have seen in previous chapters that image is mathematically

represented in DACE model and image is represented through a feature set which are

the corresponding parameter values of the model. The memory required for storing the

image with DACE model and comparing it with other image formats is discussed with an

example. The specifications mentioned in example are considered as standardized tool for

DACE Representation.

Given an input image of size M ×N and sample rate(s) for sampling image is considered.

The sample rate value depends on the type of input image considered ie when image has

very few colors or shades in image then only few pixel values are required to represent such

an image where as for representing an image which has more level of shades require more

number of samples to be considered. The input parameters and initial conditions are same

as discussed in previous chapters.

Representing an image of size M ×N needs = M * N pixels for gray image

where as for representing a color image needs = M * N * 3 pixels

Memory required for representing image I = M * N (or) M * N * 3 in bytes

Memory required for representing in DACE D = (B + G + T) in bytes

where,

B = memory required for beta parameters in bytes

G = memory required for gamma parameters in bytes

T = memory required for theta parameters in bytes



Compression Ratio(CR) is calculated as

CR =
[

I−D
I
∗ 100

]
(6.1)

Example

This is explained with an example taking an input image of size 64×64 for gray and

64×64×3 for color image. The example is explained for color image giving compression

ratio for color image.

Input Image:

I = 64 * 64 * 3 = 12,288

DACE model parameters:

Memory required for β : B = 6 * 3 = 18

Memory required for γ : G = 1024 * 3 = 3072

Memory required for θ : T = 2 * 1 = 2

Memory required for DACE model parameters : D = B + G + T = 18 + 3072 + 2 = 3092

Compression Ratio :

CR =
[

I−D
I
∗ 100

]
=
[

12,288−3092
12,288

∗ 100
]

= 74.83%

When representing an image DACE model parameters the compression ratio is nearly 75

% and the predicted output resembles the input hence this model can be used for repre-

senting an image and when the predicted output is after predicting all the pixel values can

be represented into any image format and we cannot differentiate the predicted outputs

represented in different image formats. This is observed in figures 6.1 and 6.2 where in

the predicted outputs are represented in different image formats. In figure 6.1 it shows

Figure 6.1: Predicted gray image outputs represented in different Image formats

the predicted outputs for gray input image ie after building the DACE model and then

given to the predictor model where in the image pixel values are predicted using the model.

In the figure the image is represented in four different formats ie in .bmp, .tif, .png and
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.jpeg. There is no difference in representing them in different image formats expect the

size required for representing them. In figure 6.2 it shows the predicted outputs for color

Figure 6.2: Predicted color image outputs represented in different Image formats

input image. They are predicted same as how gray image are predicted and the predicted

outputs are represented in different image formats. The size of the input image is 64×64

with sample rate two and the polynomial regression function of degree two. This specifi-

cation is same for images in Figure 6.1. There is no difference in representing predicted

outputs in different formats except the size required for representing the image.

The memory required for representing in different image formats is discussed by consid-

ering the same input image as considered above and the memory required is to store in

different image formats is explained in the below table. The above table 6.1 shows the

Table 6.1: Memory required for different image formats

Image Formats Gray image memory Color image memory

(kb) (kb)

.bmp 6 13

.tif 5 13

.png 4 10

.jpeg 2 2

different image formats giving the respective memory required to store the image. The

table gives the memory in kilobytes(kb) for the images which are shown in Figures 6.1 and

6.2 ie predicted outputs using DACE model. The memory required for representing DACE

model for gray image is 1kb where as for color image it is 3kb. Once the parameters are

calculated they can be used for different image processing applications. Instead of repre-

senting the entire pixel values of image and is represented as a surrogate model giving high

accuracy for representing. Thus the concept DACE is used as a representation technique

for images. This work is presented in an ”INTERNATIONAL CONFERENCE ON

OPERATION RESEACH FOR GROWING NATION” paper entitled ”Image

Representation: DACE Approach” held at 15 - 17 December 2008, presented by me
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and P.Shalini . The next chapter discusses conclusion and gives the final tool for DACE

Representation.
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Chapter 7

Conclusion

The work mainly concentrated on developing and use of DACE as surrogate model for

representing an image. it gives a naval representation methodology for image using DACE

approach. Image is represented through a feature set which are corresponding parameter

values of a DACE model. By building the model image is represented with fewer number

of samples thus giving a good ratio for compression.

The merits involved in such type of representation are:

1. Representation accuracy is high, when considered few samples resulting in saving

memory space for storage.

2. once the model is built the parameters of the model are used for zooming and shrink-

ing of the image.

3. It is an effective representation in Web based service oriented systems.

The limitation involved in such type of representation is when size of input image is large

then computation for building model increases. It is computationally intense though the

work is done offline.

Final Tool for DACE Image Representation Input :

Consider input image of any format

Size : 64 × 64 (for gray)

64 ×64× 3 (for color)

Sample rate : 2

theta : [ 0.5 0.25 ]

π = [11]; lob = 0.1 ∗ π;upb = 1 ∗ π
Regression function : degree varying from 0 to 5

Correlation function : EXPG (Exponential Gaussian)



Output :

We get predicted output in any formate

Size : To predict input image consider the size as

64 × 64 (for gray)

64 × 64 ×3 (for color)

To predict output of any size

m × n (for gray)

m × n ×3 (for color)

These are the specified specification for Final tool: DACE Image Representation. The

scope of the project is to use DACE representation for image processing applications such

as image retrieval, image matching, image verification, image feature analysis etc.
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Appendix1

Maximum Likelihood Estimation

The maximum likelihood estimation (MLE) that we shall consider is a parametric form

of density estimation problem. Suppose x1, x2, · · · , xm are independent and identically

distributed (iid) with the common probability density function ψ. Suppose ψ is parame-

terized with respect to θ. The maximum likelihood estimation problem is to find θ such

that conditional probability of x1, x2, · · · , xm given θ, i.e. P (x1, x2, · · · , xm | θ) is maxi-

mum. Using that xis are iid,

θMLE = argmax(P (x1, x2, · · · , xm | θ))

Since xis are iid,

θMLE = argmax (
∏m

1 p(xi | θ))

θMLE = argmax (
∏m

1 ψ(xi, θ))

In our case, we frame an MLE problem to find all of θ,σ,β such that the joint probability

distribution given by
∏m

1 ψ (z(si), θ, σ, β) is maximized, where z(si) = y(si)−f(si)
Tβ is the

error at site si appearing out of a stochastic process. The kriging model is a combination

of multivariate normal model and a linear model. If the stochastic process is taken as

Gaussian then the probability density function is given by

∏m
1 ψ (z(si), θ, σ, β) = 1

((2π)σ2det(R))m/2) exp
[
−(Y−Fβ)TR−1(Y−Fβ)

2σ2

]
Where R the correlation matrix is function of θ , Y = [y(s1), y(s2), · · · , y(sm)]T is

vector of outputs at the chosen sites, and F = [f(s1), f(s2), · · · , f(sm)]T is an m × p

matrix holding the regression functions evaluated at the chosen sites and β is as defined

in Eq.(4.6). Hence MLE problem now is,

(θ, σ, β)MLE = argmax
[

1

((2π)σ2det(R))m/2 exp
[
−(Y−Fβ)TR−1(Y−Fβ)

2σ2

]]
Taking natural logarithms we get log likelihood problem

(θ, σ, β)MLE = argmax
[
−1
2

[
m lnσ2 + ln det(R) + (Y−Fβ)TR−1(Y−Fβ)

σ2

]]
To solve this we must differentiate the log likelihood with respect to θ, σ, and β and

put the respective partial derivatives equal to 0.σ and R are independent of β so the MLE

of β denoted by β∗ is obtained as

50



δ
δβ

(
(Y − Fβ)TR−1(Y − Fβ)

)
= 0

β∗ = (F TR−1F )−1F TR−1Y

This MLE β∗ is the same as the generalized least squares estimate of the regression problem.

Similarly, the MLE of σ2, denoted by σ∗2 is obtained as

δ
δσ2

[
m lnσ2 + (Y−Fβ∗)TR−1(Y−Fβ∗)

σ2

]
= 0

σ∗2 = 1
m

(
(Y − Fβ∗)TR−1(Y − Fβ∗)

)
We see that parameters β and σ2 are decoupled. In fact it is clear that both σ∗2 and

β∗ are both essentially functions of θ. Thus the MLE problem posed above is in fact a

problem of finding the MLE of only θ. Although the least squares solution for β and the

MLE β∗ are identical, this fact could not have been established by finding least squares

solution first and then imposing MLE separately on θ.

On solving the MLE for θ, σ∗2 and β∗ get fixed as a consequence. This means that by

choosing n critical values in the vector θ, the model and as we shall see in the next section,

the predictor can be determined. This remarkable simplicity is attributed to the choice of

the stochastic process as Gaussian. MLE for θ is reposed as

θMLE = argmax
[−1

2
(m lnσ∗2 + ln det(R)

]
This is an optimization problem that has to be solved numerically. Having solved for θ

and having found σ∗2 and β∗we are in a position now to create a predictor for the function

y(x) to predict its value over the domain D.
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Appendix2

Deriving the BLUP using the method of Lagrange Multipliers

The BLUP (best linear unbiased predictor) requires that we solve:

1. Minimize MSE=E(| ŷ(x)− y(x) |2) with respect to c(x)

2. Subject to E(ŷ(x)) =E(y(x))

The mean square error at untried x is

MSE(x) = E
{
| c(x)T (Fβ∗ + Z)− f(x)Tβ∗ − z(x) |2

}
Where

Z = [z(s1), z(s2), · · · , z(sm)]T

Since E(z)=E(Z)=0 the unbiasedness condition becomes F T c(x) = f(x)

MSE(x) = σ2
(
1 + c(x)TRc(x)− 2c(x)T r(x)

)
Where r(x) is a vector that holds the correlations between the untried x and sites in S

. r(x) = [ρ(s1, x), ρ(s2, x), · · · , ρ(sm, x)]T

Thus the constrained optimization problem stated above is to minimize MSE (x) subject

to F T c(x) = f(x). This can be solved using the method of Lagrange multipliers. The

Lagrange equation is with a vector Lagrange multipliers λ is

L(c, λ) = MSE(x)− λT (F T c(x)− f(x))

δL
δλ

= 0⇒ F T c(x)− f(x) = 0& δL
δc

= 0⇒ 2σ2(Rc(x)− r(x))− Fλ = 0

c(x) = R−1(r(x) + F (F TR−1F )−1(f(x)− F TR−1r(x)))

Thus the BLUP can now presented as below. Using that R is symmetric,

ŷ(x) = r(x)TR−1Y − (F TR−1r(x)− f(x))T (F TR−1F )−1F TR−1Y
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Sampling Strategies for Computer Experiments: Design and Analysis 

 
Timothy W. Simpson, Dennis K. J. Lin, and Wei Chen 

 

ABSTRACT 

Computer-based simulation and analysis is used extensively in engineering for a variety of tasks.  

Despite the steady and continuing growth of computing power and speed, the computational cost 

of complex high-fidelity engineering analyses and simulations limit their use in important areas 

like design optimization and reliability analysis.  Statistical approximation techniques such as 

design of experiments and response surface methodology are becoming widely used in 

engineering to minimize the computational expense of running such computer analyses and 

circumvent many of these limitations.  In this paper, we compare and contrast five experimental 

design types and four approximation model types in terms of their capability to generate accurate 

approximations for two engineering applications with typical engineering behaviors and a wide 

range of nonlinearity.  The first example involves the analysis of a two-member frame that has 

three input variables and three responses of interest.  The second example simulates the roll-over 

potential of a semi-tractor-trailer for different combinations of input variables and braking and 

steering levels.  Detailed error analysis reveals that uniform designs provide good sampling for 

generating accurate approximations using different sample sizes while kriging models provide 

accurate approximations that are robust for use with a variety of experimental designs and 

sample sizes.   

 
 
Keywords: design of experiment, kriging, Latin hypercube, multivariate adaptive regression 

spline, radial basis functions, response surface, uniform design. 

 



 2

NOMENCLATURE 

APPROX approximation model type: 

krg kriging approximation 

mar multivariate adaptive regression splines 

rbf radial basis functions 

rs2 second-order polynomial response surface 

DOE experimental design type: 

hss Hammersley sequence sampling 

lhd Latin hypercube 

oay orthogonal array 

rnd random design 

uni uniform design 

FCN function number for first example 

MAX maximum absolute error 

RMSE root mean square error 

SAMP number of sample points in an experimental design 

x design (input) variable 

y actual output (response) value 

� y  predicted output (response) value from approximation model 
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1. FRAME OF REFERENCE: COMPUTER EXPERIMENTS 

Computer-based simulation and analysis is used extensively in engineering to predict the 

performance of a system or product.  For example, engineers use finite element models to predict 

the performance of a structure, computational fluid dynamics models to visualize the flow over a 

body, and Monte Carlo simulation to estimate the reliability of a product due to uncertainty in 

loading conditions or material parameters.  Despite the steady and continuing growth of 

computing power and speed, single evaluations of aerodynamic or finite element analyses can 

take minutes to hours, if not longer.  The high computational costs of performing these analyses 

limit their use in design optimization and reliability analysis.   

 
Design of experiments (e.g., Montgomery, 1997) and statistical approximation techniques such 

as response surface methodology (e.g., Box and Draper, 1987; Box, et al., 1978; Myers and 

Montgomery, 1995) are becoming widely used in engineering to minimize the computational 

expense of running such computer analyses (Barthelemy and Haftka, 1993; Barton, 1992; 

Barton, 1994; Barton, 1998; Simpson, et al., 2001b; Sobieszczanski-Sobieski and Haftka, 1997).  

The basic approach is to construct approximations of the computationally expensive simulation 

and analysis codes to provide surrogate models that are sufficiently accurate to replace the 

original code.  These surrogate models are then used in lieu of the original analysis or simulation 

code, facilitating design space exploration, optimization, and reliability analysis.   

 
Building approximations for these computer simulations involves (a) choosing an experimental 

design to sample the region of interest and (b) constructing an approximation model to the 

observed sample data as shown in Figure 1.  As shown in Figure 1a, the region of interest is 

often referred to as the �design space,� which is bounded by the upper and lower limits of each 

of the design (input) variables being studied.  Design of experiments strategies are often used to 

sample the design space to generate sample data to fit an approximate model to each of the 

output variables (responses) of interest.  Experimental designs can also be used for �screening� 

experiments to identify significant factors and reduce the dimensionality of the problem (Box 

and Draper, 1987; Gangadharan, et al., 1995; Goldsman and Nelson, 1998; Koch, et al., 1997; 

Welch, et al., 1992).  In Figure 1b, a second-order response surface is used to approximation the 

relationship between the design (input) variables x1 and x2, and y, the output variable (response).   
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Figure 1. Design and Analysis of Computer Experiments 

The growing use of computers in design optimization has given rise to considerable research in 

the design and analysis of computer experiments.  The primary research thrusts are to improve: 

1. the efficiency with which the design space is sampled either by using fewer sample points or 

seeking better coverage of the design space, and  

2. the accuracy of the resulting surrogate model by using more complex approximations that 

are capable of fitting both linear and non-linear functions.   

In this paper, we systematically compare several experimental design types and surrogate model 

types, which are widely used in the engineering design community, in terms of their capability to 

generate accurate approximations for computer experiments.  In the next section, an overview of 

experimental design strategies for computer experiments is offered.  This is followed in Section 

1.2 with a summary of the different types of surrogate models that are being used for 

approximating computer experiments.  Descriptions of the experimental design types and 

surrogate models employed in this study are given in Sections 2.1 and 2.2, respectively.  Sections 

3 and 4 contain two example problems wherein the different experimental design types and 

surrogate models are compared in terms of their capability to generate accurate approximations.  

The first example involves the design of a two-member frame subject to out-of-plane loading�it 

is a small three variable problem that is relatively inexpensive to analyze yet is characteristic of 

many engineering analyses used in structural optimization.  The second example simulates roll-

over of a semi-tractor-trailer for a given design and driving conditions�the computational 

expense and size of this example (14 variables) yields a large complex problem, involving a 

highly nonlinear response.  Based on the results of these examples, recommendations for 

efficient and accurate approximation model building are given in Section 5.   
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1.1. Experimental Designs for Computer Experiments 

Properly designed experiments are essential for effective computer utilization.  Experimental 

design techniques, which were initially developed for physical experiments, are finding 

considerable use for the design of computer experiments to increase the efficiency of these 

analyses.  In the �classical� design and analysis of physical experiments (i.e., using central 

composite and factorial designs), random variation is accounted for by spreading the sample 

points out in the design space and by taking multiple data points (replicates) as shown in Figure 

2a.  Sacks, et al. (1989) state that the �classical� notions of experimental blocking, replication, 

and randomization are irrelevant when it comes to deterministic computer experiments; thus, 

sample points should be chosen to fill the design space for computer experiments.  Consequently, 

many researchers advocate the use of �space filling� designs when sampling deterministic 

computer analyses to treat all regions of the design space equally.  For instance, Sacks, et al. 

(1989) suggest minimizing the integrated mean squared error (IMSE) over the design region by 

using an IMSE-optimal design as shown in Figure 2b.   
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 (a) �Classical� Design (b) �Space Filling� Design 

Figure 2. "Classical" and "Space Filling" Designs (Booker, 1998) 

Koch, Mavris and Mistree (1998) investigate the use of a modified central composite design 

(CCD) that combines half-fractions of an inscribed CCD with a face-centered CCD to distribute 

points more evenly throughout the design space.  Koehler and Owen (1996) describe several 

Bayesian and Frequentist �space filling� designs, including maximum entropy designs, mean 

squared-error designs, minimax and maximin designs, Latin hypercubes, randomized orthogonal 

arrays, and scrambled nets.  Minimax and maximin designs were originally proposed by 

Johnson, Moore and Ylvisaker (1990) specifically for use with computer experiments.  Sherwy 

and Wynn (1987; 1988) and Currin, et al. (1991) use the maximum entropy principle to develop 
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designs for computer experiments.  Tang (1993; 1994) describes orthogonal array-based Latin 

hypercubes which he asserts are more suitable for computer experiments than general Latin 

hypercubes.  Park (1994) introduces optimal Latin hypercube designs for computer experiments 

which either minimize IMSE or maximize entropy, spreading the points out over the design 

region.  Beattie and Lin (1997) present a method to construct Latin hypercubes via rotated 

factorial designs.  Fang and his co-authors (Fang, et al., 2000; Fang and Wang, 1994) use 

number-theoretic methods to develop uniform designs for use with computer experiments.  

Morris and Mitchell (Mitchell and Morris, 1992; Morris and Mitchell, 1992) propose maximin 

distance designs found within the class of Latin hypercube arrangements since they �offer a 

compromise between the entropy/maximin criterion, and good projective properties in each 

dimension.�  Owen (1992) advocates the use of orthogonal arrays as suitable designs for 

computer experiments, numerical integration, and visualization.   

1.2. Approximation Models for Computer Experiments 

As with experimental designs, a variety of approximation models and techniques exist for 

constructing �surrogates� of computationally expensive computer analysis and simulation codes.  

Response surface methodology (see, e.g., Box and Draper, 1987; Box, et al., 1978; Draper and 

Lin, 1990; Myers and Montgomery, 1995) and artificial neural network methods (see, e.g., 

Cheng and Titterington, 1994; Haykin, 1994; Smith, 1993) are two well-known approaches for 

constructing simple and fast approximations of complex computer analyses.  An interpolative 

model known as kriging is also becoming widely used for the design and analysis of computer 

experiments (see, e.g., Barton, 1998; Booker, 1998; Currin, et al., 1991; Sacks, et al., 1989).  

Multivariate adaptive regression splines (Friedman, 1991) and radial basis function 

approximations (Dyn, et al., 1986; Powell, 1987) are also beginning to draw the attention of 

many researchers.  Radial basis functions and multivariate adaptive regression splines are 

discussed in more detail in Section 2.2 along with response surface and kriging models.   

 
In other work, Rasmussen (1990) offers an accumulated approximation technique for structural 

optimization which refines the approximation of objective and constraint functions by 

accumulating the function values of previously visited points.  Similarly, Balling and Clark 

(1992) describe weighted and gradient-based approximations for use with optimization which 

utilize weighted sums of exact function values at sample points.  Wavelet modeling uses a 
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special form of a basis function which is especially effective in modeling sharp jumps in a 

response surface (Mallet, 1998).  Friedman and Steutzle (1981) introduce projection pursuit 

regression which works well in high-dimensional (< 50) data and with large data sets (can handle 

200,000+ data points).  Projection pursuit regression takes the data and generates different 

projections of it along linear combinations of the variables; an optimizer finds the best 

projections and builds a predictor by summing them together with arbitrary levels of precision.  

Multivariate Hermite approximations for multidisciplinary design optimization are introduced in 

(Wang, et al., 1996).  A comprehensive review of applications of approximation models and 

techniques in mechanical and aerospace systems can be found in (Simpson, et al., 2001b); a 

review of metamodeling applications in structural optimization can be found in (Barthelemy and 

Haftka, 1993) while applications in multidisciplinary design optimization can be found in 

(Sobieszczanski-Sobieski and Haftka, 1997). 

 
Despite the variety of approximations that are available, comparative studies of these approaches 

are limited.  Kriging methods are compared against polynomial regression models for the 

multidisciplinary design optimization of an aerospike nozzle in (Simpson, et al., 2001a); kriging 

models and polynomial regression models are compared using two 5 and 10 variable test 

problems in (Giunta and Watson, 1998).  In (Varadarajan, et al., 2000), artificial neural network 

methods are compared with polynomial regression models for modeling the nonlinear 

thermodynamic behavior of an engine design problem.  In (Yang, et al., 2000), four 

approximation methods�enhanced multivariate adaptive regression splines, stepwise regression, 

neural networks, and the moving least squares�are compared for the construction of safety 

related functions in automotive crash analysis, for a relative small sampling size.  In (Jin, et al., 

2000), response surface models, radial basis functions, kriging models, and multivariate adaptive 

regression splines are systematically compared on a variety of test problems based on multiple 

measures of merit (e.g., accuracy, robustness, transparency, etc.).  While no one approximation 

model dominated, recommendations based on problem size, degree of nonlinearity, and 

availability of sample data are given.  The study conducted by Jin, et al. (2000) did not account 

for different types of experimental design strategies�only different sample sizes; therefore, our 

objective in this paper is to compare both experimental design strategies and approximation 

model types.  The details of our approach are described next.   
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2. TECHNICAL APPROACH 

Our objective in this paper is to systematically compare several experimental design types and 

surrogate modeling techniques in terms of their capability to generate accurate approximations of 

complex engineering analyses.  In total, five experimental design types and four surrogate model 

types are utilized to build approximations for two example problems.   

2.1. Experimental Designs 

Four different types of �space filling� experimental design strategies are considered in this study: 

(1) Latin hypercubes, (2) Hammersley sequence sampling, (3) orthogonal arrays, and (4) uniform 

designs.  A fifth type of design, namely, a set of randomly generated points, is also considered 

for each example.  To enable direct comparisons, each design will employ comparable sample 

sizes.  An overview of each experimental design type is offered next. 

2.1.1. Latin Hypercubes 

Latin hypercubes were the first type of design proposed specifically for computer experiments 

(McKay, et al., 1979).  A Latin hypercube is a matrix of n rows and k columns where n is the 

number of levels being examined and k is the number of design (input) variables.  Each of the k 

columns contains the levels 1, 2, ..., n, randomly permuted, and the k columns are matched at 

random to form the Latin hypercube.  Latin hypercubes offer flexible sample sizes while 

ensuring stratified sampling, i.e., each of the input variables is sampled at n levels.  These 

designs can have relatively small variance when measuring output variance (Sacks, et al., 1989). 

2.1.2. Hammersley Sequence Sampling 

Latin hypercubes are designed for uniformity along a single dimension where subsequent 

columns are randomly paired for placement on a k-dimensional cube.  Hammersley sequence 

sampling provides a low-discrepancy experimental design for placing n points in a k-dimensional 

hypercube (Kalagnanam and Diwekar, 1997), providing better uniformity properties over the k-

dimensional space than Latin hypercubes.  A low discrepancy implies a uniform distribution of 

points in space.   

2.1.3. Orthogonal Arrays 

An orthogonal array is a matrix of n rows and k columns with every element being one of q 

symbols: 0, ..., q-1 (Owen, 1992).  An orthogonal array has an associated strength t depending on 
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the number of combinations of l levels appearing in any of the r columns of the array.  The 

strength of the array and the number of levels combine to form the number of samples within the 

array.  Orthogonal arrays provide an attractive class of sparse designs because they provide 

balanced (full factorial) designs for any projection into r factors (Barton, 1994).   

2.1.4. Uniform Designs 

A uniform design provides uniformly scatter design points in the experimental domain.  A 

uniform design is a type of fractional factorial design with an added uniformity property; they 

have been popularly used since 1980 (see, Fang, 1980).  If the experimental domain is finite, 

uniform designs are very similar to Latin hypercubes.  When the experimental domain is 

continuous, the fundamental difference between these two designs is that in Latin hypercubes, 

points are selected at random from cells, whereas in a uniform design, points are selected from 

the center of cells.  Furthermore, a Latin hypercube requires one-dimensional balance of all 

levels for each factor, while a uniform design requires one-dimensional balance and n-

dimensional uniformity.  Thus these designs are similar in one-dimension, but they can be very 

different in higher dimensions.  Several uniform designs can be obtained from the website: 

<http://www.math.hkbu.edu.hk/UniformDesign>; for a recent review of uniform designs and 

their applications, see (Fang, et al., 2000).   

 
In addition to the four specific types of experimental designs, sets of randomly generated points 

of equal sample size are considered for each example.  The sample sizes for each experimental 

design are chosen based on the number of design variables and are discussed when each example 

problem is introduced.  The approximation models employed in this study are discussed next.   

2.2. Approximation Models 

Four types of approximation models are investigated in this study: (1) polynomial response 

surfaces, (2) kriging models, (3) radial basis functions, and (4) multivariate adaptive regression 

splines.  An overview of each type of approximation model is given in the following sections.   

2.2.1 Response Surfaces 

Originally developed for the analysis of physical experiments (Box and Wilson, 1951), 

polynomial response surface models have been used effectively for building approximations in a 

variety of applications.  A second-order polynomial response surface model has the form:  
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where the ß parameters are computed using least squares regression.  Least squares regression 

minimizes the sum of the squares of the deviations of predicted values, � y (x), from the actual 

values, y(x), using the equation:  

 ß = [X�X]-1X�y (2) 

where X is the design matrix of sample data points, X� is its transpose, and y is a column vector 

that contains the values of the response at each sample point.  Polynomial response surface 

models can be easily constructed, and the smoothing capability allows quick convergence of 

noisy functions in optimization; however, there is always a drawback when applying polynomial 

response surfaces to model highly nonlinear or irregular behaviors. 

2.2.2 Kriging 

Originally developed for applications in geostatistics (see, e.g., Cressie, 1989; Cressie, 1993), a 

kriging model postulates a combination of a polynomial model and departures of the form:   
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where Z(x) is assumed to be a realization of a stochastic process with mean zero and spatial 

correlation function given by: 

 Cov[Z(xi),Z(xj)] = σ2 R(xi, xj), (4) 

where σ2 is the process variance and R is the correlation.  A variety of correlation functions can 

be chosen; however, the Gaussian correlation function proposed in (Sacks, et al., 1989) is the 

most frequently used.  Furthermore, fj(x) is typically taken as a constant term.  In our study, we 

use a constant term for fj(x) and a Gaussian correlation function with p=2 and k θ parameters, 

one θ for each of the k dimensions in the design space.  Determining the maximum likelihood 

estimates of the k θ parameters used to fit the model is a k-dimensional optimization problem, 

which can require significant computational time if the sample data set is large, see (Simpson, et 

al., 1998; Simpson, et al., 2001a) for more details.  The correlation matrix, R, can also become 

singular if multiple sample points are spaced close to one another or if the sample points are 

generated from particular designs.  Fitting problems have been observed with some factorial 
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designs and central composite designs when using kriging models (Meckesheimer, et al., 2001; 

Wilson, et al., 2001).  Kriging methods are extremely flexible, however, due to the wide range of 

correlation functions that have small amount of unknown coefficients.  They can provide 

accurate predictions of highly nonlinear or irregular behaviors. 

2.2.3. Radial Basis Functions 

Radial basis functions were developed by Hardy (1971) and use linear combinations of a radially 

symmetric function based on Euclidean distance or similar metric to build approximation 

models.  A simple radial basis function form is: 

 � y  = i

i
i xxx −=�βφ )(  (5) 

where || � || represents the Euclidean norm, and the sum is taken over an observed set of system 

responses, {(xi, f(xi))}, i = 1, �, n.  Replacing φ (x) with f(xi), and solving the resulting linear 

system yields the βi coefficients.  As commonly applied, the method is an interpolating 

approximation.  Radial basis function approximations have produced good fits to arbitrary 

contours of both deterministic and stochastic response functions (Powell, 1987).  

2.2.4. Multivariate Adaptive Regression Splines 

Multivariate Adaptive Regression Splines (MARS) adaptively selects a set of basis functions for 

approximating the response function through a forward/backward iterative approach (Friedman, 

1991).  A MARS model can be written as: 

 �=
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where am is the coefficient of the expansion, and Bm, the basis functions, can be represented as: 
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where Km is the number of factors (interaction order) in the m-th basis function, sk,m=+/-1, xv(k,m) 

is the v-th variable, 1≤v(k,m) ≤n, and tk,m is a knot location on each of the corresponding 

variables.  The subscript �+� means the function is a truncated power function: 
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The major advantages of using the MARS procedure, however, appear to be accuracy and a 

major reduction in computational cost associated with constructing the approximation model.  

Compared to other techniques, the use of MARS for engineering design applications is relatively 

new.  The algorithm described in (Chen, 1999) is utilized to build MARS models in this paper.  

2.3. Assessing Model Accuracy 

Since many of these approximation models interpolate the sample data, additional validation 

points are collected for each example to assess the accuracy of each approximation model over 

the region of interest.  For each set of validation points, the maximum absolute error (MAX) and 

root mean square error (RMSE) are computed as: 

 MAX = max {|y i − � y i |}i=1,...,nerror (9) 

 RMSE = 
(y i − � y i )

2
i=1

n error
�

nerror

 (10) 

where nerror is the number of additional validation points.  While RMSE provides good estimates 

of the �global� error over the region of interest, MAX gives a good estimate of the �local� error 

by measuring the worst error within the region of interest, where a good approximation will have 

low RMSE and low MAX values.  Finally, the average absolute error and the correlation 

determination (R2) were also computed using the additional validation points.  Error analysis 

revealed that average absolute error and R2 were both highly correlated with RMSE for these two 

examples; therefore, neither measure is included in this paper, and only RMSE and MAX are 

used when analyzing the results. 

3. EXAMPLE 1: STRUCTURAL ANALYSIS OF A TWO-MEMBER FRAME 

3.1. Overview of Two-Member Frame Example 

Our first example for testing the five experimental design and four surrogate modeling types 

comes from (Arora, 1989) and is a typical engineering analysis conducted during structural 

optimization.  This example involves the design of a two-member frame subject to out-of-plane 
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loads as shown in Figure 3.  There are three design variables of interest: frame width (d), height 

(h) and wall thickness (t).  The length, L, of each member is 100 in, and the load at node n2 is P = 

-10,000 lbs.  The stresses are calculated using the finite element method where U1 is the vertical 

displacement at node n2, U2 is the rotation about bar n3-n2 and U3 is the rotation about bar n1-n2.   
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Figure 3. Two-Member Frame 

The objective is to minimize the volume of the frame subject to stress constraints and bounds:  

 
Min.

t,h,d
 V(d, h, t) = 2L(2dt + 2ht − 4t2) (11) 

s.t.  g1(d, h, t) = 1 − σe,n1/σmax > 0 (12) 
 g2(d, h, t) = 1 − σe,n2/σmax > 0 (13) 

2.5 in. ≤ d ≤ 10 in. 
2.5 in. ≤ h ≤ 10 in. 
0.1 in. ≤ t ≤ 1.0 in. 

 
The maximum allowable stress σmax = 40,000 psi, and the effective stresses at nodes n1 and n2, 

σe,n1
 and σe,n2

, are determined using finite element analysis as detailed in (Arora, 1989).   

 

The objective is to build surrogate approximations of the objective function, Eqn. 11, and the two 

stress constraints, Eqns. 12 and 13, that are sufficiently accurate to be used in place of the 

original finite element analyses.  Three-D grid plots of each equation are shown in Figure 4 to 

gain insight into their behavior over the region of interest.  In all six plots, the horizontal axes are 
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h and d varied over their range of interest (i.e., 2.5 to 10) while t is fixed at its lower (0.1) and 

upper bound (0.9).   

   
 (a) Volume [FCN=1], t=0.1 (b) Constraint 1 [FCN = 2], t=0.1 (c) Constraint 2 [FCN = 3], t=0.1 

   
 (d) Volume [FCN=1], t=0.9 (e) Constraint 1 [FCN = 2], t=0.9 (f) Constraint 2 [FCN = 3], t=0.9 

Figure 4. 3-D Grid Plots of Objective Function and Constraints 

From Figure 4, we see that the volume is a fairly smooth function, increasing gradually as t 

increases.  Meanwhile, the two stress constraints are fairly flat for large values of t (i.e., the 

constraints are well satisfied since the stresses are low when t is large); however, for small values 

of t, there is a steep drop-off in one corner of the design space.  The magnitude of the drop-off 

for the first stress constraint is nearly double that of the second (compare Figure 4b and 7c).   

3.2. Experimental Set-Up for Two-Member Frame 

As stated previously, the objective in this first example is to construct approximation models for 

the volume and the two constraints.  There are three design variables�h, d, and t�whose ranges 

of interest are listed in the previous section.  The experimental designs and approximations used 

in this first example are summarized as follows.   

 
• Experimental Design (DOE): 5 types � Hammersley sequence (hss), Latin hypercube design 

(lhd), orthogonal array (oay), random set of points (rnd), uniform design (uni). 

• Sample size (SAMP): 6 sizes � 9, 16, 25, 32, 49, 64. 

• Approximation Model (APPROX): 4 types � kriging model (krg), radial basis function (rbf), 

second-order response surface (rs2), multivariate adaptive regression splines (mar). 
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• Function (FCN): 3 types � volume, stress constraint 1, stress constraint 2. 

 
Note that a total of (5)(6)(4)(3) = 360 approximation models are constructed for this example 

based on the number of experimental design types, sample sizes, approximation model types, and 

functions being approximated.  The number of sample sizes is based on available sample sizes of 

the orthogonal arrays and the minimum number of points needed to fit a second-order 

polynomial response surface.  For the 9 point designs, the response surface models consist of 

only first-order effects and two-factor interactions since there is insufficient data to fit a full 

second-order model.  So for each SAMP size and each DOE type, four different APPROX 

models are constructed for each of the three functions.  To validate each approximation a set of 

8000 additional validation points is used to compute MAX and RMSE, using Eqns. 9 and 10.  

The entire data set is available on the web at <http://edog.me.psu.edu/IJORA/>.  In the next 

section, each function is examined independently of the other functions in terms of MAX and 

RMSE due to the different magnitudes of each response.   

3.3. Analysis of Results 

Bubble plots for RMSE and MAX are given in Figure 5.  In these plots, the strip across the top of 

each quadrant indicates the conditioning factor (i.e., SAMP size), and the size of the circle 

qualitatively depicts the magnitude of the corresponding value of RMSE or MAX.  Since we 

desire minimum values of both error measures, smaller circles indicate a more accurate fit.  We 

will first make some preliminary observations from the bubble plots and then provide in-depth 

interpretations through detailed analyses. 

 
Consistent trend of sample size: As an initial consistency check, we note in Figure 5 that 

metamodel accuracy improves as sample size increases�the size of the circles in each graph get 

smaller and smaller as sample size increases from 9 to 64.  This trend is most noticeable in the 

plots for RMSE, but also exists in the plots for MAX as the smallest circles occur at the large 

sample sizes, namely, 49 and 64.  Overall, this trend is consistent with intuition as the accuracy 

of the metamodel should improve as more sample data becomes available.   

 
Comparison of RMSE and MAX results: In Figure 5a and Figure 5b, we note that the 

combinations of SAMP size, DOE type, and APPROX type that yield low RMSE values for 
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volume (FCN=1) also yield low MAX values.  The same does not hold true for the other two 

functions, however.  For instance, while the RMSE values for the 49 and 64 point designs for 

FCN=2 are low regardless for all DOE and APPROX types, only the orthogonal array (oay) 

designs yield consistently low MAX values for the 49 and 64 point designs as indicated by the 

smaller circles in Figure 5d.  Meanwhile, the remaining designs yield sporadic results in that no 

DOE type dominates, nor does any combination of DOE type and APPROX type dominate.   

 
Factors contributing to accuracy: Regarding APPROX type, it appears that all four types yield 

low RMSE and MAX values for FCN=1 except for the multivariate adaptive regression splines 

with the lowest sample size.  Based on the smoothness of the volume as noted in Figure 4a, it is 

not surprising to have most APPROX types accurately model this function.  However, the 

performance of the metamodels for the two stress constraints is not nearly as good.  As noted 

earlier, SAMP size has a very strong impact on the accuracy.  The type of DOE also appears to 

have some impact on accuracy; the Hammersley sampling sequence (hss) designs and uniform 

(uni) design tend to yield the smallest circles, while the random (rnd) sets of points and Latin 

hypercube designs (lhd) yield some of the largest circles.  The response surface (rs2) models tend 

to do well regardless of SAMP size and DOE type, except for the smallest sample size.  The 

kriging (krg) models approximate the stress constraints well, particularly in terms of RMSE; 

however, the MAX values appear to be about the same as those obtained from the other model 

types.  The multivariate adaptive regression splines (mar) appear to perform very well for large 

sample sizes, particularly in terms of RMSE.  The radial basis functions (rbf), on the other hand, 

give spotted performance and yield some of the largest MAX values even for FCN=1, see Figure 

5b.  More detailed analysis of the impact of each factor and their interactions on metamodel 

accuracy is presented in Figures 6-9.   
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 (e) RMSE for stress constraint 2 [FCN = 3] (f) MAX for stress constraint 2 [FCN = 3] 

Figure 5. Effects of DOE, APPROX, and SAMP on RMSE and MAX 

Contributions of individual factors:  

The individual factor contributions for each of the three functions are plotted in Figure 6.  On the 

left-hand side of Figure 6, we plot the average effect of each factor on RMSE; on the right-hand 
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side, we plot the average effect of each factor on MAX.  For both measures, a lower value 

indicates a better fit.  Our observations on the trend of sample size, the consistency between 

RMSE and MAX results, and the impact of various factors on accuracy from Figure 6 are 

consistent with the trends observed in Figure 5.   
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Figure 6. Individual Factor Contributions on RMSE and MAX 
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Impact of DOE type: We notice that DOE types are tightly spaced in terms of RMSE for all 

functions and MAX for FCN=1; however, a much wider spread exists in the impact of DOE type 

on MAX for two stress constraints.  The uniform (uni) designs and Hammersley sampling 

sequences (hss) are consistently among the best performers at providing accurate models with 

low RMSE.  However, as noted in the plots for MAX in Figure 6, the orthogonal arrays (oay) 

tend to yield the most accurate approximations with the Hammersley sampling sequences giving 

the worst or next to worst performance in all cases.  The uniform (uni) designs tend to be average 

performers for the stress constraints when measured by MAX value.  As expected, the random 

sets of points (rnd) give some of the worst results, particularly for RMSE.  This is primarily 

because the random points do not guarantee good coverage of the design space when compared 

to a uniform design, Hammersley sampling sequence, or orthogonal array.  Meanwhile, while a 

uniform design and Hammersley sampling sequence provide good coverage of the design space, 

and hence low RMSE, they do not position points at the corners as one finds in an orthogonal 

array.  This is the main reason why the resulting approximations from these two designs do not 

capture the drop-offs of the two stress functions which lead to higher MAX errors, even though 

the global accuracy indicated by the low RMSE values is still good.  This also accounts for the 

fairly tight grouping for RMSE�all of the DOE types provide reasonably accurate 

approximations from a global perspective (i.e., low RMSE value) with specialized designs (e.g., 

uniform designs) offering slight improvements over random sets of points and Latin hypercubes. 

 
Impact of sample size: The overall effect of SAMP size is consistent with intuition (i.e., larger 

sample sizes yield more accurate models).  A few discrepancies among the 32, 49, and 64 sample 

sizes are more difficult to explain and are investigated in more detail when discussing the 

interactions in Figure 8 and Figure 9.  In Figure 6 we observe that the 9 and 16 point designs 

tend to yield the worst RMSE values for all three functions while the 64 point designs yield the 

best.  The improvement gains in RMSE appear to lessen as sample size increases above 25 

points, with the biggest gains occurring when moving from 9 to 16 to 25 points.  The 25, 32, and 

49 point designs alternate their rank ordering in terms of their impact on RMSE and MAX.  It is 

also interesting to note that the 32 point designs yield some of the lowest MAX values.  This is 

primarily due to the superior performance of the orthogonal arrays for this sample size as 

indicated by the small circles in the bubble plot Figure 5.  We believe that the poor performance 
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of the 49 and 64 point designs is due primarily to over-fitting the functions because they are so 

smooth�had the volume and stress constraints been more nonlinear, taking more sample points 

would most likely continue to improve the accuracy of the approximation. 

 
Impact of approximation type: From Figure 6 we note that the kriging (krg) models tend to 

yield the most accurate approximations as measured by both RMSE and MAX.  The second-

order response surface (rs2) models yield very accurate predictions for FCN=1 since Eqn. 25 is 

quadratic; however, as expected, their performance in modeling the stress constraints is not as 

good, particularly in terms of MAX.  The radial basis functions (rbf) yield some of the worst 

approximations, compared to the other APPROX types, especially when MAX is considered.  

Finally, it is interesting to note that the multivariate adaptive regression splines (mar) provide 

much better approximations for the stress constraints (FCN=2 and 3) than they do for volume, 

and they yield the lowest MAX values for both stress constraints.  This is consistent with 

previous observations regarding the bubble plots in Figure 5.   

 
Contributions of Interactions between Factors: 

Having looked at the individual factor contributions, the next step is to examine the interactions 

between different pairs of factors.  Three interactions are studied: (1) DOE and APPROX, (2) 

DOE and SAMP, and (3) APPROX and SAMP, and the effect of each interaction is plotted in 

Figure 7, Figure 8, and Figure 9, respectively.  The first set of interactions�APPROX type and 

DOE type�plotted in Figure 7, shows the impact of each APPROX type for a given DOE type, 

averaged over all sample sizes.  The results are segmented by RMSE value and MAX value and 

plotted independently for each function to be consistent with previous graphs. 

 
Interaction between DOE and APPROX type (Figure 7): We first notice the tight grouping of 

DOE types for the response surface (rs2) models in Figures 7a and 7b.  This indicates that the 

response surface models accurately approximate the volume (FCN=1) independent of DOE type, 

which is not surprising given the quadratic nature of Eqn. 25.  No other DOE-APPROX 

combination is as tightly grouped as found for volume.  Looking at DOE types, the uniform 

designs (uni) appear to provide the least variation among APPROX types, yielding a nearly 

horizontal line for stress constraint 1 (Figure 7c).  All of the DOE types appear to fluctuate when 

looking at MAX values; however, the orthogonal arrays are consistently among the best 



 21

performers, independent of APPROX type, as seen previously in Figure 6.  It also appears that 

the Hammersley sampling sequences (hss) work particularly well with the multivariate adaptive 

regression splines (mar) to yield fairly low RMSE and MAX values for all three functions.  The 

parallel lines in Figure 7d and Figure 7f indicate that the interaction effect of DOE and APPROX 

type on MAX values is very small for both constraint functions.  We also notice that the 

multivariate adaptive regression splines (mar) method is very DOE type dependent, indicating 

that it is the least robust method with respect to different DOE types. 
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Figure 7. Interaction of DOE and APPROX on RMSE and MAX 

 
Interactions between DOE and SAMP (Figure 8): Despite some jumpiness, the general trend 

for each DOE type in Figure 8 is to improve accuracy as the SAMP size increases; this is 

particularly noticeable in the RMSE plots for all three functions.  The sharp spike for the 49 

point OA seen in Figure 8a is primarily due to poor randomization within the orthogonal array 
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and subsequently poor approximations as indicated by the slightly larger circles in Figure 6a.  

The Latin hypercube designs (lhd) and random sets of points (rnd) yield some of the worst 

RMSE and MAX values, regardless of sample size.  This can be attributed to the random 

positioning of points in both types of designs.  For instance, we see that the random sets of points 

(rnd) perform very poorly for low sample sizes when MAX is considered; they also yield high 

MAX values even with large SAMP sizes for the two stress constraints.  Meanwhile, the 

orthogonal arrays (oay) yield the lowest MAX values for the two stress constraints.  In Figure 8, 

the uniform (uni) designs offer some of the lowest RMSE values for many SAMP sizes; 

however, their performance in terms of MAX is not as good due mainly to the positioning of 

points within the design space as discussed previously.  The Hammersley sampling sequences 

(hss) are average performers for low sample sizes, but they start to perform quite well for large 

SAMP sizes (25 and above).  Finally, we note that capability of most designs to yield further 

improvements in RMSE tends to start to level off at 25 and 32 points, i.e., taking more than 25 or 

32 points does not yield significant gains in the overall accuracy of the resulting approximation.   

 
Interaction between APPROX type and SAMP size (Figure 9): As a first check, all APPROX 

types seem to improve as SAMP increases in Figure 9, providing consistency with previous 

findings and intuition.  Of all the APPROX type, however, the multivariate adaptive regression 

splines (mar) are the most affected by SAMP size�the multivariate adaptive regression splines 

are among the worst performers at small SAMP sizes but are among the best performers at large 

SAMP sizes based on RMSE and MAX.  We also notice that the kriging models perform well at 

low SAMP sizes as do the radial basis functions (rbf), which yield the most accurate RMSE 

values for the two stress constraints at the lowest SAMP size.  Meanwhile, the performance of 

the response surface (rs2) models tend to level off for SAMP sizes greater than 9 when looking 

at RMSE values, and this is due to the inability to fit a full second-order model when only 9 

points are available.  Only ten sample points are required to fit a full second-order model for 3 

variables, but it appears that once we are able to fit a full second-order response surface (rs2) 

model that little improvement in RMSE is obtained by increasing SAMP size further. 
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Figure 8. Interaction of DOE and SAMP on RMSE and MAX 
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Figure 9. Interaction of SAMP and APPROX on RMSE and MAX 

 

To determine if similar trends exits for larger problems containing many design variables (>10) 

and a highly nonlinear response, a fourteen variable problem involving the analysis of semi-

tractor trailer roll-over is next. 
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4. EXAMPLE 2: ROLL-OVER ANALYSIS OF A SEMI-TRACTOR TRAILER 

Our second example is a real engineering problem that analyzes vehicle design to improve a 

vehicle�s handling characteristics, particularly the prevention of roll-over (Chen, et al., 1999).  

The simulator used is the integrated computer tool ArcSim (ArcSim, 1997; Sayers and Riley, 

1996) developed at the University of Michigan for simulating and analyzing the dynamic 

behavior of 6-axle tractor-semitrailers.  Each simulation takes more than three minutes to run on 

a Sun UltraSparc 1 workstation; therefore, using ArcSim during optimization imposes heavy 

computational costs.  An overview of ArcSim is given in the next section; details of the example 

and experimental set-up are discussed in Section 4.2 with result analysis in Section 4.3.   

4.1. Overview of ArcSim Example 

ArcSim can simulate responses of tractor-semitrailers to user-defined steering and braking inputs 

on both flat and inclined surfaces (ArcSim, 1997).  The program contains a nonlinear 3-D 

mathematical model with 91 state variables, a nonlinear tire model, and a detailed steering 

system model with major compliance effects.  ArcSim also considers solid-axle suspensions and 

major suspension effects.  In this study, 14 input variables are considered which include nine 

suspension and vehicle parameters as design variables and five uncontrollable (i.e., noise) factors 

for steering and braking.  The response of interest is the vehicle handling performance, which is 

measured by the roll-over metric.  The previous studies (Chen, et al., 1999) indicate that the roll-

over metric has a highly nonlinear dependence on the control and noise variables, especially for 

different combinations of brake and steering levels.  A description and the range of interest for 

each of the 14 input parameters are summarized in Table 1.  All of the variables except 

brake_end have a range of +/- 20 % from their nominal values (i.e., the values for the baseline 

design); brake_end varies by +/- 15% to avoid overlap with the steering parameters. 

 
In most cases, roll-over occurs due to extreme steering and braking inputs; therefore, the steering 

and braking parameters are taken as noise factors.  Five noise factors are chosen: three 

corresponding to the braking inputs, and two corresponding to the steering inputs.  Their ranges 

are also listed in Table 1.  The ranges of brake_start and brake are +/- 15% from their nominal 

values to avoid overlap of the two parameters, whereas the other parameter ranges are +/- 20% 

from their nominal values.  The level of braking is the amount of braking pressure applied.  The 
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level of steering is the angle the steering wheel is turned.  The starting and ending times define 

total time of braking and steering, respectively.   

Table 1. ArcSim Variables and Ranges of Interest 
Design Variable Description Lower Bound Upper Bound 

HH1 Height of Hitch above ground 51.2 in 76.8 in 
KHX1 Hitch roll torsional stiffness 8e5 in-lb/deg 1.2e6 in-lb/deg 
LTS11 Distance between springs on Axle 1 30.4 in 45.6 in 

LTS123 Distance between springs on Axles 2 & 3 30.4 in 45.6 in 
LTS2123 Distance between springs on Axles 4,5 & 6 30.4 in 45.6 in 

M11 Laden load for Axle 1 11540 lbm 17310 lbm 
M2123 Laden load for Axles 4, 5 and 6 16274.4 lbm 24411.6 lbm 
KT2123 Axles 4, 5 & 6 tire stiffness 4139.20 lb/in 6208.80 lb/in 
SCFS11 Axle 1 spring stiffness scale factor 0.8 1.2 

Noise Variables Description Lower Bound Upper Bound 
brake_start Time at which braking is applied 1.02 sec 1.38 sec 
brake_level Level of braking that is applied 70 psi 100 psi 
brake_end Time after which braking is no longer applied 1.53 sec 2.07sec 
steer_level Level of steering that is applied 60 deg 100 deg 
steer_end Time after which steering is no longer applied 2.16 sec 3.24 sec 

 
In terms of the vehicle handling response, it is assumed that if the roll-over angle becomes 

greater than 45o, roll-over will occur.  The roll-over metric is one of ArcSim�s outputs and is 

defined as the square root of the integral of the square of the roll-over angle in a 5-second period:   

 R= roll _ angle2dt0

5
�  (14) 

Five seconds is chosen as the upper limit of the integration based on previous studies (Chen, et 

al., 1999).  The square of the roll-over angle is used as the metric since the roll-over angle can 

take negative or positive values depending on whether roll-over is to the left or the right.  Based 

on this definition, we note that the value of the roll-over metric is desired to be as small as 

possible.  The plot of roll-over metric versus brake level and steering level shown in Figure 10 

illustrates the high non-linearity, which is further complicated by the high dimensionality of the 

problem.  The experimental design set-up used for this example is described next.   
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Figure 10. 3-D Plot of Roll-Over Metric Versus Brake Level and Steering Level 

4.2. Experimental Set-Up for ArcSim Example 

The objective in this second example is to construct an accurate approximation model for the 

roll-over metric computed by ArcSim.  There are a total of fourteen input variables as listed in 

Table 1, and the ranges of interest for each variable are also listed in Table 1.  The factors and 

levels considered in this example are summarized as follows. 

 
• Experimental Design (DOE): 5 types � Hammersley sequence (hss), Latin hypercube design 

(lhd), orthogonal array (oay), random set of points (rnd), uniform design (uni) 

• Sample size (SAMP): 4 sizes � 128, 169, 256, 361 

• Approximation Model (APPROX): 4 types � kriging model (krg), radial basis function (rbf), 

second-order response surface (rs2), multivariate adaptive regression splines (mar) 

• Function (FCN): 1 type � roll-over metric 

 
Notice that a total of (4)(5)(4)(1) = 80 approximation models are constructed for this example 

based on the number of experimental design types, sample sizes, approximation model types, and 

functions being approximated.  The sample sizes are based on available sample sizes of the 

orthogonal arrays and the minimum number of points needed to fit a second-order polynomial 

response surface.  For each approximation of the roll-over metric, a set of 1000 additional 

validation points is used to compute MAX and RMSE, using Eqns. 9 and 10.  The analysis of the 

results is next; the complete data set is available on the web at <http://edog.me.psu.edu/IJORA/>.  
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4.3. Analysis of ArcSim Results 

Following a similar order to that in Section 3.3, a bubble plot of the effects of DOE, APPROX, 

and SAMP on RMSE and MAX is shown in Figure 11.  Blank spaces in the bubble plot indicate 

that an approximation model could not be fit for that particular combination of DOE and SAMP.  

For instance, all of the Hammersley sequence sampling (hss) designs yielded singular design 

matrices (X�X), preventing a second-order response surface (rs2) model from being fit.  

Meanwhile, several of the multivariate adaptive regression splines yielded extremely poor 

approximations due to numerical round-off error and were consequently removed from the data 

set.  This trend is consistent with previous results wherein large sample sizes are needed in order 

to fit accurate multivariate adaptive regression splines.   
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Figure 11. Effects of DOE, APPROX, and SAMP on RMSE and MAX 

 

Factors contributing to accuracy:  Looking at the data in Figure 11, the radial basis functions 

(rbf) and kriging (krg) models appear to offer good approximations for a wide variety of DOE 

and SAMP sizes.  These two approximation models provide the majority of the lowest RMSE 

and MAX values (i.e., smallest circles) for the roll-over metric.  Meanwhile, the multivariate 

adaptive regression splines (mar) and response surface models only yield accurate 

approximations for large sample sizes.  The Latin hypercube designs (lhd) and random sets of 

points (rnd) yield some of the least accurate models as indicated by the large circles associated 

with many of the approximations constructed from these two DOE types.  The orthogonal arrays 

(oay) appear to be the most robust, yielding accurate approximations for a variety of SAMP sizes 
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and APPROX types.  The orthogonal arrays are followed closely by the uniform (uni) designs, 

and the Hammersley sampling sequences based on the sizes of the circles for RMSE and MAX.  

To further understand the impact of each DOE type, APPROX type, and SAMP size on 

modeling accuracy, the individual factor contributions for modeling the roll-over metric are 

shown in Figure 12.   

 
Impact of DOE type: Since we want to minimize both MAX and RMSE, the orthogonal array 

(oay) and uniform designs (uni) appear to be the experimental designs of choice, followed 

closely by Hammersely sampling sequences (hss) and Latin hypercubes (lhd).  The worst 

possible DOE types, as expected, is the random sets of points (rnd).  It is again reassuring to note 

that both MAX and RMSE decrease as the sample size increases. 
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Figure 12. Factor Contributions on Model Accuracy 

Impact of APPROX type: The radial basis function (rbf) and kriging models (krg) both perform 

well in terms of MAX and RMSE as shown in Figure 12.  The radial basis function models offer 

a slight improvement in MAX error over the kriging (krg) models, while both approximations 

yield similar RMSE values.  The second-order response surface (rs2) models yield average 

results for both error measures while the multivariate adaptive regression splines (mar) are the 

most inaccurate, particularly when small sample sizes are used.  This is consistent with previous 

results (Jin, et al., 2000).  

 

Interaction between DOE and SAMP (Figure 13): Consistent with the previous figure, most 

of the lines in Figure 13 are negatively sloped, indicating increased accuracy as sample size 
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increases; however, there are some exceptions.  Most notably, the MAX values for the uniform 

design (uni) rise slightly as sample size increases, but the corresponding RMSE values tend to 

decrease.  Meanwhile, the Hammersley sampling sequences (hss) show the most pronounced 

increase in MAX and RMSE when moving to the 361 point designs, while the other DOE types 

level off at the higher sample sizes.   

 

SAMP

m
ea

n 
of

 R
M

SE
 --

 9
 N

A'
s

15
20

25

128 169 256 361

   DOE

hss
uni
rnd
lhd
oay

  SAMP

m
ea

n 
of

 M
AX

 --
 9

 N
A'

s

40
60

80
10

0
12

0
14

0
128 169 256 361

   DOE

hss
uni
rnd
oay
lhd

   
 (a) for RMSE (b) for MAX 

Figure 13. Interaction of DOE and SAMP  

Interaction between DOE and APPROX (Figure 14): We see from Figure 14 that both the 

kriging (krg) and radial basis function (rbf) models yield good results, regardless of DOE type; 

the same does not hold true for the response surface (rs2) models or the multivariate adaptive 

regression splines (mar).  Of the five design types available, the uniform designs (uni) and 

orthogonal arrays (oay) seem to work well with both multivariate adaptive regression splines 

(mar) and radial basis functions (rbf) while the random points provide the worst data set for 

fitting accurate approximations.   

 

Interaction between APPROX type and SAMP size: The interaction between APPROX and 

SAMP is not plotted for this example because the only interaction that exists has already been 

captured, namely, as SAMP size increases, each APPROX yields more accurate results.  There 

are no big jumps in accuracy for any particular APPROX type as observed previously.   
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Figure 14. Interaction of DOE and APPROX 

5. RECOMMENDATIONS AND CLOSING REMARKS 

Based on the comparative study results for two engineering example problems, one small 

dimension (k = 3) with both low-order and higher-order nonlinear functions, and the other large 

dimension (k = 14) with higher-order nonlinear behavior, some general conclusions can be drawn 

regarding the selection of DOE type, the approximation type and the sample size.   

 
For DOE type, we find that good design space coverage afforded by the uniform designs and 

Hammersley sampling sequences tend to yield more accurate approximations globally as 

indicated by the consistently low RMSE values associated with them.  The uniform designs tend 

to perform well at low sample sizes while the Hammersley sampling sequences tend to fair better 

when large sample sizes can be afforded, but both offer improvements over standard Latin 

hypercube designs and random sets of points.  The orthogonal arrays do particularly well at 

giving low MAX values because these designs place points at the corners of the design space 

which is critical when trying to approximate the two stress constraints in the first example.  This 

type of behavior may not always be present in a system, and we recommend a design that 

provides good overall coverage (and therefore lower RMSE) be chosen over one that yields low 

MAX�validation of the approximation during use can always help correct large MAX values.   

 
For APPROX type, the kriging (krg) and radial basis function (rbf) models tend to offer more 

accurate approximations over a wide range of DOE types and SAMP sizes.  The performance of 

the multivariate adaptive regression splines (mar) is the least stable; its performance varies quite 
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a lot when different sample sizes or DOE types are available.  In both examples, large sample 

sizes are needed to fit accurate multivariate adaptive regression splines. The second-order 

response surfaces yield average results and perform particularly well when approximating low-

order non-linear functions.   

 
For SAMP size, larger sizes generally improve the accuracy, however, for low-order non-linear 

functions, we also find that taking large samples for many approximation types, with the 

exception of the multivariate adaptive regression splines, does not improve accuracy that much.   
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ABSTRACT: 

An Image is defined as a two-dimensional function which consists of spatial coordinates, 

and the amplitude of that function at any pair of coordinates is called intensity of the image at 

that point. Efficient representation and flexible retrieval are two major needs in image processing 

applications such as image compression, image indexing, face recognition and computer vision. 

Image representation is a crucial factor in fulfilling these requirements. Image representation and 

retrieval is a deterministic computer experiment as multiple evaluations produce the same value 

of the image for fixed inputs. 

 Design and Analysis of Computer Experiment abbreviated as DACE is used to construct 

a  kriging  approximation  model  based  on data  from a  computer  experiment,  and  to  use  this 

approximation  model  as  a  surrogate  for  the  computer  model. This  paper  represents  image 

through a feature set which are the corresponding parameter values of a DACE model. In this we 

are  normalizing  the  image  and  then  sampling  the  image  so  that  the  size  of  the  image  gets 

compressed. Using these sample points we are fitting a model for the image using polynomial 

regression upto fifth degree. The model gives parameters which are used to predict the image at 

unknown points. The representation of the image through the parameters of the fitted DACE 

model and its efficiency are presented in this paper.

1. INTRODUCTION:

An important research issue in the field of multimedia data analysis is that of choosing 

the right representations for the data where representation can be done by images, sounds, video, 

etc. In this paper representation is done using Image. With the current huge scientific and non-

scientific  image  databases  present,  it  is  naive  to  expect  any  human  to  be  able  to  analyze, 

understand and extract knowledge from it. The process consists of some computational parts that 

may be automated and actually better executed by computers than by humans. We will focus our 

research on image features extraction,  typically by the use of DACE approach. Next section 

describes about DACE model, modeling and prediction using the DACE model.
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1.1 DACE MODEL:

 This paper it describes the use of the software package DACE (Design and Analysis of 

Computer Experiments), which is a Matlab toolbox for working with kriging approximations to 

computer models. The typical use of this software is to construct a kriging approximation model 

based on data from a computer experiment, and to use this approximation model as a surrogate 

for  the  computer  model.  Here,  a  computer  experiment  is  a  collection  of  pairs  of  input  and 

responses from runs of a computer model. Both the input and the response from the computer 

model are likely to be high dimensional. The computer models we address are deterministic, and 

thus  a  response  from  a  model  lacks  random  error,  i.e.,  repeated  runs  for  the  same  input 

parameters gives the same response from the model. Often the approximation models are needed 

as a part of a design problem, in which the best set of parameters for running the computer model 

is determined. This is for example problems where a computer model is fitted to physical data. 

This design problem is related to the more general problem of predicting output from a computer 

model at untried inputs.

 The statistical approach for computer experiments involves two parts: 

1. Design: Find a set of n points, i.e., a design matrix, denoted by Dn in the input space T so that 

an approximate model can be ‘best’ constructed by modeling techniques based on the data set 

that is formed by Dn and the output on Dn. Putting points of Dn uniformly scattered on T is called 

a space-filling design, or uniform design.

 2. Modeling: Fitting highly adaptive models by various modeling techniques. Because of the 

space-filling nature of the experimental  design,  an adaptive  model  which can represent  non-

linearity as well as provide good prediction capability at untried points is very important.

1.2 MODELLING AND PREDICTION USING DACE MODEL:

Given a set of m design sites S = [s1…sm]T with si belongs to Rn and responses Y = [y1…y 

m]T with yi belongs to Rq .The data is assumed to satisfy the normalization condition. 

µ[S:,j] = 0, V[S:,j , S:,j] = 1, j = 1,…,n,

            µ[Y:,j] = 0, V[Y:, ,Y:,j] = 1, j = 1,..,q.
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Where X:,j is the vector given by the jth column in matrix X, and µ [.]  V denote respectively the 

mean and the covariance.

We  adopt  a  model  ^y  that  expresses  the  deterministic  response  y(x),  as  a  realization  of  a 

regression model F and a random function (stochastic process)

^yl(x) = F(β:,l,x) + zl(x), l= 1… q .

A regression model is a linear combination of p chosen functions. In the existing matlab toolbox 

provides regression models with polynomials of orders 0, 1 and 2. We have extended degree of 

the polynomial till five.

The random process z is assumed to have mean zero and covariance

      E[zl(w) zl(x)] = σ2
l R(θ,w, x), l= 1,… q

Between z(w) and z(x), where σ2
l  is the process variance for the lth component of the response 

and R(θ,w, x) is the correlation model with parameter θ . In the toolbox correlations are of the 

form

           R(θ,w, x) = πj=1
n Rj(θ, wj-xj), with 7 choices .We focused our experiment to exponential 

correlation function. Then we perform kriging predictor for y.

 The aim of kriging is to estimate the value of an unknown real-valued function f, at a 

point, x*, given the values of a function at some other points, x1  ,…., xn.  A kriging estimator is 

said to be linear because the predicted value f^(x*) is a linear combination that may be written as 

f^(x*) = ∑ λi y(xi)

λi depend on the distance of the test point x from observed points (spatial interpolation) 

2. ALGORITHM:

1. Read  an  image  which  can  be  in  any  one  format  like  jpeg,  png,  tif,  etc.  For 

example we initially have taken inbuilt color image named peppers.png which is 

of size [M N 3].

2. Crop the image inorder to get an efficient  and desired outputs incase of large 

images. Size of the image after cropping is [N1 N2 3].
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3. Convert the RGB image to Gray image now image becomes 2 dimensional and 

size of image is [N1 N2].

4. Sample the gray image with step size of four. The size of image gets compressed 

to [mx nx]

5. Pass the sampled image along with regression polynomial,  correlation,  Theta0, 

lower bound and upper bound values into dacefit function.

6. The dacefit function gives non-linear least-squares fit of a given correlation model 

to the provided data set and regression model. The fitted model can be used to 

predict the image at unknown points.  

7. Now whole image is passed into predictor function along with the dace model 

which is output of the dacefit function.

8. Predictor  function predicts  the  response at  unknown points  based on the dace 

model and also estimated mean square error of the predictor.  

3. CASE STUDY:

3.1  Fixed Input Image and Varying Parameters:

The Input image given to the dace model is an inbuilt image named peppers.png and from 

the image a small part is been cropped and is been predicted by varying the sampling size 

of the image with S=2 to S=6 and also varying the regression polynomial with P=1 to 

P=5

4



Where ‘S’ represents the sample size and ‘P’ represents the regression polynimial used in the 

dace model program

3.2  Fixed Parameters and Different Input Images

Taking 5 images like pepper.png and 4 other jpeg images as input and with  fixed sample 

size of four and regression polynomial degree five we got the following results.

5



 CONCLUSION:

In this paper we have given a naval representation methodology for images using DACE 

approach. Image is represented through a feature set which are corresponding parameters values 

of a DACE model. The size of the image gets compressed while sampling and by constructing 

the dace model the image can be represented with approximately 0.3kb whereas representing 

with jpeg or any other representation format takes nearly 30kb of size hence representing with 

dace model gives less storage for image. With the sample size of four and polynomial degree of 

five we are able to get efficient output. Increasing the regression polynomial degree from three to 

6
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Introduction

 Image representation is a crucial factor in fulfilling 
the requirements for image processing applications 
such as image compression, image indexing, face 
recognition.

 Representing involves two choices:
1. External characteristics (its boundary)

2. Internal characteristics (pixels comprising the region)

 Image Representation is a deterministic computer 
experiment as multiple evaluations produce same 
pixel value of the image for fixed inputs.
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DACE Model

 DACE: Design and Analysis of Computer 
Experiments

 It is a Matlab toolbox for working with kriging 
approximations to computer models [1].

 DACE is used to construct a kriging approximation 
model based on data from a computer experiment, and 
to use this approximation model as a surrogate for 
computer model.

 The objective of DACE is to find the design sites and a 
suitable surrogate model.

[1] Soren N.Lophaven, Hans Bruun Nielsen and Jacob Sondergaard, “DACE A MATLAB Kriging Toolbox”, IMM- Technical 
University of Denmark, August 1, 2002, version 2.0.
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Surrogate Model
 Surrogate models are approximation models which replace 

the behavior  of original high fidelity code.
 The objective of surrogate model is to predict the values of 

deterministic function when its values are known only at a 
limited finite number of sites.

Physical 
system

Computer 
code

Surrogate 
model

Input

System output Code output Surrogate model output

Sampling

Figure shows the entire philosophy of surrogate modeling in flowchart 
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Kriging Approximation 
 Kriging is a spatial interpolation technique developed 

by D.G. Krige, a South African mining engineer.
 Kriging gives an approximation method that can give 

predictions at unknown points of random function. 
 Below figure shows the values at points s1, s2, . . . are known 

and value at point s0 is predicted.

 The entire framework of kriging provides a “model of a 
model” called as Design and Analysis of Computer 
Experiments 

[7] Amitay Isaacs, “Direct-search methods and DACE”, Department of Aerospace Engineering , Indian Institute of Technology 
Bombay, May 2003.
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Modeling

 The Modeling of deterministic computer response y(x) 
as a realization of a stochastic process Y

                                                         ------------ Eq 1
with: f (x) = [ f1(x),f2(x),……fk(x)]T

                   β  = [β1 ,β2 ,……. βk ]T

 Random Process ‘Z’ is assumed to have zero mean and 
constant covariance    

       cov (w,x) = σ2 R(w,x)  ------------ Eq 2

[2] Etman, L.F.P, “Design and analysis of computer experiments: The method of Sacks et al”, Engineering 
Mechanics report WFW 94.098, Eindhoven University of Technology, 1994.  

Y(x) = f T (x) β + Z(x)
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Estimation
 Given s= { s1, s2,…….. sN } and response data ys = 

{ y(s1), y(s2), ……… y(sN) }

 From these computer responses the unknown 
parameters β and σ2 can be estimated 

β = ( F T R-1 F )-1 F T R-1 ys ----------------    Eq 3

     σ2  = 1/N (ys - F β )T R-1 (ys - F β ) ------    Eq 4

     with     F = [ f(s1), f(s2),……f(sN) ] T

    R = [ R ( si , sj) ]ij   1 ≤ i,j ≤ N 

[2] Etman, L.F.P, “Design and analysis of computer experiments: The method of Sacks et al”, Engineering 
Mechanics report WFW 94.098, Eindhoven University of Technology, 1994.  

Y(x) = f T (x) β + σ2  R(w,x)
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Prediction

 The Best linear prediction of the response is 
                                                                                  ---------- Eq 4

   where α = R-1 (ys – F β )               -------- Eq 5

and with correlations ‘r’

   r = [R(s1 , x),R(s2 , x),…….R(sN , x)] T   ----- Eq 6

 Calculate mean square error using  
       MSE = σ2 ( 1 + u(x)T (FT R-1 F) -1 u(x) – r(x)T R-1 r(x))

                where u(x) = FT R -1 r(x) – f(x)

[2] Etman, L.F.P, “Design and analysis of computer experiments: The method of Sacks et al”, Engineering 
Mechanics report WFW 94.098, Eindhoven University of Technology, 1994.  

ŷ = f T (x) β + r T  (x) α
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Algorithm
Step 1: Read an input image

Step 2: Crop the desired image 

Step 3: Convert RGB image to Gray image

Step 4: Sample the gray image with desired step size

Step 5: Pass the sampled image along with regression 
polynomial, correlation, Theta0, lower bound and 
upper bound values into dacefit function.
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Contd….
Step 6: The dacefit function gives  non-linear least-

squares fit of a given correlation model to the 
provided data set and regression model. The fitted 
model can be used to predict the image at 
unknown points.
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Contd….

Step 7: In predictor function pass the points to be 
predicted along with the dace model which is output 
of the dacefit function.

Step 8:Predictor function predicts the response at 
unknown points based on the dace model and also 
estimated mean square error of the predictor.  
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Case Study
1. Fixed Input Image and Varying parameters

Where ‘S’ is Sample size and ‘P’ represents regression polynomial
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Case Study
1. Fixed Parameters and Different Input Images
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Comparison of Memory Size
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Conclusion

 The size of the image gets compressed while sampling and 
by  constructing the dace model the image can be represented 
with approximately 6.5kb whereas representing with jpeg or any 
other representation format takes nearly 50kb of size thus 
representing with dace model gives less storage of memory for 
image. Image is been compressed for nearly 87% and the output 
of the predicted image resembles the input image. Further image 
enhancement techniques can be applied to improve the quality of 
the result.
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Queries?
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Thank You



five  has  reduced  Mean  Square  Error  values  of  the  predicted  image  get  reduced  gradually. 

Increasing the polynomial degree above five has not shown much improvement in the output. 

Also, reducing the sample size less than four requires more memory to get desired result. Further 

image enhancement techniques can be applied to improve the quality of the result.
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