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Abstract Identifying Regions of Interest (Rol) in the
design space is extremely useful while building meta-
models with limited computational budget. Self Orga-
nizing Maps (SOM) is used as a visualization tech-
nique for design space exploration that permits iden-
tifying Rol. Conventional implementation of SOM is
susceptible to folds or intersections that hinder visual-
izing the design space. This work proposes a modified
SOM algorithm to address folds, allowing smoother in-
put and performance space visualization. The modified
algorithm enables identification of Rol and additional
sampling in the identified Rol allows building accurate
Kriging metamodel, which is then used for optimiza-
tion. The proposed approach is demonstrated on bench-
mark nonlinear analytical examples and two practical

engineering design examples. Results show that the pro-
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posed approach is highly efficient in identifying the Rol

and in obtaining the optima with less samples.
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Maps - Design of Experiments

1 Introduction

In the context of design optimization that involve ex-
pensive computer models, metamodels are used to alle-
viate the prohibitive computational expense. In order to
build an accurate metamodel, one needs to have infor-
mation to some degree about the true function’s non-
linearity in the design space. This information influ-
ences the choice of basis functions, kernels and the mini-
mum sample size required. For the same sample size, ac-
curacy of the metamodel deteriorates with the increase
in size of design space and dimensions. Therefore, meta-
model accuracy, number of samples, size of design space
or number of dimensions are always a trade-off. For a
given sample size, researchers address the above chal-
lenges using dimension reduction techniques (Chowd-

hury et al., 2009} |(Constantine et al., 2014} Berguin and
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Mavris| |2015; [Diez et al.|,|2015)) and reduction of the de-

sign space size by decomposing it into multiple Regions

of Interest (Rol) (Wang and Simpson| 2004; Wang and)|

[Shan|, [2004; Missoum et al., [2007; [Tseng et al.| 2014]).

In the dimension reduction techniques, the underlying
idea is to identify major factors and express the func-
tion in terms of these factors. Though these techniques
are helpful in reducing computational time, the reverse
mapping of the low dimension to original higher di-
mension is not possible. Hence, design space reduction
techniques are an attractive alternate.

The blanket idea in design space reduction is to iden-
tify the ‘sweet spots’ or Rol within the design space.
Usually, additional or sequential samples are generated
at the Rol. This allows for building a better global
metamodel with higher accuracy locally at Rol

let all, 1992} [Chen et all, [1997; Mackman and Allen),

used for decomposition is then employed to estimate

reliability. [Tseng et al| (2014) proposed design space

reduction using simplex approach to identify region ex-
hibiting global optimal point and observed it to perform
better than other traditional global search approaches
in analog design applications. The overarching idea in
all these approaches is to understand the design space
so that the Rol can be identified.

In being able to understand or explore design spaces
rather than just finding the optimal design, designers
can make more informed decisions. This process called
the Design Space Exploration (DSE) refers to locating
the peaks and valleys, flat regions that correspond to ro-
bust regions, decomposing design space into favourable
and unfavourable design regions, and providing insights

on the function variation with respect to different vari-

ables (Koch et al., 2002; Shan and Wang, 2004; Curtis

2010; [Deschrijver et al.| [2011; [Rosenbaum and Schulz,

et all 2013; |Gan and Gu, 2019). It is very useful for

2012; [Rumpfkeil et all, 2012} [Douak et all, 2012} [Aute]

et al) 2013} [Jiang et all [2015; [Jin et al. [2016; [Beck
land Guillas, |2016} [Liu et al.,|2018)) or an accurate local

metamodel only at the Rol (Ganapathy et al. 2015}

Boursier Niutta et al., [2018]), depending on the appli-

cation. In both, the goal is to gain in accuracy with rel-

atively lesser samples. Wang and Simpson| (2004) used

fuzzy clustering to reduce the design space and built

metamodel in the reduced space, to find optima. [Wang

a DSE approach to have visual capability because it
drives informed decision making. In this work, we pro-
pose using Self Organizing Maps (SOM) to develop a
unified framework for DSE, which can be used in higher
dimensions as well.

SOM is an unsupervised neural network, which is gener-
ally used for data mapping and currently being success-

fully used in data mining and visualization (Kohonen
[1997; [Torkkola et al., 2000; [Song et all 2018). SOM

(2004) proposed a methodology which uses

rough sets based method to decompose design space

into subspaces for multi-objective optimization.

ssoum et al.| (2007) used computational geometry tech-

niques and support vector machines to decompose the

design space into safe and fail regions. The boundaries

helps in representing multidimensional data onto mul-
tiple 2D plots. SOM can map non-linear relationships
within multidimensional data into simple geometric re-
lationship among their nodes in the 2D plot. The main

advantage of SOM is that it preserves the topology of

the input space. Obayashi and Sasakil (2003) demon-
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strated the use of SOM to visualize tradeoffs of Pareto
solutions in objective space for engineering design ob-
tained from evolutionary computation. [Parashar et al.
(2008) illustrated the use of SOM for visualization and
design selection for multi objective Pareto data. |Chul
et al| (2010) employed SOM on preliminary optimiza-
tion data to understand the relationship between design
variables and objective function and thereby reducing
the design space. [Ito and Dhaene| (2013) proposed SOM
based adaptive sampling and show that feasible sam-
ples generated by SOM is larger compared to a random
sampling approach. |Qiu et al.| (2016]) used SOM to un-
derstand the relationship between design variables and
response, and to identify the Rol in design space.

The performance of SOM is usually measured in terms
of its Topographic Error (TE) and Quantization Error
(QE). TE is a measure of how well SOM captures the
structure of the function while QE is a measure of av-
erage distance of the data points to the nodes to which
they are the closest. SOM are prone to intersections
and folds, leading to high TE. Current work presents a
modified SOM algorithm to address folds such that the
TE is less. In the modified SOM algorithm, the pro-
posal is to use only design variables to find the most
similar SOM node. Later, the SOM nodes are updated
based on the response values. The SOM is then used to
identify the Rol in the function space. Upon identify-
ing the Rol, additional samples are used to construct a
highly accurate local metamodel. Demonstration of the
proposed approach on analytical and engineering exam-
ples reveal the ability of the modified SOM to identify
Rol effectively which then enables construction of local

metamodels with better accuracy and with relatively

less samples. It is important to note that SOM can op-
erate on any number of dimensions. The rest of the
paper is organized as follows: Section 2 discusses the
existing visualization techniques and their limitations
followed by SOM and the issues with the conventional
SOM algorithm in Section 3. Section 4 presents the pro-
posed modified SOM approach and its demonstration
on numerical examples followed by discussion in section

5 and conclusion in Section 6.

2 Existing visualization techniques

Visual representation of the design space or the un-
derlying function characteristics can drive informed de-
cision making. Hence it is imperative for the DSE to
possess a strong visual capability. Most of the tools
and techniques used for DSE use projections of axes
to visualize. Usually, the projections have limitations
in capturing factor interactions and succumb in higher
dimensions. [Forrester et al.| (2008) discuss techniques
such as tile plot and nested axis plot to visualize design
space. Other widely used techniques include scatter plot
and parallel axes plots. None of these techniques cap-
ture factor interactions and often operate by fixing a
factor(s) and varying other factors. In addition, they
may also be limited on the number of dimensions they
can operate on. In the following, we discuss the exist-
ing visualization methods on the 4 variable Griewank

function, given in for illustration purpose.

oS fe(E)e

Tile plots, shown in Figure [1| use matrices of function

contours in which a baseline value in each dimension is

picked and held constant while sweeping all combina-
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Fig. 3 Parallel axes plot

tions of other dimensions. In Nested axes plot shown in
Figuretwo variables are plotted against each other (z3

and z4) while the other two variables (21 and x2) are

fixed. The variables in the outer loop are varied form-
ing a tile of plots. Here, one is limited to only plot four
input dimensions. From a visualization perspective, in
both of these methods, other than the variables that
are plotted, remaining variables are kept constant. As
a consequence, factor interactions are not captured.

A multidimensional visualization method that is widely
used is the parallel axes plot. In parallel axes plot shown
in Figure[3] dimensions are represented as abscissa and
each data point is represented as poly-line connecting
respective variable values. Though this approach can
be used to visualize any number of dimensions, under
many data points and large dimensions, the plot be-
comes cluttered. Radial coordinate visualization (Rad-
Vis) maps high dimensional data to 2D. It considers a
point in 2D space connected by equally spaced points
on the circle where number of points is equal to the
number of dimensions, with a spring of constant equal
to the value of the coordinate in the respective dimen-
sion. This point is allowed to move freely and the point
where it comes to equilibrium is the 2D mapping of
higher dimensional points. Though it is very simple

to construct, it is unable to convey the shape of the

data cloud. Ibrahim et al. (2016) used 3D-Rad Vis to

visualize shape of multi objective optimization data.
Bubble chart uses color and the size of the bubble as
additional features to represent additional dimensions.
However bubble charts are applicable only upto 5 di-
mensions . Scatterplots are used for bi-
variate data analysis. In scatterplot two attributes are
projected on x-y axes and others are kept constant.
Generally matrix of multiple scatterplots are used to

understand the relation between different attributes. If
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the number of attributes increases, the number of plots
increases quadratically. Therefore, it is desirable to de-
velop an easily implementable approach to visualize de-
sign space for DSE, which is independent of dimensions,
assists identifying Rol, allows capturing factor interac-

tions and correlations.

3 Self Organizing Maps

SOM is a type of Artificial Neural Network which is
based on unsupervised learning. It takes high dimen-
sional data as input and produces a low dimensional,
generally, two dimensional representation of the input
data. It also preserves the topology of the high dimen-
sional input space. Here topology preservation implies
high dimension to low dimension mapping that con-
serves the relative distances between input data points.
SOM also possess generalization capability which im-
plies that the map can characterize inputs it has never

encountered before. SOM is a two dimensional grid of

Input Layer
— | "1
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e * oI ¥
. . o
. ® .
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6\@,)) L]
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Fig. 4 SOM structure

nodes as shown in Figure @l Each node corresponds to
vector of weights which is also called codebook vec-
tors of size equal to the number of columns in the

dataset on which SOM is trained. Nodes can be con-

nected to each other by rectangular or hexagonal topol-
ogy. For example, if there are n design variables in
the dataset namely [z1,9,...,2,] and response func-
tion gy, then each input vector to SOM will be v; =
[i1, Ti2, -y Tin, ¥i] and each SOM node w; will have
weight vectors [mj1, M2, ..., Mjn, Mjout). First n weights
correspond to design variables and the last weight cor-
responds to response. Dimension of the weight vector
corresponding to each of the node is the same as the
dimension of the input vector which is equal to n + 1.
Values of weights are usually initialized by linear ini-
tialization. In linear initialization, codebook vectors are
initialized in space that is spanned by two eigenvectors
which has the highest eigenvalues. Training consists of
finding the winning node (node that is closest to the
data point) using similarity measure and updation of
weight vectors of nodes in neighbourhood of winning
node and itself. After training is repeated for all the
samples, SOM takes the shape of the input space. De-

tailed SOM algorithm is discussed below.

3.1 Conventional SOM algorithm

Input: Dataset comprising both design variables and
responses. Let the number of data points in dataset be
p.

Stepl: Specify number of nodes k, in the SOM net and
set the maximum iterations t,,4,. Usually k is taken as
5/p (Estevez, 2012).

Step 2: Compute the eigenvalues for the normalized
data points. Record the largest two eigenvalues and
their first two eigenvectors.

Step 3: For each node, all weight vectors w;, are ini-

tialized in the direction along the recorded eigenvectors
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in Step 2.
Step 4: For i** data point v;, compute the distance

between j*"* node and the data point as given in :

Dij =/ (vi — w;)? (2)

where, i € [1,p], j € [1,k] . For each v;, the node corre-
sponding to the least D;; is called Best Matching Unit
(BMU). v; contains the design variables, and response
[Ti1, Ti2, ..., Tin, ys] and w; will have weights for jth node
[mj1,Mja, ..., Mjn, Mjout], where n is the number of de-
sign variables, myy¢ is the weight that corresponds to
Y.

Step 5: Upon finding the BMU, the weights of j*"* node
and nodes in its neighbourhood will be updated as fol-

lows:

s=(t—1)xp+i 3)

—Dist? )

o(s) = el 5

(8—1))(0’0

o(s) =09+
() pXtmaz_l

()

where s is an update step, ¢ is an iteration number
and Dist is the distance of a node to BMU at update
step s, and the neighbourhood function ¢(s) is given
by . Size of neighbourhood at update step s is given
by . Here, o¢ is the initial radius and is taken as 1.
Neighbourhood radius decays linearly with iterations.
Every node in the neighbourhood radius of BMU will

get updated according to @)
wj(s +1) = w;(s) + ¢(s) x L(s) x (v; —w;) (6)

Learning rate L(s) is presented in (7)

@
C+s

L(s)=C x

c=-"L (8)

where « is the hyper parameter with default value of

0.5. C is a constant and computed from .

Step 6: Compute Step 4 and Step 5 for each sample
€ [1,p]. This completes one iteration. Iterations are

repeated until a prescribed number of iterations or er-

ror convergence metrics which are discussed later, are

met.

Output: Trained SOM weights, U-matrix (Unified Dis-

tance Matrix), component planes.

3.2 Unified Distance Matrix (U-Matrix) and

component planes

U-matrix represents distances between nodes of trained
SOM. The distance between adjacent nodes are color
coded in U-matrix as shown in Figure[§|for an arbitrary
example. Information of distances can also be useful to

identify the clusters of input space. Figure [6]represents

Fig. 5 U-matrix

2.33
1.42

0.507

the distribution of weight coordinates of SOM nodes
which corresponds to the variable x. For example, if

SOM trained over data with columns [z,vy, f(x,y)] to
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Fig. 6 Component plane of variable z

give weights [mq, ma, my|, the 2 component plane will
represent values of mj. Component planes that look
similar suggest that the respective variables are corre-

lated.

3.3 Folds in conventional SOM implementation

As mentioned earlier, conventional SOM tends to fold

and self intersect (Lopez-Rubiol [2013)) affecting visual-

ization and understanding design space. Following ex-
amples illustrate the effect of folds on visualization in-
terpretability for multi-dimensional design space.

Let us consider interpreting the function in @[), using
SOM. Input consists of 20 LHS points and correspond-

ing response values.
z =2 +y* where r,y € [2,2] (9)

Figures|[7} [§ present the trained SOM net of dimension
6x4 over the original surface and its x — y projection
respectively. Figure [J] depicts the U-matrix and com-
ponent plane. It can be observed from z component
plane plot that the convexity of function is captured
by SOM. In x component plane, as = increases from
bottom right to top left diagonally, z component plane
values first decrease and then increase, which is simi-

lar to the original function. Similarly, in y component

by@

Fig. 8 SOM without folding over the convex surface given

by @ T — y projection

plane as it increases from bottom left to top right, the
z value first decreases and then increases. This exercise
shows that SOM is capable of representing the shape
of the function and can also provide information about
trend of output variable with respect to each input vari-
able, if there is no folding in the SOM. Figure [I0] shows
the SOM net trained on another set of 20 LHS points.
Here, the net is folded leading to limitations in under-
standing the function. It can be observed that there is
an abrupt change in the color of component plane and
it can be attributed to the SOM self intersecting or fold-

ing. Comparing the component planes in Figures [9] and
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Fig. 9 U-matrix and component plane of SOM over (EI)

Fig. 10 Folded SOM over the convex surface given by (Iél)

x — y projection

11] one can directly understand how component planes
in Figure[II]do not capture actual variation of function
as in Figure[] Therefore, while visualizing multivariate
functions, self intersection or folds affect visualization of
SOM. Function can be seen as mapping from elements
of one set to another set where, one element of the first
set should always map to one element of the second set.
Folding in SOM is equivalent to a mapping where one
element from the first set (weights corresponding to the
design variables) will be mapped to multiple elements

in the second set (weights corresponding to response).

1.86
1
1.05
0
. X -1
U-matrix 0.232 X

S 0~

Wl ®

Fig. 11 U-matrix and component plane of folded SOM over

©
3.4 Quality measures of SOM

An important feature of SOM is that, it preserves the
topology of the input dataset [1996)). Topol-
ogy is said to be preserved when two neighbouring data
points are mapped to the two SOM nodes which are
neighbours to each other. The quality measures that
are widely used to measure the performance of SOM
are: Topographic Error (TE) and Quantization Error
(QE).

TE is a measure of how well the structure of the in-
put space is preserved by SOM. It allows capturing lo-
cal discontinuities . For topology to
be preserved, the minimum requirement is that the 27¢
BMU should be in the immediate neighbourhood of 15
BMU. That is, for each data point, the 2"¢ least dis-
tant node from the data point should be near to the
1%t least distant node. Here, neighbourhood refers to
6 nodes that surrounds the BMU. TE is the ratio of
number of mapped nodes whose 2"¢ BMU is not in

the immediate neighbourhood of 15* BMU, to the total
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P

1
TE = ;Zt(vi)

1

2
ibmu

14if w}

ibme @Nd W

where, t(v;) =
0 otherwise

number of samples. TE is presented in the (10). w},,,...

w? are first and the second nearest node to v; re-
spectively and p is the number of data points. However
topographic error does not identify larger distortions in
the manifold .

QE is the measure of the average distance between the

data points and SOM nodes to which they are mapped.
QE is given in .

1 P
QE =37 Il i~ wi | (11)
1

where p is the number of samples, v; is the ¥ sample,
Wipmy 1S the weight vector of the SOM node that is
mapped to v;. Smaller the value of QE, better is the
fit. Since QE considers only the distance between data
points and their respective mapped node and not how
the nodes are organized it cannot account for folds and

intersections.

4 Methodology

In conventional SOM, during an iteration, the BMUs
that were identified earlier might get altered due to the
neighbourhood rule. The iterations are repeated to the
specified convergence of error or allowable function eval-
uations. During such iterations, there is a possibility for
the net to self-intersect and fold. In the current work,
we propose a modified SOM algorithm to address the
folds and self intersection issue in conventional SOM

implementation. This can further be used to identify

(10)

are in neighbourhood of each other

peaks and valleys in response, leading to zoning Rol

for optimization.

4.1 Modified SOM algorithm

Our interest is to model functions of the form y = f(z).
Hence, first the BMUs are found by using data from the
input space alone (as against using both input and out-
put values in the conventional SOM) as shown in Figure
and the weights of the respective node and the ones
in its neighbourhood are updated as the difference be-

tween the data point and respective response. This is

»  DoE Samples
=0 Response
*  Nodes

Fig. 12 Modified SOM algorithm: BMU selection

explained in Figure The steps involved in the pro-
posed algorithm are presented below:

Input: Dataset including design variables and their re-
sponses

Step 1 to Step 3: are same as conventional SOM al-
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Fig. 13 Modified SOM algorithm: Update step

gorithm
Step 4: Compute BMU which is node j with least D;j.

Consider only input design variables and their weights.

’

D.. =

i (U; - wl')Q (12>

J

For instance, in v; contains the design variables
[i1, Zi2y vy Tin] and w; will have weights

[mj1, M2, ..., mjp] for j'" node. Where n is the number
of design variables. It is to be noted that in the modified
algorithm we are not considering m oy in w; and y; in
v; while finding BMU.

Step 5: Upon finding the BMU, the weight mjo.: of

BMU and its neighbourhood nodes will be updated as

in using , , and :
Mjout(s+1) = Mjour(s)+(s) X L(s) X (yi —mjour) (13)

Since the update step uses only the response values and
not the input variables, the self intersection or folding is
avoided in this approach. We calculate TE and QE for
the proposed modified SOM using weights correspond-

ing to inputs only.

4.2 Numerical examples

In this section, we use the modified SOM algorithm to
visualize the design space and find Rol for optimiza-
tion of analytical functions and engineering examples.
Examining component plane of response, one can se-
lect the threshold value that corresponds to the values
of Rol. In a minimization problem, codebooks of nodes
for which output weights are lesser than threshold value
and respective samples to which they are mapped are
filtered out. Using maximum and minimum values of
these filtered samples, Rol can be identified. Further,
we add more points in the Rol and build metamodel
for optimization. Hyperparameters of metamodel are
chosen using cross validation errors. Since, SOM is de-
pendent on DoE, we have used 5 different DoEs for
all the numerical examples and results are presented in

section 5.

4.2.1 Siz hump Camelback function

Six Hump Camelback function given in is one of
the well-known examples that is used for testing global
optimization algorithms. Figure shows the contour

plot for the same.

1
2z =4x? — 212} + gx? + 129 — 423 + 425,210 € [~2,2)]

(14)

As the name suggests, this function has six local op-
tima and it has two global optimal points which lie
at (0.0898,-0.7127) and (-0.0898,0.7127). The function
value is -1.0316 at both the global optima. Our goal
here is to use modified SOM to identify Rol that cor-
respond to optimal points (minima) with limited sam-

ples. LHS of size 20 is used. The ranges of x; and xo
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are [—2,2]. z from is computed at these 20 sam-
ple points. Modified SOM with 24 nodes is applied over
the 20 samples with TE=0 and QE=0.42 compared to
conventional SOM built on same data with TE=0.1 and

QE=0.50. U-matrix and the component planes for pro-

Fig. 14 Contours of Camelback function

7.54
1
4.26 0
-1
0.977

U-matrix

2 16
14
12
10
2 8
2 <

Fig. 15 U-matrix and component plane of Camelback func-

S

tion. Boxes represent the Rol in z component plane and cor-

responding ranges in 1 and z2 component plane.

posed SOM is given in Figure[I5] Since we are interested
in regions where the minima will lie, we choose a thresh-

old value of 8 in z component plane and identify regions

that correspond to this threshold value. It can be de-
duced that lower values of z can be found in the mid-
dle ranges of x5. However, 1 has a spectrum of values
for the z below threshold value as shown in Figure
The codebook vectors whose weight values correspond-
ing to z are less than the threshold value are filtered,
followed by filtering samples to which these nodes are
mapped. From the filtered set of samples, new ranges of
x1 and x5 are calculated. Reduced ranges are given as [-
1.4694,1.3436], [-0.8185,1.4977] respectively. 9 samples
from the initial 20 LHS points fall in this Rol. Fur-
ther, 21 LHS samples are added into Rol and Kriging
metamodel with Gaussian correlation, linear regression
and Rzmd value of 0.99 is built over these 30 samples.
Optimization is carried out over this metamodel and
results are presented in Table (1| It is to be noted that
our focus is not to get the optima but zeroin on the
Rol with limited samples and explore the design space

in the process, with lower samples.

4.2.2 Rosenbrock function

The Rosenbrock function given by is represented

in Figure [16]
z=(1—1)%+100(x2 — 23)%, x12 € [-5,5] (15)

It has a global minima at (1,1) and the function value
at this point is 0. A LHS with 50 data points is used.
Modified SOM with 36 nodes is applied to these 50
samples with TE=0 and QE=0.91 compared to con-
ventional SOM built on same data with TE=0.06 and
QE=0.88. U-matrix and the component planes are pre-
sented in Figure It can be observed that lower val-

ues of z corresponds to middle ranges of z; and low
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Table 1 Camelback function: SOM based Rol identification and optimization

Algorithm X

fral Number of samples TE QE

1, 2016)  (0.0895, -0.7105) -1.0316 100 - -

Modified SOM (-0.0778,0.7253)

-1.0296 41 0 0.42

X

~

S
[N

NN W R YN

Fig. 16 Contours of Rosenbrock function

to high ranges in x5. Since we are interested in a min-
ima, a threshold value of 8000 was selected in z compo-
nent plane. The codebook vectors whose z component
weight values are less than 8000 are filtered out followed
by samples to which these nodes are mapped. From this
filtered set of samples, the new reduced ranges of x; and
x9 are [-3.3554,2.8335], [-4.9993,4.8790] respectively. 28
samples from the initial 50 DoE fall in this Rol. Further,
42 LHS samples are added in the Rol and Kriging meta-
model with Gaussian correlation, quadratic regression

. . 2
function with R;

4 value of 0.99 is built over these 70
samples and used in optimization. Optimization results
are compared in Table [2| and it is clearly established
that the proposed method is efficient in identifying Rol

and optima with relatively less samples.

13400 s
6700 H 0
23 -5

U-matrix X,
x1 04
5 2
1.5
0 1
-5 0.5
f4

Fig. 17 U-matrix and component plane of Rosenbrock func-
tion. Boxes represent the Rol in z component plane and cor-

responding ranges in 1 and x2 component plane.

4.2.8 4 variable heat exchanger design example

In this section, a design example of heat exchanger

(Seepersad et all 2004} |Qian et al., [2006]) that is used

to dissipate heat generated by electronic components
such as a microprocessor is considered to demonstrate
the proposed methodology. Device dimensions namely
width (W), height (H) as shown in Figure 18| are kept
constant at values of 9 and 17.4 mm respectively. The
depth D of the heat exchanger is considered to be 25mm
and is kept constant. The objective is to maximize the
total rate of steady-state heat transfer. The mass flow
rate and the temperature of entry air, thermal conduc-
tivity and, the temperature of the heat source are con-

sidered as design variables. The ranges, units of each of
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Table 2 Rosenbrock function: SOM based Rol identification and optimization

Algorithm X foal

Number of samples TE QE

1, 2016)  (1.0003,1.0010) 1.6083e-05 400 - -

Modified SOM (1.0149,1.0309)

2.9737e-04 92 0 0.91

Heat Source

Air Flow

Fig. 18 Compact forced convection heat exchanger

the variables are summarized in Table [3]
(2006 considered 64 LHS DoE samples. We pretend

that we have only 30 samples and select it randomly
from the 64 samples. Modified SOM with 28 nodes is
applied over the 30 samples. Since this is a maximiza-
tion problem the steady-state heat transfer rate values
are multiplied with -1. Proposed SOM with TE=0.1
and QE=13 is obtained compared to conventional SOM
built on same data with TE=0.33 and QE=15.6. Figure
shows the U-matrix and component plane of trained
SOM. Important design insights can be drawn from
these plots. For example, low x4 correspond to high
z, lower to medium x3 correspond to high z and hence-
forth. Also, x4 is inversely correlated with z and x5 is
positively correlated with z. x7 and x3 are not linearly
correlated with z. These observations match the anal-

ysis performed on the metamodel constructed with ap-

49.4
300
34.2 290
280

U-matrix 187
350 5
300 -20
250 25

200

X3

Fig. 19 U-matrix and component plane of heat exchanger
example. Boxes represent the Rol in z component plane and

corresponding ranges of variable component plane.

proximate simulation samples in Qian et al. (2006) but

with 64 samples. Based on observations, a z component
plane threshold value of -24 is chosen and the codebook
vectors for which z weights which are less than -24 are
filtered and the samples which are mapped to these
nodes are filtered as well. Using the filtered samples,
ranges of all design variables are recalculated and the
reduced ranges are provided in Table[d 13 samples out
of the initial 30 samples fall in the reduced range. An-
other 6 data samples that fall in this range are taken
from the initial 64 LHS design runs. These 19 samples
are then used to build a Kriging metamodel with cu-

bic correlation, quadratic regression and a Rlzyre

4 0£0.99
in the Rol. An optimization on this metamodel results

in optima at (0.0009,273.4300,353.7499,399.4500) and



14

Thole Sidhant Pravinkumar,Palaniappan Ramu

Table 3 Design variables for heat exchanger example

Design Variables

Symbol  Unit

Ranges

Mass flow rate of entry air 1
Temperature of entry air Ta
Thermal Conductivity T3

Temperature of heat source x4

Kg/s  [0.00055,0.001]
K [270,303.15)
W/mK  [202.4,360]

K [330,400]

Table 4 Reduced ranges of design variables for heat ex-

changer example

Variables Reduced ranges
1 [0.0006,0.001]
T2 [273.43,296.75]
T3 [207.55,353.75]
T4 [371.60,399.45]

function value at this point is 34.78. However we do
not have access to the true data. Nevertheless, the op-
timal design variables obtained by |Qian et al.| (2006)
are in the reduced design space that is reported in this
work, which is obtained by 36 samples as against 64

used in |Qiu et al| (2016).

4.2.4 6 variable High Strength Concrete (HSC)

example

HSC is a composite of water, cement and other chemical
admixtures. HSC is generally used in earthquake zones.
We are using HSC cost vs performance trade-off as ex-
ample to validate the proposed methodology. The goal
is to identify the composition of HSC that will provide
high performance and lower cost. Variables and their
ranges are provided in Table 5] Compressive strength

and slump are constraints and others are design vari-

ables. We use the data of 86 samples provided in [Lim

Table 5 Variables for HSC example

Variables Symbol  Unit Ranges
Water to Binder ratio x1 % [31,45]
Water Content x2 Kg/m3 [160,180]
Fine Aggregate 3 % [37,53]

Flay Ash x4 % [0,20]

Air entraining ratio Ts5 Kg/m? [0.036,0.078]
Superplasticizer T6 Kg/m2 [1.89,8.5]
Compressive Strength — F} MPa 40

Slump Fy mm [175,250]

et al.| (2004)); [Baykasoglu et al.| (2009)). We pretend that
we have access to only 30 random samples out of the
86 sample dataset. SOM with 28 nodes is applied over
these 30 samples. U-Matrix and component planes are
presented in Figure Proposed SOM with TE=0 and
QE=6.84 is obtained, compared to conventional SOM
built on same data with TE=0.13 and QE=5.76. It
can be observed that low z correspond to low x5, xg
and high x3, z1. Using the z component plane data,
threshold for filtering has been set at 45. The codebook
vectors which have z value lesser than 45 and data sam-
ples to which they are mapped are filtered. From these

filtered sample, ranges of all the design variables are re-
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14.9 50
180
105 40
30 160
6.15

U-matrix X, X,
50 20 0.08
45 10 0.06
40 0 0.04
0.02
X, X, X

Fig. 20 U-matrix and component plane of HSC example.
Boxes represent the Rol in z component plane and corre-

sponding ranges of variable component plane.

Table 6 Reduced ranges of design variables for HSC example

Design variables Reduced ranges

1 [40,45]

s [160,180]

3 [42,53]

T4 [0,20]

s [0.036,0.045]
6 [1.89,4]

calculated and presented in Table[f] 13 samples of the
initial 30 samples fall in the Rol. 12 additional samples
from the initial 86 samples, fall in the reduced range.
The total 25 samples are then used to build Kriging
metamodel with exponential correlation, constant re-
gression function and Rfﬂ,ed of 0.98. Optimization is
carried out on this metamodel and the optima is ob-
tained at
(44.9997,170.0000,52.0000,0.0085,0.0380,1.8901) and the
function value at this point is 35.0206.

reports an optima of 34.9097 but with 86 samples. The

optimal design variables obtained by (2016))

are in the reduced design space that is reported in

this work. The results presented in this section demon-
strates the ability of the proposed SOM algorithm in
allowing the designer to explore the design space, iden-
tify Rol and perform optimization, with lesser sam-
ples compared to similar approaches reported in litera-
ture. Though we have discussed upto 6 variable exam-
ple, there is no limitation on the number of variables
and the approach can seamlessly scale to any dimen-
sions. Similarly, we have only solved unconstrained op-
timization examples. However, the idea can be extended
to constrained optimization as well, which will be the
scope for future work. It is to be noted that the results
are completely dependent on the initial DoE, just like
any other sampling approach. However, the proposed
approach provides a visual cue on the parameter ef-
fects on the response or the inter parameter correlations
and other related information which are important for
informed decision making. The number of samples in
the initial DoE or Rol is usually based on the compu-
tational budget available. However, a resource alloca-
tion problem setup for solving this is a potential future

scope.

5 Discussion

In this section, we present results for all the examples
with 5 different DoEs, discuss special case of the con-

ventional SOM and, threshold selection.

5.1 Modified SOM performance for different DoEs

In order to account for sampling variability, we demon-
strate the proposed approach on 5 different DoEs for

all the examples discussed in Section 4. The respec-
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tive results are presented in Table [7} [§] [9] and The
Rol is identified in all the DoEs, in all the examples.
For Camelback and Rosenbrock functions, in order to
compare the results for each DoE, the total number of
samples in the Rol is kept the same irrespective of the
number of samples that fall in the Rol from the ini-
tial sample.However, for the Heat exchanger and HSC
examples, since we dont have control on the sample gen-
eration, the final number of samples in the Rol vary for

each DoE.

5.2 Special case of the conventional SOM

The issue of fold in classical SOM implementation was
discussed in Section 3.3. In addition to that, there are
instances in which even when the SOM does not fold,
the component planes are not reflective of the input
space. One such example for the convex function dis-
cussed in Section 3.3 is presented here in Figure[21] Fig-
ure [22] presents the U-matrix and component planes for
the same. It can clearly be observed that even though
there is no fold in z there is an abrupt change in the

component plane. This can limit the ability of SOM
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Fig. 21 SOM trained over convex function
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Fig. 22 U-matrix and component planes of trained SOM

over convex function
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Fig. 23 Modified SOM trained over convex function

to depict trends of response with respect to the design
variables. However, this is avoided in modified SOM al-
gorithm implementation. Figure 23] and [24] represents
the modified SOM over the same samples. x1, To com-
ponent planes shows smooth trend and z captures the

convexity of the function.

5.3 Threshold selection using SOM hit maps

SOM hit map provides the number of data points which
are mapped to a certain node. Figure depicts the
SOM hit map over the U-matrix and component planes

for the Camelback function example. Size of the red
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Table 7 Camelback function: SOM based Rol identification and optimization for multiple DoEs
DoE # 1 To # of samples in Rol waed X fval
1 [-1.91,1.80] [-1.64,1.29] 13+17 0.9863  (0.09,-0.66) -1.01
2 [-1.86,1.80] [-1.63,1.75] 15415 0.9967 (0.15,-0.76) -1.00
3 [-1.65,1.96] [—1.61,1.16] 10420 0.9999 (-0.06,0.69) -1.02
4 [-1.96,1.83] [-1.19,1.45] 10420 0.9765 (-0.09,0.69) -1.03
5 [-1.94,1.97] [-1.55,1.61] 13417 0.9718  (-0.08,0.70) -1.03
Table 8 Rosenbrock function: SOM based Rol identification and optimization for multiple DoEs
DoE # 3 T2 # of samples in Rol Rired X fval
1 [-3.93,3.65] [—4.68,4.88] 35+35 0.99 (1.12,1.28) 0.1
2 [—4.99,3.76] [—4.99,4.94] 40430 0.99 (0.96,0.91) 0.002
3 [—3.82,4.38] [—4.16,4.72] 37433 0.99 (1.00,1.00) 0
4 [—4.81,4.08] [-1.21,4.91] 27+43 0.99 (0.97,0.93) 0.03
5 [—4.48,4.41] [—4.58,4.83] 41429 0.99 (1.16,1.35)  0.03
Table 9 Heat exchanger example: SOM based Rol identification and optimization for multiple DoEs
DoE # T2 T3 T4 # of samples in Rol waed X foal
1 [0.0006,0.001]  [275.01,296.33] [273.31,353.75] [374.41,397.78] 6+1 0.99 (0.001,275.01,353.75,397.78)  -34.29
2 [0.0007,0.001]  [271.23,281.47] [232.64,353.75] [362.30,398.52] 5+3 0.98 (0.001,271.23,353.75,398.52)  -35.08
3 [0.0006,0.001]  [273.43,299.22] [273.31,353.75] [362.30,398.45] 14+3 0.99 (0.001,271.43,353.75,399.45)  -34.98
4 [0.0006,0.001]  [273.71,299.22] [253.25,353.75]  [362.30,399.45] 14+5 0.99 (0.001,273.71,353.75,399.45)  -35.02
5 [0.0006,0.001] [271.23,296.75] [323.15,353.75] [374.41,399.45] 5-+1 0.98  (0.001,271.23,353.75,399.45) -35.37
Table 10 HSC example: SOM based Rol identification and optimization for multiple DoEs
DoE # 1 T2 3 T4 5 T6 # of samples in Rol Rired X foal
1 [35,45] [160,180] [42,51] [0,20] [0.038,0.067] [1.89,4] 17423 0.99  (45,160,51,0,0.0380,1.89)  33.73
2 [35,45] [170,180] [45,51] [0,20] [0.038,0.067] [1.89,3.86] 11+13 0.99  (45,170,51,0,0.067,1.89)  31.76
3 [35,45] [160,180] [43,51] [0,20] [0.038,0.059] [2,5.71] 17420 0.99  (45,160,51,0,0.0380,2) 34
4 [35,45] [170,180] [42,52] [0,20] [0.038,0.067] [1.89,3.86] 16+17 0.99  (45,170,52,0,0.067,1.89)  32.26
5 [40,45] [160,180] [44,51] [0,20] [0.038,0.045] [1.89,4] 13420 0.99  (45,160,51,0,0.0380,1.89)  33.74
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Fig. 24 U-matrix and component planes of trained modified

SOM over convex function

hexagon represents the number of samples mapped to
the particular node. An empty hexagon means that the
particular node has no hit. While solving minimization
problem, one selects a lower value as the threshold and
the nodes that correspond to the values lower than the
threshold will become the reduced design space. While
selecting a threshold, in addition to the value, we rec-
ommend to ensure that the respective node has at least
one hit. Else, there is a chance that one might end up in
a larger reduced space. Based on the recommendation,
we select a threshold of 8 for the Camelback function

example.

6 Conclusion

SOM is used to understand the design space, iden-
tify Rol and perform optimization. Modified SOM al-
gorithm proposed in this work solves the issue of folds
in conventional SOM and provides smoother compo-
nent planes. Smoother component planes allows seam-
less visual representation of design space and also maps
the relationships between response and the input design

variables. Modified SOM can be trained with less num-

7.54
1
4.26 0
0.977 !
U-matrix ™
2 16
14
0 12
10
2 8

Fig. 25 SOM hit map over component planes for Camelback

function

ber of samples and permits identify Rol. Such regions
are then used for additional sampling and constructing
accurate metamodels. In addition, SOM also permits
understanding variable correlation and effects. Qual-
ity metrics for SOM is also discussed. The proposed
modified SOM algorithm is successfully demonstrated
for DSE and optimization of analytical and engineer-
ing examples, with less samples compared to that in

literature.
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