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Abstract

ROTATING SUPPORTING HYPERPLANES AND SNUG CIRCUMSCRIBING
SIMPLEXES

By Ghasemali Salmani Jajaei

A dissertation submitted in partial fulfillment of the requirements for the degree of

Doctor of Philosophy at Virginia Commonwealth University.

Virginia Commonwealth University, 2018.

Director: Professor José H. Dula

Department of Supply Chain Management and Analytics

This dissertation has two topics. The first one is about rotating a supporting
hyperplane on the convex hull of a finite point set to arrive at one of its facets.
We present three procedures for these rotations in multiple dimensions. The first
two procedures rotate a supporting hyperplane for the polytope starting at a lower
dimensional face until the support set is a facet. These two procedures keep current
points in the support set and accumulate new points after the rotations. The first
procedure uses only algebraic operations. The second procedure uses LP. In the third
procedure we rotate a hyperplane on a facet of the polytope to a different adjacent
facet. Similarly to the first procedure, this procedure uses only algebraic operations.
Some applications to these procedures include data envelopment analysis (DEA) and

integer programming.
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The second topic is in the field of containment problems for polyhedral sets.
We present three procedures to find a circumscribing simplex that contains a point
set in any dimension. The first two procedures are based on the supporting hyper-
plane rotation ideas from the first topic. The third circumscribing simplex procedure
uses polar cones and other geometrical properties to find facets of a circumscribing
simplex. One application of the second topic discussed in this dissertation is in hy-

perspectral unmixing.
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CHAPTER 1
INTRODUCTION

This dissertation deals with operations and procedures involving finite point sets
in multiple dimensional space. It treats two topics. First topic is about rotating
supporting hyperplanes on a convex hull of a finite point set in multidimensional
space until they land on a facet. The second topic is about the generation of simplexes
that contain convex hulls. The results from the first topic are used to design some
of the procedures in the second topic.

In the first topic of the dissertation, we present three procedures to rotate a
supporting hyperplane for a polytope defined as the convex hull of a finite point
set in R™. These procedures start with a supporting hyperplane somewhere on the
convex hull and end on a facet. The support set of a supporting hyperplane for a
polytope contains a set of extreme points of this polytope that are located in this
supporting hyperplane.

In one procedure, the dimension of the rotated hyperplane for the convex hull of a
point set increases by at least one at each iteration. So, the support set for the rotated

hyperplane will eventually be a facet of the polytope. This procedure uses only



linear algebra operations. In the next procedure, we rotate a supporting hyperplane
such that the support set is a facet after a single rotation. This procedure uses
linear programming (LP). Finally, we introduce a procedure to rotate a hyperplane
from one facet to another adjacent facet. This procedure does not rely on LP. This
procedure is equivalent to a dual simplex pivot.

In the second topic of the dissertation, the goal is to find a special simplex that
contains a point set. In order to achieve this we present three procedures to find
a circumscribing simplex with special properties for a given point set. For a full
dimensional polytope in m dimensions, the minimum number of facets that contain
a point set and makes a polytope is m + 1. This polytope is called a simplex. Facial
decomposition of a simplex, that is, finding its facets given m + 1 extreme points
(and vice-versa), is easy.

In the first topic of the dissertation we study the problem of rotating supporting
hyperplanes over convex hulls of a finite point set. We use this in the second part
in procedures for enclosing convex hulls of finite point sets in m dimensions with
simplexes. We develop procedures that confine a convex hull of a point set in m
dimensions with a convex hull of m + 1 points. These are snug in the sense that they
intersect the contained hull in some ways.

Consider a given point set A such that its convex hull has full dimension. We
generate a polytope that contains A with smallest number of facets such that the
convex hull of a point set A is tight in the sense that m of its facets coincide with m
facets of the convex hull of the point set A, and all its facets coincide with all facets

of the convex hull of the point set A when this is a simplex.



1.1 Convex analysis

The backdrop for this dissertation is optimization and computational geometry.
These two fields use many different concepts and definitions. We review some of
them in this section. In this document we consider the point set A = {a',...,a"} in
R,

Definition 1.1. A set in R™ is convex if the line segment between any two arbitrary

points in this set lies in the set [1].

More formally, for the two different points a? and a? in the set, then Aa” + (1 —
A)a? is in this set for any A € [0, 1] [1].

Fig. . shows a convex set P; and a non-convex set Py in R2.

/N

Fig. 1.: Convex set P; and non-convex set Py

Definition 1.2. A set in R™ is affine if the entire line through any two points in

this set lies in the set [1].



So, for the two points a? and a? in the set, then Aa” 4 (1 — A)a? is in this set for

any A € R [1].
Definition 1.3. A subspace is an affine set that contains the origin [2].

Definition 1.4. The points a',...,a™ in R™ are said to be linearly independent if
System { Zaj)\j = O} has a unique solution \; =0 for j=1,...,n [2].
j=1

Definition 1.5. The points a',...,a™ in R™ are said to be affinely independent if

n

System {Zaj)\j =0, Z)\j = 0} has a unique solution \; =0 for j =1,...,n

7 j=1 j=1
2

An important result from these two recent definitions is that the points a!, ..., a"
in ™ are affinely independent if and only if the vectors a®?—al, ..., a" —a' are linearly

independent. Moreover, the maximum numbers of linearly and affinely independent

points in R™ are m and m + 1 respectively.

Definition 1.6. The dimension of a point set A in R™ is the number of affinely
independent points in A minus one [2], or is the dimension of the smallest affine set

that contains A.

In R™, the dimension of a single point, line, and plane is zero, one, and two
respectively. If the dimension of the convex hull of a point set is m in ™, then this

convex hull has full dimension.

1.2 Polyhedral sets

There are two ways to characterize a polyhedral set: 1) as the intersection of finite

halfspaces, 2) as a constrained linear vector combination of finite point sets. The

4



former is referred to as an “external” representation the latter is said to be an
“Internal” representation [2]. Any polyhedral set can be expressed internally or
externally. Given a characterization of a polyhedral set as either internal or external,
the other characterization can be found. This is known by many names. In [3], it
is known by Motzkin’s representation theorem. Going from one characterization to
another is referred to here as facial decomposition.

In the following, linear, affine, conical, and convex hulls definitions are internal
representations, and polyhedron, halfspace, and hyperplane definitions are external

representations.

1.2.1 Linear hull

Consider a point set A = {a',... a"} in R™. All points y define the linear hull of

these n points if y is represented as [4]

lin(A) = {yemm Y=y, A ER; jzl,...,n}. (1.1)

j=1

When the number of the linearly independent points in A is one, the linear
hull of the point set A is a line. Furthermore, when the number of the linearly
independent points in A is m — 1, the linear hull of the point set A can define a
hyperplane that contains the origin.

If the point set A has m linearly independent points, then the linear hull of the
point set A spans R™, so we have lin(.4) = R™. In other words, any point in R™ is
in the linear hull of these m linearly independent points.

Overall, if the number of the linearly independent points in A is k, then the



dimension of lin(A) is k. Note that the linear hull of a non-empty point set always

contains the origin, therefore it is a subspace.

1.2.2 Affine hull

If sum of the multipliers used to combine the point set is 1, then this hull is said to
be affine.
Consider a point set A = {a',...,a"} in ™. All points y define the affine hull

of these n points if y is represented as [1]

aff(A) = {y e ®m

doaddi=y, > N=1, N ER jzl,...,n}. (1.2)
1 j=1

=

The affine hull of the point set A is exactly a single point when the number of
affinely independent points in A is one. Note that in this case, there exists just one
variable A\ such that A\; = 1.

When there exists m affinely independent points in R™, the affine hull of the
point set A is a hyperplane. The dimension of a hyperplane is m — 1 in ™. In other
words, a subspace of (m — 1)-dimensional in R™ is called a hyperplane. We will later
explain some hyperplane’s properties in this chapter.

An affine hull of m + 1 affinely independent points in 1™ spans R™.

If the number of affinely independent points in A is k, then the dimension of
aff(A) is k — 1.

Note that the affine hull of the non-empty point set always contains all the

points in this point set.



1.2.3 Conical hull

If all the multipliers used to combine the point set are non-negative, then this hull
is said to be conical.
Consider a point set A = {a',... a"} in ™. All points y define the conical

hull of these n points if y is represented as [3]

pos(A) = {yeﬂ?m Zaj)\j:y, A >0, N eR; jzl,...,n}. (1.3)

i=1

If the point set A has only one non-zero point a', then the conical hull of A is
a half-line such that starts from the origin and approaches to infinity.

When the point set A has two affinely independent points but not linearly
independent, the conical hull of A can be either a half-line or a line. If these two
points are on the same orthant, then the conical hull of A is a half-line, otherwise it
is a line.

If the point set A has m linearly independent points, then the conical hull of
A is a cone among m vectors such that each vector contains one of the linearly
independent points, and the origin is the vertex of this cone.

If pos(A) = R™, then the point set A has m + 1 affinely independent points.

Similarity to the linear hull, the conical hull of the non-empty point set always
contains the origin and all the points in this point set. Note that the conical hull of

a point set is always an unbounded region.



1.2.4 Convex hull

If sum of the multipliers used to combine the point set is one, and all these multipliers
are non-negative, then this hull is said to be convex.
Consider a point set A = {a',...,a"} in ®™. All points y define the convex hull

of these n points if y is represented as [I]

COH(A): {ye%m Zaj/\j:y, Z)\jzl’ )\j >0, )\j e R, j=1,...,n}. (1.4)

Jj=1 J=1

Unlikely to a conical hull, the convex hull of a point set is a bounded region always.
Furthermore, the convex hull of a point set in R™ contains the origin if and only if
the conical hull of them spans R™.

If the point set A has m + 1 affinely independent points, then con(A) is a full
dimension body in R™. Overall, when the number of affinely independent points in

A is k, the dimension of con(.A) is k — 1.

1.2.5 Externally characterized polyhedral sets

A non-empty set P C R™ is a polyhedron if there is a system of finitely many

inequalities (77, z) < 37 for j = 1,...,n such that

P:{meﬂ?m

(ml,x) < B n? e ™, B eR: jzl,...,n}. (1.5)

A polyhedron can be bounded or unbounded and can have zero to m dimensions.
A bounded polyhedron is called a polytope [5].
Fig. 2 shows two polyhedra, one unbounded polyhedron P;, and one bounded

polyhedron P, in R2.
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Fig. 2.: Polyhedron: Two polyhedra: one unbounded polyhedron P;, and one

bounded polyhedron P, in R2.

Note that any polyhedron is convex [6].

1.2.6 Polytope

A bounded polyhedron is called a polytope [7].

The convex hull of a finite point set is a polytope [§].

A Polytope in R? is called polygon [7]. Polygon is a bounded region of a plane
that is bounded with finite straight lines [5]. A regular polygon is a polygon that all

its angles are same, and all its facets are same too [9].
1.2.7 Hyperplane

A hyperplane is an affine set. A hyperplane H(r, ) external representation is [I]

H(rm,B) = {x e R”

(m,z) =0; meR™, B e ?R} (1.6)



A hyperplane is a point, a line, and a plane in #, R?, and R? respectively. There

exists a unique hyperplane that contains m affinely independent points in ™. As

with any polyhedral set, there is also an internal representation of a hyperplane.

1.2.8 Halfspace

A halfspace HT (7, 8) is the set of all points such that [2]

H (7, ) = {:vE?Rm (m,z)y > B; me R, ﬁeéR}.

Same way, a halfspace H~ (7, 3) is the set of all points such that

H (m,B) = {x e R”

(m,z) < fB; meR™, BE?R}

Fig. [ shows two halfspaces H* (m, 8) and H~(m, 3).

H¥(x, B)

H (7, 5)

(1.7)

Fig. 3.: Halfspace: The shadow area in the left figure shows the halfspace H* (7, 5),

and in the right figure shows the halfspace H~ (7, 3).

One important remark is that any halfspace is convex [10].
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1.3 Computational geometry

Computational geometry is the study of polyhedral sets defined either externally or
internally. Computational geometry traces its beginnings to the problems that arise
from facial decomposition of polyhedral sets especially focused in the case of convex
hulls and polytopes. Computational geometry identifies geometrical properties of
polyhedral sets to design algorithms and extract information to solve a problem.

The field of computational geometry was shaped by combining two fields of
algorithms design and analysis in the 1970’s [I1], grew quickly in the 1980’s and
1990’s, and is still developing [12].

There are many applications in the field of computational geometry [13]. Some
important applications of computational geometry are LP, computer graphics, nu-

merical analysis, geographic information systems, and robotics ([11], [13], [14])

1.3.1 Separating hyperplane

Let P; and P, be two nonempty disjoint convex sets, and (m,a") < 3 for all a® € P,
and (m,a’) > B for all a® € P,. The hyperplane H(w,[3) is called a separating
hyperplane for these two sets Py and Py [1]. If we have (m,a") < 3 for all a® € P,
and (m,a’) > B for all @ € Py, then the hyperplane H(m,[3) is called a strict
separation of the these two sets P; and Py [1].

Fig. ] shows two convex sets P; and P, and their separation hyperplane
H(m, B).

We conclude that the value of (r, a®) — 3 is non-positive on P; and non-negative

on P, [1].
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H(m, 3)

Fig. 4.: Separation hyperplane: Two convex sets P; and P,, and their separation

hyperplane H(m, 3).

For any two nonempty disjoint convex sets P; and P,, there exists a 7 # 0 and
a (3 such that (m,a®) < 8 for all a® € P; and (m,a%) > f8 for all a® € P, [1].

To construct a separating hyperplane between two convex sets, assume the clos-
est point from convex set P; to convex set P, is a', and the closest point from convex
set Py to convex set Py is a®. The hyperplane H(, 3) that is perpendicular to the
line segment a'a?, and divide it to exactly two parts, is a separating hyperplane for
these two sets Py and Ps [1].

Fig. [l shows two convex sets P; and Py, and their separation hyperplane

H(m, B) that is perpendicular to a'a?.
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Fig. 5.: Constructing a separation hyperplane: Two convex sets P; and P,, and their

separation hyperplane #H (7, 3) that is perpendicular to a'a?.

1.3.2 Supporting hyperplane

Consider a convex set P in 2™, and a° is a point in its boundary. If we have
(m,a?)y < (m,a®) for all points @’ in P, then the hyperplane H (7, [3) is called a
supporting hyperplane to P at the point a®° where 8 = (r,a’) [I]. In fact, the
hyperplane H (7, 3) separates the point a” and the set P, and the hyperplane H (7, 3)
is tangent to P at a° [I]. Note that the halfspace H~ (7, 3) contains P.

Fig. @ shows the supporting hyperplane H (7, 3) at a® € P for the convex set

Consider the point set A = {a',...,a"} in ®™. The dimension of a supporting
hyperplane H(m, 5) for the convex hull of a point set A is the number of affinely
independent points from A that are located in the hyperplane H(m, 3) minus one.

More formally, if the the hyperplane H (7, ) contains k affinely independent points

13



Fig. 6.: Supporting hyperplane: Supporting hyperplane H (7, 3) at a® € P for convex

set P.

of A, the dimension of the hyperplane #H(m, ) for the convex hull of a point set A is
k — 1. Since there are at most m affinely independent points in a hyperplane in 1™,
so we always have 1 < k < m. We conclude that the dimension of the hyperplane
H(m, B) for the convex hull of a point set A is always between zero to m — 1 [15].
For any nonempty convex set P, and any boundary point a”, there exists a

supporting hyperplane to P at a° [I].

1.3.3 Recession cone

Consider a non-empty unbounded convex set P in R™ such that the origin is not in
P. A cone C contains all half-lines in P, is called a recession cone [2]. Therefore we

have [16]

C:{xeﬁ%m

a® +XxeP; deP, )\20}. (1.9)
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In Fig. [7} we show an unbounded convex polyhedron P, and the recession cone

for three arbitrary points a', a?, a® of P in R2.

oA

e

Fig. 7.: Recession cone: An unbounded polyhedron P, and its recession cone for

three arbitrary points a', a?, a® of P in R2.

Notice that all recession cones in an unbounded convex polyhedral set are the

same independently of the cone’s vertex.

1.4 Simplexes

A simplex is a polytope with at most m + 1 affinely independent vertexes in ™. A

full dimension simplex in R™ has m+1 facets. A full dimension simplex is a segment,
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triangle, and tetrahedron in %, R?, and R? respectively. The following figures show
a simplex in %, R?, and R3.

In computational geometry, if we have all vertexes of a polytope, finding its
facets of a polytope can be difficult when the number of vertexes is more than m + 1
in R™. It becomes intractable when the number of vertexes is large. On the other
hand, by having all facets of a polytope, finding its vertexes is just as difficult. We
refer to this as facial decomposition.. If a polytope is a simplex, finding its facets by
having its vertexes, or finding its vertexes by having its facets is simple and easy.

Fig. . shows three simplexes in R, R2, and R3.

Fig. 8.: Simplex: Three simplexes in %, R2, and N3 from the left hand side respec-

tively.

In this dissertation every time we mention a simplex, it refers to a full dimension

simplex, unless otherwise specified.
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1.4.1 Finding m + 1 facets of a simplex, by having its ver-
texes

Consider a simplex with m + 1 affinely independent vertexes a!,...,a™"" in ®™. To

find all m + 1 facets of this simplex, we need to solve m + 1 systems of equations.

There are m + 1 vertexes, so any m of these vertexes generate a hyperplane that

contains a facet of the simplex. Therefore, to find the normal of the hyperplane

H(7?, B) where j =1,...,m + 1, we construct the following system of equations:
(a',my=8; i=1,...,5—1,5+1,....,m+1, (1.10)
where (3 is an arbitrary nonzero scalar. Since these m vertexes a',...,a/~!, a/*, ... a™*!

are affinely independent, and this system of equations has m variables and m equa-
tions, then it has a unique solution that yields the normal of the hyperplane H (77, 3)

where 7 = 1,...,m+1. Here we assume that no facet of this simplex contains origin.

1.4.2 Finding m + 1 vertexes of a simplex, by having its
facets

Facial decomposition finds the normal and the level of the hyperplanes that contains
the facets of a polyhedron for a given collection of m + 1 affinely independent points.
The converse is also referred to as facial decomposition.

Consider a full dimension simplex in R™. Assume m + 1 different hyperplanes
H(m?,B7) for j = 1,...,m + 1 contain the facets of a simplex. Any m different
hyperplanes in R make a pointed cone, so to find their intersection, it is enough

to solve a system of equations. To find the vertexes o/ for j = 1,...,m + 1, we
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construct and solve the following system of equations.

a7y =8 i=1,....,5—1,j+1,....m+1. (1.11)

1.4.3 Volume of a simplex

Consider a simplex with m+ 1 affinely independent vertexes a',...,a™"! in ®™. The

volume of this simplex is the absolute value of V(z) that is calculated as follows [17].

a; al, 1
1 . o
al™ooamtt o1

(m+1)x (m+1)
Note that the m+1 vertexes of the simplex should be affinely independent, otherwise

the value of V(z) is zero.

1.4.4 Polar cone

Consider k vectors d*, ..., d* in R™ the positive hull of which define a cone C. So we
have
k
C:{yeéRm SN =y, )\izo;izl,...,k}. (1.13)
i—1

The polar cone of C is given by C* and defined as [2]

C*:{xeﬂ%m

(x,y) <0, VyGC}. (1.14)

Fig. [9] shows two polar cones for a singleton vector d* and an obtained cone by

18



two vectors d' and d?.

d d* 2

Fig. 9.: Polar Cone: Two cones and their polars in 2D: the first one for a singleton

vector and the second generated by two vectors.

1.5 Degenerate facet and vertex

There needs to be m affinely independent points in R to define a unique hyperplane.
A facet of a polytope with more than m extreme points, is said to be degenerate.
Moreover, the intersection of m non-parallel hyperplanes in R™ defines a unique
point. If an extreme point of a polytope contacts more than m facets, then this is a

degenerate vertex.
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1.6 Assumptions and properties

The procedures in this dissertation make use of the following assumptions. Consider

a point set A = {a',..., a"} in R™.

e Assumption 1. There exist m + 1 affinely independent points in A. This

means that con(.A4) has full dimension. This also means n > m + 1.

e Assumption 2. All the points of A are extreme for con(.A) (the set A is its

own frame). Finding the frame of a point set is a relatively easy operation.
e Assumption 3. There are no duplicate points in A.

e Assumption 4. No face of con(.4) with one or more dimensions is parallel to

an axis of ]N™. See remark below.

e Assumption 5. No two faces of con(.A) with one or more dimensions are

parallel. See remark below.

e Assumption 6. The polytope con(.A) has no degenerate face.

“parallel” if their uniquely defined subspaces are such

Remark. Two affine sets are
that one is a subset of the other. Notice that two parallel affine sets never meet
unless one is a subset of the other. However, this definition allows affine sets with

different dimensions to be compared regarding this property.

1.7 Conclusion

In this chapter, we reviewed definitions and concepts that we will be using in this

dissertation. This document has two main topics and both of them are under the
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field of computational geometry.

We described four polyhedral sets, because polyhedral sets play a central role in
understanding our procedures in this document. Moreover, we explain the properties
of simplexes, because the second topic of the dissertation is about finding a special
circumscribing simplex such that contains a given finite point set.

Finally, we presented five assumptions to make sure that all procedures work

correctly.
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CHAPTER 2
LITERATURE REVIEW

In this chapter we review previous works in the two topics that we present in this
document. The first section of this chapter is about the background and literature re-
view of rotating a hyperplane. Next, we present the literature review of containment

problems, and specialty snug circumscribing simplexes.

2.1 Rotating hyperplanes

Perhaps the oldest example of hyperplane rotation of a supporting hyperplane on a
polyhedron comes from LP. The way we think about LP is identifying vertexes of a
polyhedron and then performing operations where we move from one vertex to an
adjacent vertex, until we find the vertex where the optimal solution is located. The
dual version of this algorithm, known as a dual simplex proceeds in an analogous,
but not identical way [1§].

The dual simplex instead of generating a sequence of adjacent vertexes, generates
a sequence of adjacent facets of a different polyhedron. The dual simplex algorithm

starts with a full facet of the polyhedron, and we rotate this facet to an adjacent
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facet, and continue rotating supporting hyperplanes from one facet to an adjacent
facet until the optimal solution is reached.

We will discuss in the next chapter how Procedure Facet To Facet (FTF) rotation
can be a procedure itself, and separate from a dual simplex pivot.

Lépez and Duld [19] introduce a procedure about rotating a hyperplane, and use
it to add and remove an attribute in a special hull of a finite point set used in Data
Envelopment Analysis (DEA). They name it HyperClimb. HyperClimb procedure
uses linear algebra operations to uncover extreme points after a new dimension has
been added.

Consider A = {a',...,a"} is a point set in N™. We define a hyperplane
H(m,B) = {y | (m,y) = B} where 7 = (m,...,m,) is a non-zero vector in R™,
and $ € R [I], and consider the supporting hyperplane #H(m, 3) for the convex hull
of a point set A, con(A), contains the extreme efficient decision-making unit, DMU,
a¥, and the hyperplane H(7, 5) in ®7+!, where 77 =[x ~] and v € R.

Construct the system of equations

(m,a*) + yap . = B (2.1)

(ra?) +al <85 G=1,....n. (2.2)

From (2.1)) and (2.2)), we get

7\ _ k
’YS_ <7T,ja> <7]:’a>a jzla"'7n7 (23)
Qi1 — a’m—l—l

when a,,; — a¥_; > 0. The maximum value of 7 yields a rotation of that removes
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the point a* from the support set, and add the point a’ to the support set where

<7T,4aj> — (7, a*)

N (2.4)

@fn+1 - a’ﬁﬁ-l
If there does not exist a maximum for 7, so the maximum rotation is obtained

from the hyperplane (7, 3) supports con(.A) at a face that is orthogonal to the last

axis. We figure out the level of the new supporting hyperplane from § = (7, a%).
This procedure is applicable for unbounded polyhedra. Furthermore, the new

support set does not contain all points that are in the last support set.

Example 2.1. Consider the given point set A = {a' = (1,2), a* = (4,5)7, a* =
5,7, a* = (2,1)T} in N2, and the supporting vector H(m,21)7 where 7! =
(—1,5)T. This supporting vector contains the point a®. Suppose we add a new at-
tribute, and get the new set A = {a' = (1,2,5)7, a®> = (4,5,1)7, a® = (5,1,2)7, a* =
(2,1,4)T} that is in ®*. The new supporting hyperplane is H (7, 3) where 7@ =

(—1,5,7)". Hence, we have

Y < - aé — ag - 3a (25)
(m,a®) — (m,a?)
(m,a*) — (r,a?)

We conclude that the maximum value for v is 3. So, we get @ = (—1,5,3)7, and
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we have

(7,a") = 24, (2.8)
(7,a%) = 24, (2.9)
(7,a*) =6, (2.10)
(7,a*)y = 15. (2.11)

Therefore, the new plane H (7, 24) is a supporting plane for con(.4), and contains

Iand a?.

two points a
Furthermore, Duld and Helgason [20] demonstrate how to rotate a supporting
hyperplane in any dimension to identify the extreme rays of the conical hull. Let

vector set A = {a',... a"} in ’™ makes a pointed cone such that all vectors are

non-zero, and no vector is a scaler multiple of any vector. Consider the vector set

At ={a', ..., a™}, the average vector a' for A’ is
=L i a’ (2.12)
m 4 ’
J=1
and A = {=a',a',....;a™}. Forai=m+1,...,n, solve
max (7, a’) (2.13)

st. —(ma") <1,

(m,a?) <0; j=1,...,m,

and assume the optimal solution is 7*. Suppose ¢ is a vector in the vector set A’.
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The last step is to find

(0,07)
(m*,ai)’

The obtained vector a, is an extreme ray of the conical hull A. Technically, a

a = argmax j=m+1,...,n. (2.14)

hyperplane that contains this vector, is a rotation of the hyperplane that contains

some vectors of A?.

Example 2.2. Consider seven vectors a® = (3,1,2)7,a% = (1,2,1)7,a® = (—4,6,4)7,
CL4 = (_17 2/37 2/3>T7 CL5 = (_17 _1/47 1/2)T7 a’6 = (_9/27 _67 3>T7 CL7 = (57 _15/27 5>T>
a vector set A" = {a!,a? a%}, and o = (1,—1,—3)7 is in the polar of this cone. If

we solve LP

max (7, a’) (2.15)
st. —(ma*) <1,

(m,a) <0, j=1,2,3,
then we get 7* = (7/6,—2/3,—1/3)T. For i = 4,...,7, we have

36 5 M,
7, Z, y _ﬁ} =a . (216)

a = argmax {

Another application of rotating hyperplanes is in the field of mixed integer pro-

26



gram (MIP). Consider the following MIP.

max cx (2.17)
s.t. Ax > b,
xz e {0,1}™,

where matrix A is n x m, matrix C' is 1 X m, and matrix b is n x 1. There are 2™
disjunctive polyhedra, and the optimal solution is in one of them. By relaxing the
binary requirement for x, an optimal solution is in an extreme point of the union
of these 2™ polyhedra. If all elements of this point are integers, the MIP optimal
solution is this point. Otherwise, this point cannot be the optimal solution of this
MIP. If we cut this point off from the union of polyhedra, without missing any integer
points, then it makes a tighter polyhedra that contains the MIP optimal solution.
Perregaard and Balas [21] present a hyperplane rotation procedure to cut off this
point. They use a linear transformation to rotate a hyperplane to generate a new
facet of the convex hull of the union of polyhedra.

Consider a supporting hyperplane H (7!, 3') for the union of polyhedra P with
S in the support set, and a hyperplane H (7, /5’) is tight for &7 , and some points of
P are not in a halfspace defined by this hyperplane. If the optimal solution of LP
relaxation is fractional, by solving a separation problem, the hyperplane H (7!, 1)
is rotated to a facet of the convex hull of the integer points in P, and the fractional
point will be cut off. Solving additional separation problem increases 1 the dimension
of the support set for separating hyperplane. Thus, there are needed to solve m — 1

separation problems in m dimensions to cut off the fractional optimal solution of the
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LP relaxation. In the following example we demonstrate this procedure in 3.

Example 2.3. Consider the system of equations {—x1 — 2 +x3 > —1, —x1 — 29 —
r3 > —2, x € {0,1}*} [15]. There are eight polyhedra the union of which is shown

below [15].

Fig. 10.: Union of polyhedra P.

The extreme points of P are a' = (0,0,0)7, a? = (0,0,1)T, a® = (0,1,0)7, a* =
0,1,1)7, a° = (0.5,1,0.5)7, a® = (1,0.5,0.5)7, a” = (1,0,0)7, and a® = (1,0, 1)".
If we solve LP

max Hxy + 3rs + 213 (2.18)

x1,22,T3
s.t. — T1 — Tog + T3 Z —1,
— T — Ty — T3 > —2,

OZ—I]‘Z—L j:172737

then an optimal solution is at the point a® = (1,0.5,0.5)7. This non-integer point

must be cut off. To do this, consider the supporting plane H (!, 81), where 7! =
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(4,-3,1)T and B! = —3. We have the initial set S; = {a®} from the support set.
To rotate this plane through a facet of the polyhedron P, two separation problems
should be solved. In the first LP, we take H(#,3), where # = (=2, —1,4)T and

5 = —1. The separation LP problem is as follows.

~v* =max 3xg+ 4xr; — 3xs + T3 (2.19)

st. xg—x1 — 22+ 13 > 0,
2x0 —x1 — X9 —x3 > 0,
xo—x; > 0, Jj=12,3,
To — 201 — Lo + 4x3 = —1,

(—1'1 > O) V (—Q?o + 1 > 0)

The optimal value of objective function is v* = 7. The rotated plane H (7?2, 5?) is
obtained by rotating the plane H (7!, 3'), where % = ! +v*7 = (=10, 10, 29)7T,
and 32 = ' +~*3 = —10. The support set for the new plane includes S, = {a®,a"}.

Next, we need to solve one more separation LP problem to get final plane. We

take H (T, 3), where & = (3, 3,—1)T and B = 3. We formulate the second separation
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LP as follows:

v* =max — 10z — 10x; — 1029 + 2923 (2.20)

st. xg—x1 — 29+ 23 >0,
209 — 11 — X9 — 23 > 0,
xo — x5 > 0, Jj=12,3,
—3xg + 3x1 + 310 — 3 = —1,

(—.Tl > 0) V (—ZEO + T > 0)

The optimal value of objective function is v* = 29. The rotated plane H (73, %) is
obtained by rotating the plane H (72, 3%), where 7 = 7% + v*7 = (77,77,0)T, and
3% = ' 4~*B = 77. The support set for the this plane includes S, = {a®, a*, a’, a®}.

All these planes are shown in the following figures.

Fig. 11.: Rotating the planes: Rotating the plane H (7!, 3') through H (7%, %), then
H(m?, 3?) through H (73, 5°).

The plane H (73, 3%) is a facet-defining inequality for a convex hull of the integer
points of P. If we cut off the points that are not located in a half space defined

by this plane, then we get a polyhedron that all elements of its extreme points are
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integer. The next figure shows this polyhedron.

--9

Fig. 12.: The obtained polyhedron after using cutting plane H (73, 3%).

We should emphasize that Perregaard and Balas use polyhedra defined by the
intersection of halfspaces. In the current work, the polyhedron will be defined by the
convex hull of a point set,

Avis and Fukuda [22] presents a procedure based on pivoting solving some im-
portant enumeration problems in the field of computational geometry in any dimen-
sion. They find the facets or vertexes of the convex hull of a point set under the
assumption non-degeneracy facets.

A polytope can be defined by finite number of hyperplanes or the convex hull of
its vertexes. Bremner, Fukuda, and Marzetta [23] say that the transformation from
one of these two representations to the other is called vertex enumeration problem, or
facet enumeration problem. They also extend two procedures: Raindrop Algorithm
and Dual Raindrop Algorithm that indeed they use hyperplane rotation to solve
vertex and facet enumeration problems. They use the equivalency between primal
and dual problems [23].

Chand and Kapur [24] were the first to explain how to rotate from a facet
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of a polytope to an adjacent facet. They observed that two adjacent facets share
m — 1 extreme points. This rotation involves linear algebra operations. This sort of
hyperplane rotation from one facet to another adjacent one is the principle behind
gift wrapping algorithms for facial decomposition [24]. Seidel makes the observation
that pivoting operations are dually related to gift-wrapping [25] which is equivalent
facet to facet rotation.

Chan [26] presents a procedure in R? and R to rotate a supporting hyperplane
containing a facet of a polytope to its adjacent facet.

Hyperplane rotation has applications in different fields. Natwichai and Li [27]
use hyperplane rotation to construct a procedure for drifting in data streams. Boun-
siaret al. [2§] to find the best separating hyperplane according to minimum error
use hyperplane rotation. Hyperplane rotation is also used to construct the attain-
able region (AR). Ming et al. [29] build a procedure to use the plane rotation for
constructing the AR.

In this paper, we present three procedures to rotate a supporting hyperplane for
the convex hull of a point set. One of these procedures is based on LP. In Procedure
Axis Rotation Hyperplane (ARH), we rotate the supporting hyperplane such that the
dimension of its support set is increased one at a time. In the second procedure,
Procedure Full Rotation Hyperplane (FRH), a supporting hyperplane is rotated once
such that the final support set is a facet of the convex hull of a point set. In addition
to these procedures, we derive a procedure to rotate a supporting hyperplane for the
convex hull of a point set from one facet to another adjacent facet. We refer to this

procedure as Procedure Facet To Facet (FTF). We prove the result of Procedure FTF
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is equivalent to a dual simplex pivot (DSP).
To perform a rotation by applying any of these three procedures, it is not needed
to have the convex hull of a point set, or its frame. However, having the frames would

make the procedures run faster, because of the reduction in number of constraints.

2.2  Snug circumscribing simplexes

The problem of finding a volume that contains, or is contained, in a body is a topic
in computational geometry and is called the “containment problem”. Usually this
volume is required to be convex. Finding the smallest convex volume containing a
body, or the biggest convex volume contained in a body is the objective. Depending
on the shape of the body, finding a convex volume with this property can be hard.
When a containment problem is the optimal solution to a mathematical program,
the container or the contained set is called “extreme”. If an optimal solution to the
mathematical program is too difficult, an approximation may be practical [30]. The
problem of finding a containing volume is known by several names. It is called the
Circumbody problem by Gritzmann and Klee [30].

Graham and Oberman [3I] approximate a convex hull of a point set with small
number of the extreme points.

Sartipizadeh and Vincent [32] present an algorithm to approximate the convex
hull of a point set that the dimension of the point set does not affect to their algo-
rithm. This algorithm can be efficient to find (or approximate) the convex hull of a
point set in high dimensions.

Finding or approximating an enclosing polyhedron for a point set has many
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applications [33]. There is some related work to find enclosing bodies such that
ellipsoids, spheres, boxes, or simplexes [33]. Badoiu and others demonstrate finding
a circumscribing sphere has applications in clustering, and present a procedure to
find it [34]. Panigrahy shows a procedure to find an enclosing polyhedron using only
translations, and not allowing rotations [35]. In this topic of the dissertation we
present procedures for the case where the contained body is the convex hull of a
point set in R™ and the containing volume is a special type of polyhedron in that
space; namely a simplex.

Consider for a moment relaxing Assumption 2 in Chapter 1 and allow the point
set A not to be its own frame. If we denote the frame of A with F, the cardinality
of F is at most n, and at least m + 1. Finding the frame F of the finite point set
becomes an interesting problem with applications in computational geometry, LP,
stochastic optimization, DEA, statistics, and etc [36].

There are several procedures to find the frame of a finite point set. For the
point set A, a direct approach to find the frame solves n LPs such that in each, one
point is tested. Suppose we score an arbitrary point b € R"™. Suppose further for

our purposes here that con(.A4) contains the origin in its strict interior. Consider the

following LP [36].

f(b) = inéiRn Aj Gauge LP (2.21)
6 U
j=1
s.t. Zajkj =0,
j=1
Aj > 0; j=1,...,n.
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Theorem 2.1. Gauge LP is feasible and bounded.

Proof. Carathéodory’s theorem says if a point in ™ is inside a polytope, then this
point can be defined as the convex combination of the at most m + 1 extreme points
of this polytope [2]. All A\; for j = 1,...,n are nonnegative, so zero is a lower bound
for Gauge LP. If b is in con(.A), then according to Carathéodory’s theorem, Gauge
LP is feasible. Otherwise, we can scale down the point b such that b falls inside
con(.A), because zero is in con(.A4). Here again we invoke Carathéodory’s theorem to
find a feasible solution for this scaled point b. Next, we scale back b and multiply

the optimal solution of Gauge LP by the scaling constant. B

We refer to this LP as Gauge LP, because its solution allows us to determine
whether the point b is inside, outside, or on the boundary of the convex hull of a
point set. In the first two of these cases, the objective function value serves to assess
the proximity of the point to the boundary. The function f(b) in (2.21)) is a gauge
function in the sense of [2]. The optimal dual solution of the Gauge LP yields a

facet’s normal of con(A). The dual of Gauge LP is as follows.

f(b) = max (, b) Dual Gauge LP (2.22)
S
st. (mad) <1; j=1,...,n.

For example, in the following figure, consider the convex hull of the points
{a',...,a®} in 2. All these points are extreme for their convex hull. The opti-
mal solution of the Gauge LP for three points b', %, 0? identifies three supporting

hyperplanes H(w!, 81), H(n?, %), and H(73,33) for the convex hull of these eight
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points, respectively. In addition, f(b) is less than, equal to, and greater than one

respectively. These planes are shown in Fig.

b

)
a b! \

=~ b-

- a

Fig. 13.: Gauge LP: The convex hull of a point set, and its relation to the Gauge LP

and its dual.

Nine important observations about Gauge LP are as follows:
Remark 1. The point b is inside of con(.A) if and only if f(b) < 1.
Remark 2.The point b is on the boundary of con(.A) if and only if f(b) = 1.
Remark 3. The point b is outside of con(A) if and only if f(b) > 1.

Remark 4. Any optimal basic solution to this LP yields a facet’s normal of con(.A)
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with level value of 1.

Remark 5. For any point ¢/ € F, when we set b = a/, then we get f(b) = 1.
Remark 6. If ¢’ for j = 1,...,n is interior to convex hull, it does not appear in
any basic feasible solution (BFS).

Remark 7. Any BFS will be composed of points on the boundary.

Remark 8. As f(b) gets closer to one, the scored point is in some sense closer to
the boundary of con(A).

Remark 9. An optimal value close to zero means the scored point is close to the
origin.

We will use the Gauge LP in a procedure to find a snug circumscribing simplex
for a point set.

The Gauge LP will play an important role in our work to find snug circum-
scribing simplexes. In this part of the dissertation, we design procedures to generate
simplexes that contain a point set using just m -+ 1 affinely independent points.

A simplex is snug in the sense that it intersects the hulls in some way. The
objective is a snug circumscribing simplex that is also in some sense tight around the
point set. Furthermore, finding such a polytope with fewer facet-defining inequalities
is also valuable in some fields such that data reduction, dimension reduction, and
non-negative factorization matrix. The simplest shape among all full-dimensional
polyhedra is a simplex. A simplex is defined by the convex hull of the m + 1 vertexes
or by the intersection of the m + 1 halfspaces. Going from one representation to the
other in either direction (facial decomposition) is easy when it involves simplexes.

In this part of the dissertation, we develop three procedures to find an m-
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dimensional polytope with m + 1 extreme points such that its facets coincide with at
least m facets of the convex hull of the point set, and m + 1 facets if the convex hull
is also a simplex. Indeed, the two will be the same polytope in the latter case. We
refer to this as a snug circumscribing simplex. The first procedure is called “Axis
Rotation Snug” (ARS), and is based on an application of Procedure ARH for rotating
hyperplanes. We identify the facets of the polytope using this rotation procedure
which starts at a vertex and visits faces of ever increasing dimension until a facet is
reached. We apply this process m times to identify m facets of the polytope. The
last facet of the simplex, called a “cap”, is found using specialized procedures that
involve LP. A cap will intersect the hull but not necessarily at a facet. The second
procedure is called Procedure “Full Rotation Snug” (FRS) and is based on the optimal
solutions of an LP. It achieves full facet support in one rotation using LP. Here, a
cap may be necessary here, as well, to identify the last facet of the simplex such
that it is bounded. Finally, the last procedure is called Procedure “Breakout Snug”
(BOS). It identifies m + 1 facets of con(.A) such that the m + 1 normals are each in
the polars of the normals of the previous facets and they positively span the space
assuring boundedness.

The snug procedures are initialized with a large simplex that contains the convex
hull of the point set. Then, its facets are translated towards the polytope until they
eventually make contact. Next by rotating facets of the outside simplex, we increase
the contact between two polyhedra to complete facets.

One application of finding a snug circumscribing simplex for a point set is in

non-negative matrix factorization (NMF). When a point set is contained in a snug
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circumscribing simplex, any point of this point set can be written as a product of a
matrix with the extreme points of this simplex with another matrix containing the
multipliers needed to represent the point set.

NMF is a fundamental problems in multivariate analysis is to find a suitable
representation of data, which makes the implicit structure of data explicit and reduces
the dimensionality as well [37]. NMF is developed in the last two decades [38]. NMF
has applications in data analysis, clustering, and neural network ([37] and [38]). NMF
is popular linear dimensionality reduction technique which has the desired properties
that we mentioned [39]. Moreover, NMF usually generates a sparse representation
of a given point set [37].

NMF is formally defined as follows: for a given non negative matrix V', find two
non negative matrix W and H such that V =~ W H where V is an n x m matrix, W
is an n X r matrix, and H is a r X m matrix.

It is usually desired for r to be smaller than m or n, hence W and H will have
smaller dimension than the matrix V. In the context of multivariate analysis, where
NMEF have been extensively applied, the columns of matrix V' are our observations (or
point sets) which are vectors of dimension n. Then the goal is to find a compressed

representation of matrix V' using smaller matrixes W and H [40].

2.3 Conclusion

In this chapter we presented some previous works and applications in rotating hy-
perplanes and containment problems.

Rotating hyperplanes have applications in integer programming to find a facet-
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defining inequality. Another application of rotating hyperplanes is in DEA. Fur-
thermore, we explained how a pivot in the dual simplex method can be related to
rotating hyperplanes.

In the second section of this chapter, we presented the concept of the contain-
ment problems. We presented how Gauge LP can be related to the direct procedure
of finding the frame of the convex hull of the finite point set. In addition, we discussed

some remarks on Gauge LP and Dual Gauge LP.
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CHAPTER 3

ROTATING SUPPORTING
HYPERPLANES

We present three procedures to rotate a supporting hyperplane for a polytope defined
as the convex hull of a finite point set in ™. The first two procedures rotate a sup-
porting hyperplane for the polytope at a lower dimensional face until it supports this
polytope at a facet. These two procedures keep current extreme points in the support
set and accumulate new points after the rotations. In other words, the support set
of the rotated hyperplane includes all the extreme points in the support set of the
supporting hyperplane that get rotated, in addition to whatever new extreme points
join this support set. In the first procedure, the dimension of the rotated hyperplane
for the convex hull of a point set increases one at a time. So, the support set for
the rotated hyperplane will eventually be a facet of the polytope. This procedure
does not rely on LP using only linear algebra operations. In the second procedure,
we rotate a supporting hyperplane for a polytope with a lower dimensional support
set and in one iteration the new hyperplane will have a facet as its support set. The

second procedure uses LP. Finally, we develop a procedure to rotate a hyperplane on
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a facet of the polytope to another adjacent facet. Similarity to the first procedure,
this procedure does not rely on LP. This procedure is equivalent to a dual simplex
pivot.

Consider a supporting hyperplane H (7", 3%) for the polytope con(A). Recall
that we assumed all the points in A are the extreme points for con(A). Assume,
without loss of generality (wlog), the support set of the hyperplane H(7*, 3%) includes

S, ={a',...,a*} where k < m — 1. Hence we have
(rk a?y = g% j=1,... k. (3.1)

The other points a**',..., a" of A are located in a halfspace defined by the

hyperplane H(7*, 3%). Under our assumption, this halfspace defines the inequalities
(rF a?y < B j=k+1,...,n (3.2)

In the remainder of this chapter, the support set of the supporting hyperplane

H(7*, %) includes Sy = {a',...,a*} from the point set A = {a',... a"} in R™.

3.1 Procedure Axis Rotation Hyperplane (ARH)

In this procedure we rotate a supporting hyperplane H(7*, 3%) such that at each
iteration, the dimension of the support set is increased by one. Recall that we assume

there do not exist degenerate facets. We define the new hyperplane as H(r**1, gk+1).

The procedure is designed around the specification that two vectors 7% and 7**! will

share m —k elements. Assume, wlog, that the common components are 7y IRPR ¥

? m?

and at least one of them is not zero. This set up makes the first & components of
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the new vector free to take on values. Define 7% = (

Vs Vhy Thsts - - - Thy) where
Y1, ...,V are scalar parameters.

The rotation of a supporting hyperplane of con(.4) such that only & components
of its normal are allowed to change can be interpreted geometrically. Components
that are allowed to change will be referred to as free and the rest as fized. The rotation
restricts the normal of the supporting hyperplane to reside in a k+1 dimensional cone
defined by the combinations of vectors in the subspace of the free axes (k dimensions)
and the perpendicular vector with the original values for the fixed components and
zeros for the rest. The normal is further restricted to lie in the strict interior of
this cone which now becomes a pointed “circular” k£ 4+ 1 dimensional cone. This
cone is pointed only because rotation vectors cannot be any of the free axes — or on
the subspace defined by them — since this would require co or —oo as a value for
a free component. In the case of £ = 1, the rotation maintains the normal of the
hyperplane in a two-dimensional (very flat but still pointed) cone. When k& = 2, this
is a circular pointed cone above the plane defined by two free axes. Next, we will see
how the rotation vector will be further restricted by the shape of the polytope below
the supporting hyperplane in the following figure.

In order to keep the points that are currently on the hyperplane H (7", %) in
the support set of the rotation, we force them to have the same level value. This is

done by constructing the system of £ — 1 equations
(P @) = (el =2,k (3.3)

where a' is used, wlog, in lieu of any a’ € S;..
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Fig. 14.: Procedure ARH in %3: Left figure; k = 1, right figure; k = 2.

The points a**1, ..., a™ will be located in a halfspace defined by the hyperplane

H(mF+L BEHL). This generates the n — k inequalities
(rFHa?y < (7Fth ey, j=k+1,... 0. (3.4)

The solutions to System - define a polyhedral region. Any feasible
solution represents a supporting hyperplane for con(.A) with a support set containing
Sk. System — has k—1 equations and n—k inequalities, where 1 < k < m—1;
all in k variables. There are at least two inequalities. When k = 1, System is
empty and the whole thing reduces to a system of inequalities with one variable.

In the following two subsections we present Procedure ARH in the cases of k =1

and k > 2 separately.
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3.1.1 Procedure ARH when k£ =1

In the case of k = 1, System (3.3)) is empty. We thus need to find an upper or lower

bound for 7; from the system of inequalities:
(et ad) < (rF ey, j =2, n. (3.5)
We define the following sub-vectors based on truncation after the first element.

@ =(d,...,d); J=1...,n, (3.6)

LY = (ak o wE ) = AR (3.7)
Then, we rewrite System ({3.5)) using these truncated vectors as follows.
a]ilyl + <ﬁ-k+17 dj) S a’%’h + <ﬁ-k+17 d1>7 ] = 27 sy T (38)

After that, we manipulate System (3.8)) algebraically. First by using the sub-vectors

to separate the inner products:
@y —aly < =70 + (7 ab; j=2,...,n, (3.9)
and distributing after substituting:
(@l —al)y < — (@ @7 + (7 al); Jj=2,...,n. (3.10)

The value of a{ — aj cannot be zero, according to Assumption 4 from Chapter
1, for j = 2,...,n. If for one 7 we have a{ —a} = 0 where j = 2,...,n, then we

1

have @] = a}. Hence, the face of con(.A) that contains just these two points a' and

a’ is perpendicular to the first axes, and therefore is parallel to another axes. This
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violates our assumptions.

A solution to System (3.10)) generates four possibilities on the values of 71:

1. There are no bounds.
2. There is only one finite upper bound.
3. There is only one finite lower bound.

4. There are two different and finite bounds: one lower and one upper.

Case 1 can be discarded using geometric arguments. System is feasible
since there is always a hyperplane that supports con(.A) at exactly any extreme point
and has complete freedom to rotate some nontrivial amount in any direction. Notice
that, no rotation can span 360° or more without contradicting the assumption that
the polytope has full dimension.

We will illustrate how Cases 2, 3, and 4 are possible.

If a{ —al >0for j=2,...,n, then we can rewrite System 1} as follows.

~ k41 /\j_Ak+1 ~1
. G ,ai (71T ,a>; ji=2...,n. (3.11)

ay —aj

IN

System ([3.11]) yields an upper bound for 7. This is Case 2. An upper bound for ~;
that satisfies all inequalities in System (3.11)) is

Skl Af\ _ (akHL 5l
71:mi1r1{—<7T ’aaz SIT ,a); j:2,...,n}. (3.12)
1 M

The following example illustrates Case 2 in R3.

Example 3.1. Consider the given point set A = {a! = (2,8,4)T,a%> = (3,7,1)7,a® =

(5,4,97, a* = (9,5,8)7,a® = (1,2,3)T, a8 = (7,1,5)7,a” = (6,3,2)7} in RS,
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Fig. shows con(.A) in three views.

Fig. 15.: Three views of con(.A).

Let the supporting plane H(n!, —1) where 7! = (=9,1,2)7, with the support
set S; = {a’}.
Fig. shows con(A) and the plane H(n!, —1) in three views.

Fig. 16.: Three views of the supporting plane H (7!, —1) where 7! = (-9,1,2)7 for
con(A).

We define the new plane H (7?2, %) where 7% = (71,1,2)" and 5% = (7%,4a°). So
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we have a system with six inequalities and a single variable:

(72,81 — (#2,6°)  16—8

7 < — pp—: -5 —ns<-8 (3.13)
7 < —<7AT27&Z : 27;2,&5> = —2 :Elé — N < - %, (3.14)
< _<fr27d(j% : :;27&5> _ _252_—18 < ; (3.15)
< _<7Ar2,&;>11 : 27;2’&5> _ _291_—18 < _18_3; (3.16)
< _<ﬁ2)a§% : 22’&5> _ _171_—18 < — %; (3.17)
< _<ﬁ27@2 - 27;2’&5> _ _Z :513 < % (3.18)

Hence —8 is an upper bound for ;. Therefore, the normal of the rotated
plane is 72 = (=8,1,2)", and we have: (7% a') = 0, (7% a?) = —15, (72, a) =
—18, (7%, a*) = =51, (7%, a%) =0, (n%,a%) = —45, (7%,a") = —41. So 3? = 0, and

the points a',a®

are on the hyperplane H(7?, 0) and the other a2, a?,a*, a® a” are
below of this hyperplane. The plane H(7?,0) is a supporting hyperplane for con(.A)
with the points Sy = {a',a®} in the support set.

Fig. [17 shows con(A) and the plane H(72,0) in three views.

In this example, when we rotate the plane H(w!, —1), the reason there is no
lower bound is that the rotation towards more negative values of v; is limited by
—o00. At this limit, the normal of the rotating hyperplane becomes for all intents
and purposes the first coordinate (with the strange appearance (—oo,1,2)) and is

halted from further rotation by the fact that these operations cannot transcend

infinity. This is a direct consequence of the fact that the initializing point is the
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Fig. 17.: Three views of the supporting plane H(72,0) where 72 = (-8, 1,2)T for
con(A).

only one in the support set of a hyperplane with normal (1,0,0). Recall that the
initializing point, a3 has the smallest first coordinates of all seven points in this set.
Rotation towards more negative values of 7, eventually ends with (—oo, *, %) which
is precisely this hyperplane and this will be the last supporting hyperplane these
algebraic operations will allow. It is possible to resume rotation by “coming back”
from oo by reversing the inequalities in System .

For the case when k = 1, it is possible to extract a second supporting hyperplane
in a rotation that starts with a supporting hyperplane on an extreme point by a®.

This is the purpose for the following theorem.

Theorem 3.1. The value for v, in System obtained from

Akl Ad\ ekl Al
Vlzmax{—<7r ’aai 2: ,a>; j:2,...,n} (3.19)
1~ 3
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defines a supporting hyperplane H(—m 1, BF1) which contains a',at where
Akl A\ fakdl Al
Akt G Akt a
t:argmax{—< ’ > < - >; j:2,...,n}. (3.20)
a) — ai

Proof. We first show (—7**1 a') = 81, We have;

(—r 40ty — (=r*Hat) = (=448 = mat) — ((=744,8") - yal)

We thus have <7].l<:-i-17 at> — <7Tk+17 a1>7 and then <7Tk+1, at> — ﬁk-{-l.
We need to show all the points a?,...,a" are located in a half space defined
by the hyperplane H(—n**1, g51). We will therefore show (—7**1 a/) < g*! for

J=2,...,n. Recall that we have;

Akl Aj\ _ Jak+l Al Akl aj\ Akl Al
a a a a
ap —ay ar —a

Moreover, we have a/ — a* > 0. We thus have;
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— 0. (3.23)

Hence we have (—7**1 a¥) < (—7*1 al). So, (—7* 1 @) < gFL forj=2,....,n. 1A

Example 3.2. According to Theorem the other bound for ; in Example
is £. So the hyperplane H(n?, —41) where 7 = (=1, -5, —10)", with S, = {a®, a"}

in the support set, supports con(A).

Fig. [18] shows con(A) and the plane H (7%, —41) in three views.

Fig. 18.: Three views of the supporting plane H (72, —41) where % = (-1, —5, —10)T
for con(.A).

Case 3 happens when a{ —al <0 for j =2,...,n. We thus rewrite System
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(13.10) as follows.

ﬁ.k—i—l7 al) — ﬁ.kz—i—l7 al )
" —< ai le >; j=2,...,n. (3.24)
14

v

System (3.24]) yields only a lower bound for ;. The following example illustrates

this case in R3.

Example 3.3. Consider the point set A from Example , A={a' =(2,8,4)7,a> =
3,7, )T, a® = (5,4,9)T,a* = (9,5,8)T,a° = (1,2,3)T,a% = (7,1,5)T,a" = (6,3,2)T}
in ?3, and the supporting plane H (7!, 77) where 7' = (3,2,5)?, with the support
set S; = {a'}.

Fig. [19] shows the supporting plane H (7!, 77) for con(A) in three views.

Fig. 19.: Three views of the supporting plane H (7!, 77) where 7! = (3,2,5)7 for
con(A).

We first define the new plane H (w2, 3?) where 72 = (,2,5)7 and 82 = (2, a*).
Then, we have a system with six inequalities and a single variable. Similar way to

Example , the minimum feasible ratio is % for 7;. The normal of the rotated plane
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is 72 = (3,8,20)7, and % = 227. The plane H (72, 227) is a supporting hyperplane
for con(A) with Sy = {a? a*} in the support set.
Fig. 20} shows the rotated supporting plane H(72,227) for con(A) in three

Views.

Fig. 20.: Three views of the supporting plane H(n2,227) where 7% = (3,8,20)% for
con(A).

In Example , when we rotate the plane H (!, 77), there is no upper bound.
The reason is that the rotation towards more positive values of 7, is limited by oo
for analogous reasons as in Example 1. Here again hyperplane rotation can be found
by taking the smallest value in the list of inequalities for 7; and using the negative

for the normal.

Theorem 3.2. The value for v; in System obtained from

Skl Aj\ _ fak4l Al
’yl:mz’n{—<7r ,a} U ,a>; j:2,...,n} (3.25)

J 1
ay —ap
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defines a supporting hyperplane H(—m 1, BF1) which contains a',at where
Akl A\ _ fakdl Al
At G Akt a
t:argmin{—< 7 > < ’ >; j:2,...,n}. (3.26)
al — at
1~ 0;

Proof. The proof is similar to the proof of Theorem [3.1, W

Example 3.4. Based on Theorem the other bound for 7, in Example is
—2. So the hyperplane H(n?,107) where 72 = (23, —4, —10)7, with S, = {a*, a®}

in the support set, supports con(.A).

Fig. 21} shows con(A) and the plane H (7, 107) in three views.

Fig. 21.: Three views of the supporting plane H(n?,107) where 72 = (23, —4, —10)T
for con(.A).

Finally, when the values of a{ — al are negative for some js, and positive for
others where j = 2,...,n, we face with Case 4. Assume, wlog, we have a{ —al >0

for j=2,...,t,and o] —al <0 for j=t+1,...,n, where 2 <t <n—1. We thus
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rewrite System (3.10)) as follows.

R s J =2t (3.27)
1 %
Akl A\ fakdl Al
> AL @) 2 @G, j=t+1,...n  (328)
ay — ay

System (3.27] - [3.28)) yields an upper bound and a lower bound for 7. The following

example illustrates this case in R3.

Example 3.5. Consider the point set A from Example[3.1} A = {a! = (2,8,4)7,a* =
(3,7, )T, a® = (5,4,9)7T,a* = (9,5,8)T,a° = (1,2,3)T,a% = (7,1,5)T,a" = (6,3,2)T}
in R3, and the supporting plane H (7!, 33) where 7! = (1, —2,4)7, with the support
set S; = {a’}.

Fig. 22 shows the supporting plane H (7!, 33) for con(A) in three views.

Fig. 22.: Three views of the supporting plane H(w!,33) where 7! = (1,—-2,4) for
con(A).

We define the new plane H (72, 3%) where 72 = (71, —2,4)T and % = (72, a%).
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We thus have a system with six inequalities and a single variable:

s Jﬁzﬁ;i : 27;27@3) _ _02—_258 s _?; (3.29)
"= —<ﬁ2’dZ : gg’dg> = _—;0_—528 =7 = —19; (3.30)
eI BB 8
"> —<ﬁ2’€2 = g’&g) =222 Sz - (3.32)
< _(7%2,&2% : g{&g _ _1§ : 28 < 5. (3.33)
"< _(7%2,@;% : g{@) _ _26—_258 < 9. (3.34)

This generates the following bounds for vy; —5 < v < %

If we set y; = —5, then the normal of the rotated plane is 72 = (=5, —2,4)7, and
(% = 3. The plane H (7%, 3) is a supporting hyperplane for con(A) with S, = {a?, a®}
in the support set. Fig. shows the rotated supporting plane H (72, 3) for con(.A)

in three views.

Fig. 23.: Three views of the rotated supporting plane H(w? 3) where 72 =

(—5,—2,4)T for con(A).
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The maximum feasible ratio is If we set vy = %, then the normal of the

ol

rotated plane is 72 = (3, —4,8)7, and % = 71. The plane H (72, 71) is a supporting
hyperplane for con(A) with S; = {a? a*} in the support set. Fig. 24 shows the

rotated supporting plane H (72, 71) for con(A) in three views.

Fig. 24.: Three views of the rotated supporting plane H(w? 71) where 7% =

(3,—4,8)T for con(A).

Note that if there are no ties in determining an upper or lower bound then the
rotation will land on an edge of the polytope. When a tie occurs, the dimension of the
support set for the rotation will increase by the number of the points participating
in the tie. By our assumptions, this means the rotation landed on a face with more
than one dimension. Under the assumption of no degenerate facet, a tie does not

occur.
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3.1.2 DMatrixes of affinely independent points

We will start this section with some results relating to System (3.3]). The system is
a consequence of the concatenation of k£ extreme points of the convex hull to create

a k x m matrix where k& < m. This is the matrix:

1 1 1
ay ... ap ... G,

A= 0 b : (3.35)
k k k
ay ... ap ... a,

kxm

In this section we present results that establish properties about this matrix.
One observation about the matrix ((3.35)) is that the k rows are affinely independent.
This follows from the fact that they represent extreme points of a face of the convex
hull. Because of this, the translation of the matrix by any one of these assures it has
full rank.

We start with a lemma about convex hulls when they have fewer than m dimen-
sions. Denote by e!,...,e™ the m axes of m-dimensional Euclidean space. Recall
Assumption 4 From Chapter 1: no face with one or more dimensions of con(.A) is

parallel to any axis.

Lemma 3.1. Consider a point set B = {a',...,a‘} in ®™ such that all the points
al,... a" are extreme for con(B), con(B) does not have full dimensional, and con(B)
does not have a face paralleling to any of the axes. For every extreme point in B,

there exists a supporting hyperplane for con(B) that is parallel to an axis e’ and

supports B only at that point.

Proof. The cases when ¢ = 1,2 are trivial. When ¢ > 3, the number of the points in
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B can be more than m. Consider, wlog, a point a € B and the last axis ¢™. The point
a is extreme for con(B), so there exists a hyperplane H (7, 3) which supports con(B)
only at a. Suppose 7, # 0. The polytope con(B) does not have full dimension, so
it can be contained in a hyperplane. Let this hyperplane be H (7, B) Notice that
H(—#, —f3) also contains con(B).

Consider the cone C; defined by the vectors 7, 7, and the second cone Cy between
vectors 7, —7. Any vector strictly inside C; or Cs, not on the border, corresponds to
a hyperplane that supports con(B) at only the point a. The polytope con(B) does
not have a face parallel to any axes, therefore 7, # 0. If 7, > 0, then —7,,, < 0, and
vise versa. Assume, wlog, 7, > 0 and 7, < 0. A vector m € C; can be obtained by
taking a positive combination of the two vectors 7, 7 such that 7, = 0. This vector
corresponds to the hyperplane H (7, B) where 3 = (7, a) and all other points in B are
below it. The hyperplane H(7, B) is parallel the e™ axis, and is supporting con(B)

only at the point a. l

Fig. . illustrates an example of Lemma 3.1. when B = {a,...,a®} in R3.

The polytope con(B) is two dimensional. The hyperplane H (7, B ) contains the points

1 8

a',...,a® and as a result contains con(B). Consider the point a'

and the axis e3.

The hyperplane H(, B) is parallel to the axis €3, and is supporting con(B)only at

a'. Note that, here we have 73 = 0.
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Fig. 25.: An example of Lemma 3.1. when B = {a!,...,a®} in R3.

Consider the £ x m matrix A in (3.35)). Note that 2 < k£ < m. Here, we present

an important result of this topic of the dissertation.

Theorem 3.3. The rows of any k x { submatriz where k < £ < m of the matriz

are affinely independent.

Proof. Is it enough to show that if any column from ([3.35)) is removed the remaining
rows will be affinely independent. Suppose, wlog, it is the last column. We thus have

the k x (m — 1) submatrix:

a A1
A= | . : (3.36)
aby ... adk |

kx(m—1)
Indeed, one interpretation of the k x (m — 1) submatrix (3.36|) is that it is the

projection of the original k£ points on to the subspace defined by the first m — 1 axes.
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The original k points a!, . . ., a*

are affinely independent and they are the extreme
points of a (k — 1)-dimensional simplex in R".
Let a* € B. According to Lemma 3.1., there exists a supporting hyperplane

H(7, B) for con(B) that is parallel to the axis e™ such that includes only point a’.

Since 7 is parallel to €™, We have the vector 7 = (71, ..., Tm_1,0)T. So,
(7,a") = B, (3.37)
(Fdy < By j=1,...0—=10+1,.. . k (3.38)

m—1
> alw =B, (3.39)
i=1
m—1 4 _
alm<p; jg=1,...0—10+1,... k. (3.40)
i=1
Since 7,, = 0 for each of these supporting hyperplanes the above relations

System - can be replaced with each of the points in B truncated at the
last component and the hyperplane normals using only the first m — 1 components.

Notice that such “vertical” supporting hyperplanes exist for each point in B,
they are each an extreme point of the convex hull of their projection in the lower
dimensional subspace. The projection is thus also a (k — 1)-dimensional simplex
making the k points affinely independent. Assume &/ = (af,...,a, )" for j =
1,...,k. The k points a',...,a"* are in R™~1. So, the convex hull of these k points

does not have full dimension in ™!, because k < m — 1. These k points are affinely

independent if all these k points are extreme for the convex hull of these k£ points
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al,....a" m

We proved that any k x (m — 1) submatrix of the matrix has affinely
independent rows. We can use the same argument sequentially to show that any
k x i submatrix of the matrix has affinely independent rows as long as the
number of columns that remain is at least k: k <.

Fig. [26] shows the projections of a line segment and a triangle onto a subspace

containing two axes el, 2.

Fig. 26.: The projections of two lower dimensional simplexes: a line segment and a

triangle onto e!, €2 subspace.

There are four important observations about Theorem as follows:
Remark 1. Any of the submatrixes obtained from removing (at most) m — k
columns from matrix (3.35) can be translated by one of its rows to generate a full
rank matrix.
Remark 2. This property that any subset has full rank, has all elements of a
matroid.
Remark 3. If a face of the polytope con(A) contains the points al,...,a* and is

parallel to an axis, then there exists a (k — 1) x (k — 1) submatrix of (3.35]) without
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full rank.
Remark 4. The k x m matrix (3.35) has full rank even there exists the faces

paralleling to some axes.

3.1.3 Procedure ARH when k > 2

Recall that k is both the number of the free dimensions and the cardinality of the
extreme points of A in the support set Si. In the case of k£ > 2, System (3.3 is no
longer empty and the solutions to this system define an affine set with 1 dimension.
The intersection of this affine set, that is a line, with the polyhedron of feasible
solutions to System ({3.4]) generates the normals of the supporting hyperplanes for
con(A) that contains Sy.

We can rewrite System ((3.3)) as follows:
(rFttady — (7F ety =0; j=2,... k. (3.41)

The columns of the left hand side of System (3.41)) is shown in the (k—1) x m matrix:

a? —al az — ay az, —al,
(3.42)

ko1 ko1 ko 1

ay — a4y ay, — ay, Uy — Ay

(k—1)xm
We here develop System - . We define the following sub-vectors based on

a partition after the k* element, and assuming that the first k columns of (k—1)xm
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matrix (3.42)) have full rank.

dj :(a{’...’ai); j:1,...,n, (343)
dj = (aiﬂ,. .. ,(lzn); J= 17 s T (344)
T (W’f“, o ,7T’,:+1) = (M- WE); (3.45)
e (W,lz_ﬁ, o ,Wﬁjl) = (7Tll§+1, o ,an). (3.46)

Then, we rewrite System (3.3 - [3.4) using these truncated vectors as follows.

(@) + (#,6) = (7)) + (FLa) =2k, (3.47)

(7 @) 4 (7 A < (7R at) 4 (7R al); j=k+1,...,n. (3.48)

After that, we manipulate System (3.47| - [3.48)) algebraically. First by using the

sub-vectors to separate the inner products

(T @) — (@ ah) = ety — (7ML A G =200k, (3.49)
(A" a?) — (7P at) < (@Mah) - ML) =k, (3.50)

and redistributing after substituting v/ = (a/ —a'), v’ = (&’ —a') where j = 2,... n.
(R o) = (7R —pd); j=2,...k, (3.51)

<ﬁ_k+1’@j> < <7Ark+17_@j>; j:kj—}—l,,..,n. (3.52)

Let’s deal with System ({3.51)) first. The left-hand side is a set of k — 1 linear
combinations of the k variables 71, ..., 7. The right-hand sides are constants which

we will denote by b; = (7% —67) for j = 2,..., k. This defines the following system
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with k& — 1 equations and k variables.

e =0b;; j=2...,k (3.53)

]~

(=1

The left-hand side’s coefficients of System (3.53)) is the (k — 1) x k matrix

v ovi ... 0}

, (3.54)
=k =k -k
vy Uy ... Uy

(k—1)xk
which is obtained by truncating the full rank (k — 1) x m matrix (3.42). Therefore,
the affine set that they define has a single dimension. Hence it is a line. This result
demonstrates that a rotation is possible provided we can find a non-singular square
(k— 1) x (k — 1) matrix which is guaranteed to exist.

Let us go back to System - . There are five possibilities for the set of
solutions to System - :
1. The set is empty.
2. The set is a point.
3. The set is a complete line.
4. The set is a half-line.
5. The set is a line segment.
The first possibility can be excluded right out since there exists at least one

solution always; namely, the current supporting hyperplane with S, in the support

set. This means there is at least one non-trivial solution. The second possibility can
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also be excluded, because the number of hyperplanes that contain a k-dimensional
face of a polytope in ™ and is a supporting hyperplane for this polytope is infinity.
Recall that & < m — 1. The third possibility can be discarded too. If it were possible
then it would be possible to rotate 360° which is impossible when the original convex
hull has full dimension. The set of solutions to System - is either a line
segment with two endpoints or a half line in R¥.

Fig. 271 depicts two Cases 4 and 5 when k& = 2. In both figures the obtained
region by System (3.4]) is shown with dark unbounded area R. The left hand side
figure shows how the obtained half-line v from System intersects the boundary
of Region R at v*. If we set v = +*, then the vector 7**! corresponds to the normal
of the hyperplane H (7%, 8¥*1) such that Sp,; contains S, and one more point
from the point set A. This is Case 4. The right hand side figure shows how Case 5
happens. In this figure, the obtained line segment [ from System intersects the
boundary of Region R at two points 7 and v5. If we set either v = ~7 or v = 73,
then it yields two different vectors 7%!. Either of these two vectors 7%*! yields the
normal of the hyperplane H (7%, 351) that Sy, contains the set S, and one more
point from the point set A.

The following two Examples [3.6] and [3.7| demonstrate how these two cases in 13

happen.

Example 3.6. Consider the point set A from Example[3.1} A = {a! = (2,8,4)7,a* =
3,7, )T, a® = (5,4,9)T,a* = (9,5,8)T,a° = (1,2,3)T,a®

(7,1,5)",a" = (6,3,2)"}
in N3, and the supporting plane H(7?,54) where 72 = (1,1,5)7, with Sy = {a?, a"}

in the support set.
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Fig. 27.: The left hand side figure demonstrates Case 4, and the right hand side

figure demonstrates Case 5 when k = 2.

Fig. . shows the supporting plane H (72, 54) for con(.A) in three views.
First, we define the new plane H (7%, %) where 72 = (y1,1,7%)7 and B3 =

(73, a). We next have one equation
(3, a*) = (7, 6%) = 4y — 0 = —1. (3.55)

There is a system with five inequalities and two variables:

(3 a") < (7°,a) = 3y, — 5yp < —4; (3.56)
(3 a*) < (7*,a%) = —27v; — 87, < —3; (3.57)
(m3,a°) < (7,0°) = 4y — 61 < 2; (3.58)
(m3,a% < (7*,a®) = 2y — 4y < 3; (3.59)
(m3a") < (7*,a®)y = y—Tp< 1 (3.60)
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Fig. 28.: Three views of the supporting plane H(n?,54) where 72 = (1,1,5)7 for
con(A).

From System (3.55), we have 1 = 372 — 3. We therefore rewrite the system

of five inequalities as follow based on just one variable vo: ~5 > %; Yo > 1—77; Yo >

—%; Yo > —1; 9 > —2%. This generates é—g as an lower bound for ~,. If we set 75 = ;—g,

then we get 71 = —g5. The normal of the rotated plane is 7* = (—1,23,19)7,
and 3?2 = 258. The plane H (w3, 258) is a supporting hyperplane for con(A) with
S, = {at,a®,a*} in the support set.

Fig. 29 shows the supporting plane H(7?, 258) for con(A) in three views.

Example[3.6|demonstrates Case 4. In Case 4, we can extract a second supporting
hyperplane in a rotation that its support set contains two points a®, a*. When we
reduce System - to one variable, wlog, =1, if there exists just one bound
for 71, then the biggest and smallest values of the right hand side of the system of
inequalities with one variable ~;, when the coefficient of the variable 7, is one, are

used to find the normal of two rotated hyperplanes.

Assume from System (3.3), we obtain all variables s, ...,y based on the vari-
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for con(A).

able v; and a constant:

y=em+ i i=2.. .k (3.61)
If we rewrite System ([3.4) based on just one variable 7, then we have
k k ] m
7 _a}) +Zeza—a m< - Zfi(ag—a%)—i-z ™l —al) | j=k+1,...,n

(3.62)

If all the coefficients of the variable ; in System (3.62) be positive, then we have:

<7 ji=k+1,...,n (3.63)
where
k m
> filal —al)+ > 7whal —a})
5 =2 A Ci=k+1,...,n (3.64)
(a] —al) + ) _eial —a})
=2

69



Therefore, if we set:

v = min {3; j=k+1,...,n}, (3.65)
then we have a supporting hyperplane H(7**!, g*+1) which contains a',...,a", a*
where

t= argmin {7; j=k+1,...,n}. (3.66)

The following theorem presents a way to find a second supporting hyperplane.

Theorem 3.4. If all the coefficients of the variable v, in System are positive,
then the value for ~1 in System obtained from

Y1 = maz {”yj; j:k—i—l,...,n.} (3.67)
defines a supporting hyperplane H(—n**1, B¥1Y), which contains a', ..., a* a' where
t = argmaz {'7]-; j:k—i—l,...,n.} (3.68)

Proof. We first show (—7**1 a') = 81, We have;
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m
<_7rk+11at> - <_7Tk+17a1> = - Zﬂf+1(a§ - a‘i)
i=1

k m
= -m(af —ai) = > ~ilaf —ai) = > wi(af —aj)
=2 i=k+1
k m
=-maf —ai) = > (em + fi)(af —aj) = > =f(af —aj)
=2 i=k+1
k k m
=7 | (af —ai) + D eilaf —af) | = [ D_filaf —aj) + D =l(af—a)
=2 =2 i=k+1

S filal—a)+ Y whal - al) .
=2 i=k+1
=-|- . ((aiamzei(aﬁa%))
t 1 i=2

1=2
k m
- (Zfz(al aj) + Y wiaf—aj )
=2 i=k+1
=0. (3.69)

We therefore have (7¥+1 a') = (7**1 a'), and then (7" af) = pr+1
We further need to show all the points a**',... a™ are located in a half space
defined by the hyperplane H(—=*1 g*1). We will show (—r**1 @) < gFFL for

7 =k+1,...,n. Recall that we have:

Zfz(a7*a1)+ Z i(a‘ffai) Zfi(aZ*az)JF Z i (a] —a;)
- N 72:2 1=k+1 — —m S 1=2 1=k+1 (370)
(] —a}) + > _eila] —af) (a] —al)+ D eila] —a})
1=2 =2

k
Furthermore, we have | (¢! — al) + e;(al —al) | > 0. We so have;
1 1 7 7
i=2
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k k m
(—mF Tt afy — (—rb L oty = —yy ((a{ —a) + Zei(ag — a%)) - (Z fz(az —al) + Z ﬂf(ag - a,}))
i— i=2

i=k+1

—t T _ koo
< =2 ;7k+1 ((a]l - a%) + Z e; (aZ - 0«%))
) ) —
(ajlfa%)JrZei(agfa%) ¢
=2
k ) m )
— | > filal —ah)+ D wl(al —a)
1=2 i=k+1

=0. (3.71)

Then we conclude, (—7**1 af) < (—7**1 ab). So, (—a*tl af) < BFFL for j =

k+1,...,n. 1

In the following example, we find a second rotation for the hyperplane H (72, 54)

in Example [3.6] by using the results of Theorem [3.4]

Example 3.7. According to Theorem the other bound for v, in Example [3.6
is —1. So the hyperplane H (7, 15) where 7% = (1, —2,2)T, with S = {a?, a*,a’} in

the support set, supports con(A).

Fig. [30] shows con(A) and the plane H (7, 15) in three views.
Another possibility in System (3.62)) is that all the coefficients of the variable v,

are negative, then we have:

>3 g=k+1,...,n. (3.72)
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con(A).

So, if we set:

v = max {7; j=k+1,...,n} (3.73)
defines a supporting hyperplane H(7x**1, g5+1) which contains a', ..., a*, a® where
t= argmax {%; j=k+1,...,n.} (3.74)

The following theorem presents a way to find a second supporting hyperplane

in this scenario.

Theorem 3.5. If all the coefficients of the variable v, in System are negative,
then the value for vy in System obtained from

v = min {Y; j=k+1,...,n.} (3.75)
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k

defines a supporting hyperplane H(—m 1, B¥1) which contains a', ..., a*, at where

t = argmin {"yj; j= k—l—l,...,n.} (3.76)
Proof. The proof is similar to the proof of Theorem [3.4, W

Example demonstrates this scenario. In this example we find both possible
of the rotated hyperplane by using Theorem [3.5] Example [3.8]is another possibility

in Case 4.

Example 3.8. Consider the point set A from Example , A={a' =(2,8,4)7,a> =
3,7, )T, a® = (5,4,9)T,a* = (9,5,8)T,a° = (1,2,3)T,a° = (7,1,5)T,a" = (6,3,2)T}
in 3, and the supporting plane H (7%, 11) where 72 = (3,1, —5)7, with S, = {a?,a"}

in the support set.

Fig. [31] shows the supporting plane H (72, 54) for con(A) in three views.

Fig. 31.: Three views of the supporting plane H(w?, 54) where 72 = (3,1, —5)7 for
con(A).

We define the new plane H (73, 3%) where 72 = (y1,1,7%)T and 32 = (73, a?).
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There are an equation and five inequalities and two variables. We solve this system

similar to Example then we find an upper bound —g for 5.

26

7z~ The normal of the rotated plane is

If we set v = —g, then we get v1 =
7 = (26,15, —18)T, and B3 = 165. The plane H (73, 165) is a supporting hyperplane

for con(A) with S3 = {a? a*,a"} in the support set.

Fig. . shows the supporting plane H (73, 165) for con(.A) in three views.

Fig. 32.: Three views of the supporting plane H (73, 165) where 7 = (26, 15, —18)T
for con(.A).

If we use Theorem [3.5] then the second rotation hyperplane is obtained by

setting vy = %, then we get v1 = g. So, the normal of the rotated plane is 7% =
(—3,-8,-23)T, and 32 = —88. The plane H(n®, —88) is a supporting hyperplane
for con(A) with S3 = {a? a° a"} in the support set.
Fig. . shows the supporting plane H(7®, —88) for con(A) in three views.
Two Examples and demonstrate how Case 4 can be happened.

Finally we show how Case 5 is possible. This case happens when some of the

coefficients of the variable ; in System (3.62)) be positive, and are negative for others.
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Fig. 33.: Three views of the supporting plane H (73, —88) where 7® = (-3, —8, —23)T
for con(A).

Example |3.8| shows an example of this case.

Example 3.9. Consider the point set A from Example, A=1{a' =(2,8,4)T a® =
3,7, D)7 a® = (5,4,9)7T,a* = (9,5,8)T,a° = (1,2,3)T,a% = (7,1,5)T,a" = (6,3,2)T}
in R3, and the supporting plane H(7?,153) where 72 = (17,16, —10)", with Sy =

a’,a*} in the support set.
pp

Fig. [34 shows the supporting plane H(72,54) for con(A) in three views.
We define the new plane H (73, 33) where 72 = (71,16,72)7 and 32 = (73, a?).

There are an equation and five inequalities and two variables. We solve this system

64

similar to the last example, then we find —% <7 < -5
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Fig. 34.: Three views of the supporting plane H(7?,54) where 7% = (17,16, —10)"
for con(A).

If we set v = —%, then we get v, = %6. The normal of the rotated plane is

7 = (26,15, —18)7, and 5% = 165. The plane H (73, 165) is a supporting hyperplane
for con(A) with Sy = {a?,a*,a"} in the support set. Fig. shows the supporting

plane H (73, 165) for con(A) in three views.

Fig. 35.: Three views of the supporting plane H (7, 165) where 7 = (26, 15, —18)T
for con(A).
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25°

55 - 50, the normal of the rotated plane is

If we set v, = then we get v, =
7 = (13,25, —4)T, and 3% = 210. The plane H(73,210) is a supporting hyperplane
for con(A) with S; = {a',a? a*} in the support set. Fig. shows the supporting

plane H(73,210) for con(A) in three views.

Fig. 36.: Three views of the supporting plane H(73,210) where 7® = (13,25, —4)T
for con(.A).

3.1.4 Procedure ARH pseudocode

Let a given point set A = {a',...,a"} and the supporting hyperplane H(7*, 8%) in
R™. Assume, wlog, Sy = {a!,...,a*} where 1 < k < m—1. Procedure ARH to rotate

the hyperplane H (7", 3%) is as follows.
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Procedure ARH
Input : The point set A = {a!,...,a"} € R™, a supporting hyperplane
H(m*, B¥) with S, = {a',...,a*} in the support set where k < m.
Output: The supporting hyperplane H(7*+1, 8¥*1) with Sy, in the support set
that supports con(A) at a facet.

Y

while (|S;| < m) do

Define a hyperplane H(7**1, B¥¥1) where 7*+1 = (1, ..., v, 7r’,§+1, N L)
Note, wlog, all w’,jﬂ, ..., T cannot be zero together;

Construct System 1D then find all the variables s, ...,y in terms of 7y;
Construct System 1D in terms of just one variable 7y;

Identify a bound for v1 from System ;

Set the value of the variable ;1 to the obtained bound, then find the values of

all the variables o, ..., 7vg;
k+1.

N

[=2 L B N

Set 7F =7

Update Sk by adding the new extreme point that is on the rotated hyperplane;
9 end

10 Calculate gF+1 = (gF+1 ql);

The set Sg11 has at least m extreme points of con(A). Therefore the dimension
of the face that contains these m points is m — 1, so this hyperplane contains a facet
of con(A).

Five observations about Procedure ARH are as follows:

Remark 1. There is no equation in System - if the support set of the
hyperplane H(7*, 8¥) contains just a single point.

Remark 2. In all cases, the number of equalities and inequalities is always n — 1,
whereas the number of variables depends on the dimension of the point set S, and
is equal to k.

Remark 3. Procedures ARH and FRH can be initialized by a supporting hyperplane
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H(7, B) for con(A) in R™ where

=1, and f = max ZCLHCLJEA : (3.77)
i=1

We have 7 = (1,...,1)T, so the supporting hyperplane (7, 3) contains a point from
A in which the sum of its elements is greater than the sum of the elements of any
other point in A.

Remark 4. Procedures ARH can be used to find a starting point (in the initial
tableau) in dual simplex.

Remark 5. On the complexity of Procedures ARH, if the support set of the first

supporting hyperplane has a single point from A, then one overall needs to solve

(2n—m)(m—1)
2

)(m—2)

.. . . —1 .
minimum and maximum ratio tests, and a system of (m 5 equations

to find the final supporting hyperplane.

3.1.5 Example: Using Procedure ARH to rotate a plane in 3

Consider the point set A from Example A={a' =(2,8,4)T,a> = (3,7, 1), a® =
(5,4,9)7,a* = (9,5,8)7,a° = (1,2,3)7,a° = (7,1,5)7,a” = (6,3,2)T} in N3, and the
supporting plane H(r!,22) where 7! = (1,1,1)%, with the support set S; = {a*}.
This plane and con(A) are shown in three views in Fig. [37]
We rotate this plane by applying Procedure ARH. To do that, we first define the
plane H(7?, 3%) where 72 = (v,1,1)7, and 8% = (#2,a*). Here k = 1, so System
- has no equation. We thus have a system with six inequalities and a single

variable:
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Fig. 37.: Three views of the supporting plane H(7!,22) where 7! = (1,1,1)7 for

con(A).

T
m > —<ﬁ2’d2 — gz’d4> = —83__193 =M > —g; (3.79)
"= <7Ar2,d;% : i?,d4> = _12 : ;3 —=mn= 0 (3.80)
NS _(7%2,@2% : 22,@ _ _51—_193 > 1 (3.81)
s _<ﬁ27a§% : 22’&4> _ _67—_193 > _g; (3.82)
"> _<7Ar2’d;% : i?’d4> _ _56—_193 > _; (3.83)

This generates a bound 0 for v;: v > 0.
If we set 73 = 0, then we get the hyperplane H (72, %) where 72 = (0,1,1)7,
and 3% = 13. The support set for this hyperplane contains S, = {a?, a*}. Fig.

shows con(A) and the hyperplane H (72, 13) in three views.

81



Fig. 38.: Three views of the supporting plane H (72, 13) where 72 = (0,1,1)T for
con(A).

One more rotation is needed to get a facet of con(A). To do so, we define the

plane H (73, 3%) where 73 = (71,72, 1)T, and 3% = (73, a?). There exists one equation:
(13,0®) = (7*,a*) = vp = —4y + 1. (3.84)

Here k = 2 and n = 7, so there are five inequalities:

(3 a") < (7®,a*y = —Ty; + 37, < 4; (3.85)
(3, a%) < (7,a*) = —67y; + 27, < T; (3.86)
(m3,a%) < (7 a*) = —8y; — 31, < 5; (3.87)
(13,a% < (7, a*) = —2vy; — 4y, < 3; (3.88)
(m3,a") < (7*,a*) = 3y, — 27, < 6. (3.89)

If we use the obtained 7, from (3.84]) in these five inequalities, then we get
five inequalities in terms of just the variable +; and a constant as follows: ~; >

—%, "= —%, N"n<2, 7< %, v < %. This generates the following bounds for 7;;
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1 1
9 SN <35

If we set 71 = — 15, then from (3.84)), we get 7o = 22. It yields the plane H (w3, 3%)
where 7 = (—1,23,19)7, and 3% = 258. The support set for this hyperplane includes

83 = {a', a3 a"}.

The hyperplane H (73, 258) and con(A) in three views are shown in Fig.

Fig. 39.: Three views of the supporting plane H(7?,258) where 7° = (—1,23,19)7
for con(A).

If we set v, = %, then from 1} we get 72 = —1. It yields the plane H (73, 3°)
where 73 = (1,2,2)7, and 3% = 15. The support set for this hyperplane includes
Sz = {a?,a*,a%}.

The hyperplane H (73, 15) and con(A) in three views are shown in Fig.
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Fig. 40.: Three views of the supporting plane H(73,15) where 73 =

con(A).
3.2 Procedure Full Rotation Hyperplane (FRH)

In the previous section we introduced Procedure ARH to rotate a supporting hyper-
plane for the convex hull of a finite point set from a k-dimensional face to another
face with one more dimension. Recall that both faces share k extreme points and the
landing face has one additional extreme point. In this section we present a procedure
to rotate a supporting hyperplane containing k£ extreme points that will land directly
on a facet.

Recall that we assumed, the initial support set for the hyperplane H (7", 5%),
wlog, includes Sy = {a,...,a"}, and Siy1 of the rotated hyperplane H(r*+1 gr+1)
must contain S,. We rotate the supporting hyperplane H (7", %) such that its inter-
section with con(A) is a facet and it contains at least m extreme points of the set A,
regardless of the dimension of its initial support set. To do this, we define the hyper-
plane H (7%t gE+H) where ! = (7F*1 o). 7% and 7**! will share one component.

This component must be non-zero; the rest of the component will be variables. This
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component must be non-zero. Assume, wlog, 7* is this common element. Next, we
define 7" = (v1,...,%m_1, 7 ) with m — 1 scalar variables vi,...,%m_1. The k
extreme points in the initial support set Sy will remain in the final rotation. This

defines the following k equations:
(et ady = (7F ey, =2, k. (3.90)

The remaining points a*!,... a™ will be located in the halfspace defined by

the hyperplane H (7%, 351). This defines the following inequalities:
(et ady < (mFtt oy =k +1,... 0. (3.91)

System - defines a polyhedral feasible region in ™! with as many
dimensions as the affine set defined by the solutions to System (3.90). Similar to
System - , it is the intersection of an affine set and a polyhedron defined by
the intersection of halfspaces.

Similar arguments as those in the previous section can be used to show affine set
has full dimension. So, the set of solutions to System - is not empty and
must contain an infinity of points. The set of feasible solutions to system System
- is a m — k — 1-dimensional polyhedral set with, possibly, a multitude of
extreme points. The next result establishes that an extreme point of this set defines

a facet of con(A).

Theorem 3.6. An extreme point solution to System - defines the normal

of a supporting hyperplane for a facet of con(A).
Proof. Recall that the current supporting hyperplane with S in the support set is
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a non-trivial solution to System (3.90|-[3.91)). So, System (3.90|- [3.91)) is non-empty.
We rewrite System ([3.90|) as follows:

(rF @y — (7F ey =0, j=2,... k. (3.92)

This system has £ —1 equations. We use similar arguments as those used in Theorem
?? to show that the (k— 1) x (m — 1) matrix of the coefficients of System has
full rank.

System — defines a polyhedral region in ®™~!. It is the intersection of
an (m — k)-dimensional affine set defined by System (3.90) with the m-dimensional
polyhedron defined by the feasible points in System . This itself is a polyhedron
with m — k dimensions. This polyhedron has extreme points which occur where the
affine set intersects the boundary of the polyhedron defined by System (3.91)). This
intersection is a point where m—k independent hyperplanes of the polyhedron defined
by System (3.91)) meet. There are many ways this can happen since there are n — k
inequalities System and they are all independent by our assumptions. Such a
point would be extreme to System - . Its components are the normal of
a supporting hyperplane where the number of extreme points of the convex hull in

the support is at least m and hence a facet. B

We use Theorem to formulate the following LP for rotating a supporting
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hyperplane H(m*, 3%) on the convex hull of the point set A.

n

max > @ a —a') FRH LP (3.93)
Y15y Ym—1 )
j=k+1
s.t. (rhF+had) = (rF T aly, j=2,...,k,
<7Tk+17aj> S <7rk+1’a1>; j:k+1a"'7n7
where truncated normal 7+ = (1, ..., v,_1)7, and truncated point @ = (a/,...,a, )"
for j =1,...,n. FRH LP has m — 1 variables and n — 1 constraints.

Recall that FRH LP is not empty. If the optimal value ~{,..., ¥ _, of FRH LP is
feasible and bounded, then the hyperplane H (7%, 3¥71) where 7+ = (47, ... v5 |, 7F )T
corresponds to a supporting hyperplane for con(.A) with the (m—1)-dimensional sup-

port set. In the following theorem, we prove that the optimal value of FRH LP is

bounded, so this procedure addresses the rotated hyperplane to a desired hyperplane.

Theorem 3.7. The optimal value of FRH LP is bounded.

Proof. We rewrite FRH LP as follows:

m—1 n
max al —al i 3.94
jmax 2 ]:;H( i—a) |y (3.94)
m—1
s.t. Z(a{—a})% = —(a!, —a); j=2,...,k,
i=1
m—1
(aj—ai)v-g—(afn—a}n), j=k+1,...,n.
=1
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The dual of FRH LP is:

min — Y (al, —al)\ (3.95)
A2y hn ,
7=2
s.t. (a] —a})\; = Z (a] — a}); i=1,...,m—1,
j=2 j=ht1
Aj > 0; j=k+1,...,n.

LP formulation (3.95)) is feasible if we set A; = 0 for j = 2,...,k, and \; =1
for j = k+1,...,n. Therefore, based on weak duality theorem, FRH LP is feasible

and bounded. W

3.2.1 Procedure FRH pseudocode

Consider a given point set A = {a, ..., a"} and the supporting hyperplane H (7%, 5¥)
in R™. Assume, wlog, Sy = {a',...,a*} where 1 < k < m — 1. Procedure FRH to

rotate the hyperplane H(7*, 8%) is as follows.

Procedure FRH
Input : The point set A = {a!,...,a"} € R™, a supporting hyperplane
H(m*, %) with Sy in the support set where |Sy| = k < m.
Output: The supporting hyperplane H (7*+1, 1) with S, in the support set
that supports con(A) at a facet.

1 Define the hyperplane H(7**1, B¥¥1) where 7*+1 = (v1,...,ym_1, 7% ). Note,
wlog, 7&, # 0;

2 Find optimal basic feasible solution to LP , and suppose the optimum
solution of the variables are 7}, ..., v\ _;;

3 Set mh L = (vf,... 98, )T

4 Calculate gF! = <7Tk+1, al);
5 Find out Siy1;

The support set Sgy1 includes at least m extreme points of con(A). Therefore
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the dimension of the face that contains these m points is m — 1, so this hyperplane
contains a facet of con(.A).

Three observations about Procedure FRH are as follows:
Remark 1. There are no equations in System - if the support set of the
hyperplane H(7*, 8%) contains just a single point.
Remark 2. In LP , the different objective functions may define different
facets. Individual inequalities or groups, can be the source for different objective
functions.
Remark 3. On the complexity of Procedures FRH, one needs to solve an LP with

m — 1 variables and n — 1 constraints for finding the final supporting hyperplane.

3.2.2 Example: Using Procedure FRH to rotate a plane in i3

Use the point set A from Example 3.1 A = {a® = (2,8,4)7,a® = (3,7,1)7,a® =
(5,4,97,a* = (9,5,8)T,a°> = (1,2,3)T,a° = (7,1,5)7,a" = (6,3,2)T} in R3, and
consider the supporting plane #H(7!,22) where 7' = (1,1,1)%, with the support set
81 = {a*}.

This plane and con(A) are shown in three views in Fig. [41]

We rotate this plane by applying Procedure FRH such that its intersection with
con(A) contains at last three points of the set 4. To do so, we define the plane

H(n2, %) where 72 = (71,72, 1)T and % = (72, a*). We need to solve LP:
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Fig. 41.: Three views of the supporting plane H(7!,22) where 7! = (1,1,1)7 for
con(A).

max — 307, — 5ye (3.96)
Y172
st. —Tn+3yn < 4,
— 61 +2v < T,
—dn = 7 < -1
-8 —37% < 9,
— 2y —4dy <3,
-3 —27% < 6

Notice that the objective function here is constructed by adding the six inequal-
ities. By solving this LP, we get the optimal solution ~; = —% and 75 = %. Hence
we get the plane H (72, 258) where 72 = (—1,23,19)%. This plane contains the points

a',a? a*. Fig. shows this rotation.
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Fig. 42.: Three views of the supporting plane H(7?,258) where 72 = (—1,23,19)7
for con(A).

3.3 Procedure Facet To Facet (FTF)

We introduce a procedure to rotate a supporting hyperplane for con(A) to get an-
other supporting hyperplane where the support sets of the initial and the rotated
hyperplanes are two adjacent facets of con(A). We refer to this as facet to facet
rotation.

If a hyperplane contains a facet of con(A), then it contains m points of the point
set A. Recall that we assumed there is no degenerate facet. Moreover, two supporting
hyperplanes for con(.A4) that contain two adjacent facets, have m — 1 points of A in
common. Indeed, the intersection of these two supporting hyperplanes, contains a
face of con(.A). The dimension of this face for con(.A) is m — 2. Therefore, this face
has m — 1 points of A. So, a hyperplane containing a facet of con(A) can be rotated
in such a way that the new hyperplane will share m — 1 extreme points of A and

land in a different facet.
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The first hyperplane can be calculated knowing the m extreme points of the
support facet. The second hyperplane follows from deciding which extreme point
will be replaced in the support set and identifying its replacement. The replacement
is determined by a minimum ratio calculation. The algebraic derivation has been

relegated to Appendix A.

3.3.1 Procedure FTF pseudocode

Procedure FTF for a given point set A and supporting hyperplane H (7!, 3!) in R™

is as follows.

Procedure FTF

Input : The point set A = {al,...,a"} € R™, a supporting hyperplane H(n!, 81), and, wlog,
S1={al,...,a™ 1, a™} in the support set that supports con(.A) at a facet.

Output: The supporting hyperplane H (72, 32) with S2 = {a',...,a™ 1, a*} in the support set where a
is one of the points a™*t1,.. ., a™. This hyperplane supports con(A) at an adjacent facet with
the facet that is contained by the hyperplane H (=, 81).

k

Define System (m,a’) = 1; for j = 1,...,m — 1 where 7 = (y1,...,vm)";

Find the variables ~a, ..., vm in terms of the variable ;1 from this system of equations;

Define System (m,a?) < 1; j=m,...,n;

Rewrite this system of inequalities based on one variable 1 and a constant for each inequalities;
Solve this system of inequalities to find a lower bound 'yi and an upper bound ~j* for ~y1;

D A W N

Set y1 = 'yi, find the values of the variables v2,...,vm, and name them 'yé, ...,7k.. Then define the

hyperplane H(x!, 1) where ! = ('yi, ﬁ/é, R L

7 Set v1 = 7}, find the value of the variables v2,...,vm, and name them ~,...,~),. Then define the
hyperplane H(7%, 1) where 7% = (v, 7%, ..., v%)7 ;

8 The intersection of each hyperplanes H (7, 1) and H(n%, 1) with con(A) is a facet of con(.A) such that

these two facets are adjacent. One of these two hyperplanes H (7!, 1) and H(n%, 1) is exactly the

hyperplane H(w!, 1), and other one is the rotated of the hyperplane H (7!, 1) that we name it H(72, 1);

Two observations about Procedure FTF are as follows:
Remark 1. In all cases, the number of equations is m — 1, the number of inequalities
is n — m + 1, and the number of variables is m.
Remark 2. On the complexity of Procedures FTF, one needs to do one pivot that

has (n—m+1) minimum and maximum ratio tests, and a system of (m—1) equations
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to find the final supporting hyperplane.

3.3.2 Example: Using Procedure FTF to rotate a plane in 3

Let the point set A = {a' = (2,8,4)T,a> = (3,7, )T, a® = (5,4,9)T,a* = (9,5,8)7,
a® = (1,2,3)7,a% = (7,1,5)7,a” = (6,3,2)"} in ™ from Example 3.1 and the
supporting plane H(w!,258) where 7! = (—1,23,19)7, with §; = {a',a?,a*} in the

support set. This plane and con(.A4) are shown in three views in Fig. .

Fig. 43.: Three views of the supporting plane H (7!, 258) where 7! = (—1,23,19)7
for con(.A).

We define a family of a hyperplane H(m, 1) where © = (71,72, v3)" such that a'

and a® are always in the its support set. Then, we have

5yi + 4ys + 9y = 1. (3.98)

We can solve this system of two equations to get 7, and 3 in terms of v; and a
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constant value as follows.

1 5
— — 3.99
Y2 2871 + 56 ( )
_ + L (3.100)
V3 = 771 s .

From (A.12), for five points a?,a*, a’, a®, and a” below the first hyperplane, we

have:

41 17

3+ 7(21871 te) T Cemt ) sl=ms< o (3.101)
9’71+5(1’71+5)+8(—%’}/1+1)<1:71<—L (3.102)
28 56 7 14 258’

M+ (218% gt 3(—%% + 114) l=m>- % (3.103)

v+ (218% + 556) + 5(—1—;% + 114) l=m=< %; (3.104)

671 +3<21871 Foo) 2(-%% + 114) <1 < 23—% (3.105)
This generates the following bounds for ~;:

_% < < _fls' (3.106)

So we have this lower bound, a minimum ratio, v} = —}—;. This value v} is used

to calculate the other two unknowns using System - to get 74 = 18, and
o= %. The new point is a® which along with the a' and @® define the landing
facet. We can think of the two points common to both supporting hyperplanes as
the “hinge” of this rotation. The level of this hyperplane is 1. This hyperplane is
different from the starting supporting hyperplane H (7!, 3'). We have the obtained

hyperplane H(w?, 3?) where 72 = (—17,1,11)T and 8% = 18, and its support set
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includes S; = {a',a® a°}. This plane and con(A) are shown in three views in Fig.

A4

Fig. 44.: Three views of the supporting plane H(7?, 18) where % = (—17,1,11)7 for
con(A).

The upper limit of v; from (3.106)) is 7} = —2—é8, with this we get & = %, and
V3 = %. The level of this hyperplane is also one. This is the the original starting

hyperplane H(m!, 258).

Theorem 3.8. Procedure FTF is equivalent to a dual simplex pivot.

Proof. The proof has been relegated to Appendix A. B

3.4 Conclusion

In this chapter we presented three procedures to rotate a supporting hyperplane on
the convex hull of a finite point set.

We presented Procedure ARH that relies on linear algebra operations to rotate
a supporting hyperplane on the convex hull of a point set in 1™ such that the

dimension of the support set for this initial hyperplane is fewer than m — 1. The
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support set for the rotated supporting hyperplane increases one at a time at each
iteration. Therefore a facet will be reached in m — k iterations if the dimension of
the starting support face is k.

In second procedure Procedure FRH. Consider a supporting hyperplane for the
convex hull of a point set 4. This hyperplane contains a face of con(A). The
dimension of this face for con(.A) is from 0 to m — 1. Similar to Procedure ARH, this
procedure is applied to rotate a supporting hyperplane on the convex hull of a point
set in ™ when the dimension of the support set for this hyperplane is fewer than
m — 1. To do so, we formulate an LP to find the normal and level of the rotated
hyperplane. In just one iteration, the rotated hyperplane contains the convex hull’s
facet of the point set.

The last procedure was Procedure FTF. Unlike Procedures ARH and FRH, this
procedure is applied to rotate a supporting hyperplane when the dimension of the
support set is m that is a facet. This procedure uses just linear algebra operations.
It was interesting to note how Procedure FTF is related to a dual simplex pivot.

Table [1 shows the complexity of three Procedures ARH, FRH, and FTF.

LP
System of equations | Min/Max ratio tests | Pivot
Variables | Constraints
(m=1)(m—-2) (2n—m)(m—1)
ARH — e - - -
FRH - - - m-1 n-1
FTF - - 1 - -

Table 1.: On the complexity of three Procedures ARH, FRH, and FTF.

96



CHAPTER 4

SNUG CIRCUMSCRIBING
SIMPLEXES

When the number of the extreme points is more than m+1 in m dimensions, finding
the facets of the convex hull of a point set is sometimes necessary and always hard,
certainly as the number of points and dimensions increases. There are many proce-
dures to find a polytope that contains the point set, although it might not be exactly
the convex hull of the point set. For a full dimensional polytope in m dimensions,
the minimum number of facets that contain a point set is m + 1. Such a polytope is
a simplex. Finding the facets of a simplex given its m + 1 extreme points is easy as
is the reverse; i.e. finding the extreme points of a simplex defined by the intersection
of m + 1 halfspaces.

The goal of this part of the dissertation is to construct a special simplex that
contains a given point set. These simplexes will contact a specified number of facets of
the convex hull being enclosed. This is why they are referred to as “snug”. To achieve
this, we will use what we developed about rotating hyperplanes in the previous

chapter.
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We present three procedures to find a circumscribing simplex with special prop-
erties for a given point set. This simplex is named snug circumscribing simplex,
because at least m facets of this simplex contain m facets of the convex hull of the
given point set.

The first two procedures are Axis Rotation Snug ARS and Full Rotation Snug
FRS, and these are based on the supporting hyperplane rotation ideas from Chapter 3.
These two Procedures ARS and FRS are initialized by generating a simple large simplex
that contains the point set A. We refer to this initializing simplex as PreSnug. We
explain how to find PreSnug in the next section. After generating PreSnug, we rotate
its facets, one at a time, until they intersect with a facet of con(.A). We do this for
m facets only. To do this, we use Procedures ARH and FRH from the previous chapter
respectively for two Procedures ARS and FRS. Procedure FTF to rotate from one facet
to another will be used in the event of duplication. One more step will be needed to
complete the simplex by generating its m-+1st facet. To do this we apply a procedure
based on the result of Boundedness Theorem.

The third snug simplex procedure is BreakOut Simplex B0OS. The first step of
Procedure BOS finds m different facets of con(.A). Then, by using Boundedness
Theorem, we find the last facet. These m + 1 facets correspond to our desired

containment simplex.

4.1 Generating initializing simplex: PreSnug

The first two Procedures ARS and FRS, require an initializing circumscribing simplex.

This is the purpose of PreSnug. To find a snug circumscribing simplex for a given

98



point set A, first we generate a large but simple simplex to contain A. Then we
translate its facets until they make contact the point set.

Consider the m hyperplanes each with the negative unit direction as its normal
and with a large enough value for its level. We generate another hyperplane with
normal 1, with a large enough value for its level such that all the points are in the
halfspace defined by this hyperplane. These m + 1 hyperplanes are translated until
they make contact the point set. These m+ 1 hyperplanes correspond to m+1 facets
of PreSnug. Any m combinations of these m + 1 hyperplanes intersect at a single
point. These m + 1 points correspond to the PreSnug simplex.

More formally, the first m hyperplanes of PreSnug are H(r*, 3¢) fori = 1,...,m,

where

. —1; if i=k ' ) ‘
T, = , f'=— min {af a’ € A} : (4.1)
0; otherwise
and the last hyperplane is H (7™, 3m*1) where
=1, p™! = max Zaf €Ay, (4.2)

i=1

A point set in R? and its Presnug are shown in Fig. [45
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Fig. 45.: A point set in R? and its Presnug,.

4.2 (Generating a snug circumscribing simplex with
Procedures ARS or FRS

After either of the two Procedures ARH and FRH are initialized with PreSnug. The
m PreSnug’s facets get rotated by applying Procedures ARH and FRH respectively.
As needed, we will apply Procedure FTF to make sure different facets of con(.A)
are identified. We demonstrate the details of these two procedures in the next two
sections.

Recall that, we assumed no two facets of con(A) are parallel. After generating
m snug’s facets, we can solve the following system of equations to find their common
extreme point. Assume m different hyperplanes H(x*, 3%) for : = 1,...,m contain

the first m snug’s facets. So we have:

(' yy =84 i=1,...,m. (4.3)
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To find the last facet of the snug circumscribing simplex, we solve Boundedness

LP. We use the following two theorems to define Boundedness LP.

Theorem 4.1 (Boundedness Theorem). Consider m linearly independent vectors

dt, ..., d™ in ®R™. If d™ = —Zdi,ui, where p; > 0 forv = 1,...,m, then the
i=1

positive hull of these m + 1 vectors defines R™.

Proof. Let A = [d' d* ... d™"!], and assume there exists some b in R such that
m+1

Z d'ji; = b has no solution where j; > 0 for i = 1,2,...,m + 1, therefore the
i=1

system {Ap = b, p > 0} has no solution. According to Farkas’ Lemma, the system

{mA >0, wb < 0} must have a solution. So we have

(m,d™) >0 = <7r, - zm:dmi> >0 (4.4)

i=1

= Zui(ﬂ, d") <0. (4.5)
i=1
On the other hand, since d*, d?, ..., and d™ are linearly independent vectors, at

least for some k € {1,2,...,m}, (m,d*) > 0, therefore Z (m,d") > 0 and we know
i=1

pw >0, so Z pi{m,d") > 0. This is a contradiction. W

i=1

Theorem 4.2 (Full Body Theorem). Consider a point set G = {g*,...,¢"} in
K™, and a polyhedron P = {y | {¢’,y) < V; j = 1,...,£}. The polyhedron P is

bounded if and only if the positive hull of the point set G spans R™.
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Proof. First we prove that if the positive hull of the point set G defines R™
(pos(gt, ..., g% = R™), then the polyhedron P is bounded. When pos(g!, ..., g¢") =
R™ it is equivalent to the system of equations {Vb € R™ : i P =b | py >
0; j = 1,...,¢}, which is equivalent to {Vb € R™ : Ap :]:l; | © > 0}, where
A=[g'...g"]and = [p; ... pe)". This system has a solution, so based on Farkas’
Lemma, the system {Vy € R™ : ATy > 0, bTy < 0} has no solution. Recall that,
the polyhedron P is bounded if and only if there does not exist a solution for the
system {ATy <0, y # 0}. In the system {Vy € ®™: ATy >0, bTy <0}, y=0is
the only solution to ATy > 0. Since, otherwise there exists some b such that b'y < 0.
It means System {(¢’,y) <¥’; j=1,...,¢} is bounded.

To prove the reverse direction, consider when obtained polyhedron by system
{{¢’,y) <¥; j=1,...,¢}is bounded, then the homogeneous system { ATy < 0, y #
0} has no solution. According to Farkas’ Lemma, the system {Vb € R : Au =" |

g > 0} has a solution. Therefore, pos(g,...,¢°) = R™. W

To get the last facet of the snug circumscribing simplex, we define a hyper-
plane H(m, 3). The points a', ..., a™ should be located in a halfspace defined by the

hyperplane H(w, 5). So, wlog, we have the inequalities
) <B j=1...n (46)

We need to assure all m + 1 hyperplanes correspond to m + 1 facets of a full

dimension polytope (simplex) in R™. Thus, according to Boundedness Theorem, we
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need to have
T=— Zﬂiui, (4.7)
i=1

where p; > € for e = 1,...,m, and small positive value e.
The optimal solution of the following LP corresponds to a new hyperplane

H(m™ L g™ that contains the last facet of the final simplex.

n

max Z <<7r, a’) — B) Boundedness LP

TERM
pER™M B 7=1

st. (mal) < B j=1,...,n,
= —Zﬂiﬂu
i=1
i > €; 1=1,...,m.
There are overall 2m + 1 variables my, ..., 7mn, 5, 41, - - -, fbm, and 2m + n con-

straints. In the next theorem, we prove that how this LP derives the desired results.

Theorem 4.3 (Boundedness LP Theorem). The optimal solution © and 5 of
Boundedness LP corresponds to the normal and the level of a supporting hyperplane

for con(A) being the last facet of the final simplex.

Proof. Boundedness LP is feasible if we set m = —+ Z 7', f = max {{(—+ Z 7' al) |
i=1 i=1

j=1,...,n}, and pu; = % for i = 1,...,m. Notice that the normal of the obtained

hyperplane in this feasible solution is the negative barycenter of the obtained cone

from the normals of the m hyperplanes H(7*, 3%) for i = 1,...,m.

Zero is an upper bound for Boundedness LP. To indicate this, it is enough to
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sum all inequalities of the first set of the constraints. H

Boundedness LP has 2m + 1 variables. So, its optimal solution has at least
2m + 1 binding constraints. Boundedness LP has three sets of the constraints. The
second and third sets of the constraints have 2m constraints together. Therefore
at least one constraint from the first set of the constraints is binding. We conclude
that the obtained hyperplane makes contact with con(.A). This hyperplane definitely
contains a face of con(.A). This contained face may be a facet of con(A).

There is an important observation in Boundedness LP that we are able to find

the last facet of snug circumscribing simplex without using an LP as follows:

Remark. If we set 7 = —%Zﬂi, [ = max {(—%Zﬂi,aﬂ |j=1,...,n}, and
i = % fori=1,...,m, thenl:vle have a feasible soluéi:oln the Boundedness LP that
yields a bounded simplex.

We prefer to use the optimal solution to the Boundedness LP, because of the

hope that the last supporting hyperplane will support the convex hull at a higher

dimensional face.

4.3 Procedure Axis Rotation Snug (ARS)

The first step of this procedure is to generate PreSnug. Assume the m-+1 hyperplanes
H(m,8Y),i=1,...,m+ 1, contain the m + 1 facets of PreSnug.

The next step is to apply Procedure ARH to rotate m hyperplanes of these m + 1
hyperplanes until they make contact m facets of con(A). We check for duplicate
facets after each rotation. If there exists a duplicate facet, we perform Procedure

FTF and rotate to an adjacent facet. We do this until the duplication is gone. The
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m rotated hyperplanes that contain m different facets of con(A), correspond to m
facets of a snug circumscribing simplex.
The last step is to construct Boundedness LP to find the last facet of the snug

circumscribing simplex.

4.3.1 Procedure ARS pseudocode

Finding a snug circumscribing simplex by using Procedure ARS for a given point set

is as follows.

Procedure ARS
Input : A point set A= {a',...,a"} € R™.
Output: A snug circumscribing simplex for A.

1 Generate PreSnug: Assume PreSnug’s facets are contained by the hyperplanes
H(w, B*) with S; in the support set fori =1,...,m+ 1;

2 for i <~ 1 to m do

3 Use Procedure ARH to rotate H(n%, 3%) on a facet of con(A);
4 Update S;;

5 Set j =1;

6 while (j < i) do

7 if (H(r",B") =H(x?,57) ) then

8 Use Procedure FTF to rotate H (7", 8*) on another facet of con(.A);
9 Set j = 0;

10 end

11 Set j =4+ 1;

12 end

13 end

14 Solve Boundedness LP for the variables 7, £, and u;
15 The optimal solution of variables 7™+ and ™*! correspond to the normal and
the level of the last facet respectively;

These m + 1 obtained hyperplanes H(x%, 3") for i = 1,...,m + 1 contain m + 1

facets of a snug circumscribing simplex for the point set .A.
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Four observations about Procedure ARS are as follows:

Remark 1. The m facets of the snug circumscribing simplex contain m different
facets of con(.A), and the last facet contains a face (may be a facet that is different
from the previous m found facets) of con(A).

Remark 2. Procedure ARS just uses an LP formulation to find the last facet. Other
facets are found by linear algebra operations.

Remark 3. According to Remark at the end of the previous section, Procedure ARS
can find a snug circumscribing simplex using only algebra operations (without using
an LP).

Remark 4. Assume to find a snug circumscribing simplex for a certain point set

by applying Procedures ARS, it does not need to use Procedures FTF. Then on the

m(2n—m)(m—1)

5 minimum and

complexity of Procedures ARS, one overall needs to solve

m—1)(m—2)

maximum ratio tests, a system of m( — equations, and an LP with 2m + 1

variables and 2m + n constraints to find the final snug circumscribing simplex.

4.3.2 Example: Using Procedure ARS to find a snug circum-
scribing simplex for a finite point set in R3

Recall that we assumed the convex hull of a point set has no degenerate facet. All
examples in Chapter 3, we considered this assumption. Here in this example, we

demonstrate how to use ARH in the case of having degenerate facet.

Consider the point set A = {a' = (1,4,2)T, a®> = (3,1,5)T, a3

(2,2,3)7, a* =
(2,5,6)7, a® = (4,3, 1)7, a8 = (3,5,4)T, a" = (9,3,2)T} in R°.

The initializing PreSnug simplex is characterized by the following four hyper-
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Fig. 46.: Three views of a point set and its convex hull in 3 with 7 extreme points.

planes:

H(rh, B — et =1 (4.8)
H(w?, B?) -2 =-1; (4.9)
H(m, 5°) : —ef=-1; (4.10)
H(x*, BY) ettt = 14 (4.11)

with four support sets §; = {a'}, S = {a*}, S3 = {@°}, and S4 = {a"}. The

following figure shows three views of PreSnug that contains con(A).

Fig. 47.: Three views of the same PreSnug for the convex hull of eight points in R3.

Procedure ARS begins by rotating one of PreSnug’s hyperplanes. Just recall

that to rotate a supporting hyperplane H(7, 5) on the convex hull of a point set
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A={a',...,a"} € R™ wlog, with S = {a'} in the support set by using Procedure

ARH, we first define @ = (71,2, ..., mm)". When o] —al # 0 for j = 1,...,n, we

have:
S _ <fvaijl>_:i§_’al>; 1f a,{ - CL% < 0;
> <ﬁvaj>7<fval> . f .7 1 . ( )
= —W7 1 CLl — CLl > O,

where T = (my,...,mn)7, and @ = (a},...,a )" for j = 1,...,n. This system of

inequalities generates at least a bound for ;. If we set v; to this bound, the obtained
hyperplane with the normal 7 and the level B = (7, a') corresponds to a supporting
hyperplane for con(.A) such that contains a! and another point of A.

To rotate the first hyperplane H(w!, 8'), we define 7t = (—1,71,0)7. So we

have:

< ) o > - AL OO DO =062y
(#.a%) < (7,0 = 5 > - X (O)Eig — 52_)1)@ =LV —%; (4.14)
Fat) < (7 al) sy < — DD (O)Ei; - E5—)1)(2) —O6) _ . (415
(7, < (7 al) = o > — DU mﬁ; — E;)DM) O _ 5 e
(7 a%) < (70} gy < — DD (O)Eii - ES—)I)(?O —O@ _ o g
(7#,a") < (7', a') = 3 > _EDW (O)Ei; : 2;)1)(9) — 0@ _ —8.  (4.18)

This generates the following bounds for 7y; —1/2 <~ < 1.

So we have the lower bound, a minimum ratio, is —1/2 for ;. If we set 7y, =
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—1/2, we get the hyperplane H(7'%, —6) where 'l = (=2, —1,0)7 with the support
set Si = {a',a*}.

The upper bound, a minimum ratio, is 1 for v;. By setting v; = 1, we get the
hyperplane H(7'V, 3) where 7'V = (1,—1,0)T with S;y = {a!,a*} in the support
set.

The dimension of the support set of the hyperplane H(7't, —6) for con(A) is 2.

To rotate this hyperplane using ARH, we define 7' = (—2,7;,v2)T. Thus, we have:

(7 a?) < (7 a') = -3y +31 < 4 (4.19)
(76 < (7 a')y = 2y + = 2 (4.20)
(7o) < (7l a') =  yt+dp < 2 (4.21)
(7 6a®) < (7 a')y = — 1 — 1< 6 (4.22)
(7 a®) < (7l a') = 42 < 4 (4.23)
(7 o™y < (7)) = — 7 < 16. (4.24)

From, we get vo = 21 + 2. If in all the inequalities we set v5 = 2v; + 2,
then it generates the bounds; —8/3 < v < —2/3.

For a lower bound 7y = —8/3, we get 75 = —10/3. It yields the hyperplane
H(mE —29) where 71l = (=3, —4, —5)T with the support set Siz; = {a', a?, a’}.
This hyperplane contains a facet of con(.A) that contains three points a',a® and a.

When we set 71 = —2/3, an upper bound for 7, then we get vo = 2/3. This
corresponds to the hyperplane H (7Y, —5) where 7'V = (=3, —1,1)T with Sz =
{a',a? a® a'} in the support set. This hyperplane contains a facet of con(.A) that

2

contains four points a',a?,a® and a*. By rotating the hyperplane H (7Y, 3), we get
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two supporting hyperplanes H (7Y%, 20) and H (7YY, —5) where 7'Vt = (-2, 6, —1)T
and 7YY = (=3,-1,1)T with Siyr = {a',a*,a%} and Sipy = {a',ad? a3 a’} in
their support sets. Among these four rotated hyperplanes, we select the hyperplane
H(m'UV, —5) to be a hyperplane containing a facet of the final snug circumscribing
simplex.

By using Procedure ARH to rotate the hyperplane H (72, —1), we get four hy-
perplanes H (w25l —5), H(m* YV —7), H(w?VE —65), and H(7?YY,169) where il =
(=3, —1,1)7, 72V = (0, -2, —1)T, 72UL = (2,21, —10)7, and 72U = (14, —3,26)"
with Sorp = {a',a? a3, a*}, Sory = {a?, a3,a°}, Soyr = {a?,a° a"}, and Syyy =
{a?,a*,a™} in their support sets. Among all these hyperplanes, we pick up the

2LL _5) as the hyperplane that contains a facet of the final snug

hyperplane H (7
circumscribing simplex.

Finally, rotating the hyperplane H(7®, —1) by using Procedure ARH, can yield
four different hyperplanes H (w350, —29), H(m3EY | 23), H(m3VE, —65), and H(m3UY | 23)
where m3F = (=3, —4, —5)T, w3tV = (1,8, —5)T 73U = (2, -21,—10)7, and 73V =
(1,8, —5)7 with S3zz, = {a', a3, a°}, Sspp = {a',a®,a% a"}, Sspr = {a?,a®,a"}, and

6 a"} in their support sets. We keep the hyperplane H(m3VY 9) as

Sspy = {a',ad® a
the hyperplane that contains a facet of the final snug circumscribing simplex.
Therefore, we have three hyperplanes H (7Y, —5), H(7?LE, —5), and H(73UY, 9)
that contain two facets of the final snug circumscribing simplex. The hyperplanes
H(7YY —5) and H(w?FL, —5) correspond to the same facet of con(A). In this

case, we use Procedure FTF to rotate one of these two hyperplanes H (7YY, —5) and

H(m?LE —5). We select H(m*LL, —5). The support set of the hyperplane H (725, —5)
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contains four extreme points. This is a degenerate facet. We need to select two ex-
treme points from the support set S, to locate in the next rotated hyperplane using
Procedure FTF. This is 4-choose-2. There are 6 different possibilities. Not all these
possibilities can be conducted to rotate the hyperplane H (7?5, —5) using Procedure
FTF. If two selected points to locate in the next rotated hyperplane are adjacent,
then using Procedure FTF yields a new hyperplane containing a facet of con(.A4). We
select two adjacent points a? and a* to be in the support set of the next rotated
hyperplane. We define a family of a hyperplane H(m, 1) where m = (71, 72,73)". So

we have the system of equations:

(m,a®) =1=3y+ Y +5y=1; (4.25)

(m,a*) =1 =2y, + 575 + 673 = 1. (4.26)

We can solve this system of equations to get v, and <3 in terms of 7; and a

constant value as follows:

8 1
= == 4.2
Y2 1971 19’ ( 7)
13 4
= —— — 4.2
V3 TR (4.28)

Next, for other points a',a®, a®, a% a” below the hyperplane H (7Lt —5), and
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considering System (|4.27] - 4.28)), we have the system of inequalities:

3

(ma'y <1= 7y +4ypn+23<1= < 35 (4.29)
3

(m,6®) <1 =271 +2%+33<1=my < 5; (4.30)
5 9
8

(7T,a6> <1l=3N+5pt+4d;<1l= < E; (4.32)
14

(r,ay <1=97+31+23 < 1= < 60" (4.33)

This generates an upper bound for ~; v < 14/169.

Therefore we use this value v; = 14/169 to calculate the other two unknowns
using System - to get 79 = —3/169 and 3 = 26/169. This is a new
hyperplane H(#,169) where # = (14, —3,26)7, and its support set includes S =
{a? a*, a™}.

So three hyperplanes H (7!, —5), H (7?2, 169), and H(73,9) where 7! = (=3, —1, 1),
72 = (14,-3,26)T, and 7® = (1,8, —5)T contain three facets of the final snug cir-
cumscribing simplex.

To find the last facet of the final snug, we use Boundedness LP for e = 0.01 as
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follows:

max 24m + 23wy + 2373 — 70 (4.34)

TeER3,
HER3,B

s.t. w4 4wy + 213 < 5,
3m+ me+5my < B,
211 + 2wy + 3wy < 3,
211 + by + 63 < 3,
4 + 3my + w3 < 3,
3m + by + 4w < 3,
91y + 3my + 273 < 3,
m o= 3 — 1dps — pg,
T = p1+ 3up — 8us,
T3 = —p1 — 26412 + Suz,

1 > 0.01; i=1,2,3.

By solving this LP, we get the optimal solution 7] = 0,75 = —0.23451, 75 =
0.117255, 8% = —0.820784, ;¢ = 0.060196, 15 = 0.01, 1 = 0.040588. So we get the
hyperplane H(n*, —7) where 7t = (0, —2, —1) with S; = {a?,a?,a°} in the support

set. Fig. 48 shows how final snug circumscribing simplex contains con(A).
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Fig. 48.: Three views of the final snug circumscribing simplex obtained by applying

Procedure ARS.

4.4 Procedure Full Rotation Snug (FRS)

In Procedure FRH, similar to Procedure ARH, first we generate PreSnug for the given
point set. Assume all m+ 1 hyperplanes H(w?, 37) for j = 1,...,m+1 contain m+1
facets of PreSnug. Then, select m hyperplanes among all these m + 1 hyperplanes
and perform Procedure FRH to rotate them such that each of them contains a facet
of con(A). The procedures to avoid having duplicate hyperplanes, and finding last

facet of the final snug circumscribing simplex are the same as Procedure ARS.

4.4.1 Procedure FRS pseudocode

Recall that to rotate a hyperplane H (7", %) with, wlog, S, = {a',...,da*} in
the support set, we define a hyperplane H (7%, g5+1) where 7%t = (y1,..., %,
TF. 1., mr) where all the constant values are not zero together. Then, the optimal

solution of the following LP formulation yields the normal of the rotated hyperplane
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%(Wlwl’ /Bk+1)'

n

max Y (7" ol —d) FRH LP
Y15k )
j=k+1
st (7t ad) = (7T Aty j=2,...,k,
(kL ad) < (rk oty j=k+1,...,n.

Finding a snug circumscribing simplex by using Procedure FRS for a given point

set 1s as follows.

Procedure FRS
Input : A point set A= {a',...,a"} € R™.
Output: A snug circumscribing simplex for A.

1 Generate PreSnug: Assume PreSnug’s facets are contained by the hyperplanes
H(n?, %) with S; containing the extreme points of A from its support set for
i=1,....m+1;

2 for i + 1 tom do

3 Use Procedure FRH to rotate H (7', 3°) on a facet of con(A);
4 Update S;;

5 Set j =1;

6 while (j < i) do

7 if (H(r",B") =H(x?,57) ) then

8 Use Procedure FTF to rotate H (7", 8*) on another facet of con(.A);
9 Set j = 0;

10 end

11 Set 7 =7+ 1;

12 end

13 end

14 Solve Boundedness LP for the variables 7, £, and u;

The optimal solution of variables 7! and g™*! correspond to the normal and
the level of the last facet respectively;

=
(S
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Three observations about Procedure FRS are as follows:

Remark 1. The m facets of the snug circumscribing simplex contain m different
facets of con(.A), and the last facet contains a face (may be a facet that is different
from the previous m found facets) of con(A).

Remark 2. There is needed solving an LP to find each facet of the snug circum-
scribing simplex, and overall the m + 1 LPs.

Remark 3. Assume to find a snug circumscribing simplex for a certain point set
by applying Procedures FRS, it does not need to use Procedures FTF. Then on the
complexity of Procedures FRS, one overall needs to solve m + 1 LPs that each of the
first m LPs has m — 1 variables and n — 1 constraints, and the last LP has 2m + 1

variables and 2m + n constraints to find the final snug circumscribing simplex.

4.4.2 Example: Using Procedure FRS to find a snug circum-
scribing simplex for a finite point set in R3

Consider the point set A = {a! = (1,4,2)T, a®> = (3,1,5), a® = (2,2,3)T, a* =

(2,5,6)7, a® = (4,3, )T, a® = (3,5,4)T, a" = (9,3,2)T} in R* and its PreSnug

from last example. To rotate the first hyperplane H(m!, —1) of PreSnug where 7! =

(—1,0,0)T with the support set S; = {a'} by using Procedure FRH, we define the

hyperplane H (7!, '), and parametrize 7' = (—1,7,72)7. We thus have the FRH
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LP:

max — 5y, + 9y (4.35)

V1,72

st. —31 +3n <2
—2m+ 2 <1,

M +dy <1,

- M- 7 <3,
M+ 27 <2,

- M <3.

We get the optimal solution ] = —% and v; = % These values drive the hy-
perplane H (7!, 1) where 7' = (=3, —1,1)T and 8! = —3, with S; = {a', a2, a?, a*}
in the support set.

We use the same way to rotate the second hyperplane H (72, —1) of PreSnug
where 72 = (0,—1,0)7 with the support set S = {a?}, and third hyperplane
H(w3, —1) of PreSnug where 73 = (0,0, —1)7 with S, = {a®} in the support set. We
then get the supporting hyperplanes H(72, %) and H(73, %) where 72 = (2, —21, —10)7,
3 = —65, @ = (1,8,—5)7, and /® = 23, with S, = {a?dd"} and S; =

6 a"} in their support sets.

{a',ad° a
Finally, we use Boundedness LP to find the last hyperplane H (7, 34) where
74 = (14, -3,26)T and ' = 169, with the support set Sy = {a?, a*,a"}.

The final snug circumscribing simplex and con(A) is shown in Fig. [49]
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Fig. 49.: Three views of the final snug circumscribing simplex obtained by applying

Procedure FRS.

4.5 Procedure Breakout Snug (B0S)

In this procedure we identify faces of the convex hull of a point set A = {a', ..., a"}
in R™ to find a circumscribing simplex. An assumption for the procedure is that
con(A) contains origin. The points in A can be translated such that the convex hull
contains origin. We will assume that is already the case.

Recall the dual of the Gauge LP from ([2.21)) placed here again:

max (m,b) Dual Gauge LP (4.36)
TER™
s.t. (m,a’) < 1; j=1,...,m

for some 0 # b € R™. The Gauge LP is feasible and bounded (Theorem 2.1)). An
optimal solution, 7* to this LP, is the normal of a hyperplane supporting con(.A4).
If the optimal solution is basic, the supporting hyperplane contains a facet of the
convex hull.

The following two results will be used in the procedure. Let P be a polyhedron

with r facets the normals of which are 7!,..., 7" in ™.
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Theorem 4.4. The normals of the facets of P positively span R™ if and only if P

is a full-dimensional bounded polyhedron.

Proof. Assume r hyperplanes H(n7, 37) for j = 1,...,r contains r facets of P. The

polyhedron P is:
P={yeR"|(r,y) < B j=1,..1}. (4.37)

We first prove that if pos(7!, ..., 7") = R™, then P is a full-dimensional bounded
polyhedron. When pos(w!, ..., 7") = R™, the system
dowN=0b,A>20 j=1,....7 (4.38)
j=1

has a solution for any b € ™. We rewrite this system as

[T\ = 0b;
System I = (4.39)
A >0,

where IT = [r!... 77 and A = [A\; ... \,|T. By Farkas’ Lemma,

y' I > 0;
System II = (4.40)

by <0,

cannot have a solution. No solution to System II means there is no non-trivial
solution to the homogeneous system in which means no unbounded ray is
possible in the polyhedron must be bounded.

To show the converse we note that if the positive hull of the vectors pos(wt, ..., 7")
do not span R™ then for some nonzero b, System I has no solution and System II

can be solved for that b. This solution provides a direction of recession for P.
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An immediate corollary of Theorem is this:
Corollary 4.1. The normals of the m + 1 facets of a full-dimensional bounded
simplex positively span R™.

Recall that the normals of the m+1 facets of a full-dimensional bounded simplex
form an affinely independent set.

The third and last procedure for circumscribing simplexes, BOS relies on these
and other geometrical properties. The idea is to generate a sequence of m + 1
hyperplanes each supporting a face of con(.A) in a part of the polytope that is far
away from the previous faces. All this is an attempt to capture as much of the
geometry of the convex hull. To this end, new supporting hyperplanes are generated
one at a time so that each normal is in the polar of the cone of normals of all previous
supporting hyperplanes until there are m + 1 of them. The polar cone is, in a sense,
an extreme geometric counterpart to the original cone since it is in the region of
the space were vectors are beyond their orthogonals. The more encompassing the
generating cone, the narrower its polar; and vice-versa. Each iteration of BOS will
generate a hyperplane by adding one new “polarity” constraint to the Dual Gauge
LP in (4.36) in addition to the original support constraints. This requires modifying
the Dual Gauge LP in (4.36) at every one of m iterations by adding a “polarity”
constraint.

The following result establishes the validity of Procedure BOS.

Theorem 4.5. Consider m + 1 vectors in R™ : «t, ... 7™t such that the first m
are linearly independent and 7 € pos*(wt,... 7" 1); k =2,...,m + 1, where pos*
is the polar cone. Then, pos(w!,..., 7™ = R™,

120



Proof. Suppose pos(m!, ..., 7)) £ R™.  Then by Farkas’ Lemma the following

system has a non-trivial solution.
(mF )y <0, k=1,...,m+1.

This means there exists a hyperplane through the origin that supports the cone gen-
erated by the m+1 vectors. One such solution defines a supporting hyperplane which
contains m — 1 of these vectors. Assume, wlog, this supporting hyperplane contains
the first m —1 of the vectors. Since the first m vectors are linearly independent, 7™ is
left off the hyperplane. Consider the two-dimensional cone pos(7™, #™1). The angle
between these two vectors is greater than 90° by construction. Then, necessarily 7™
must have an angle less than 90° with the supporting hyperplane and hence with all
the other vectors. This contradicts that 7" is in the polar of the previous m — 1
vectors and therefore rejects the possibility that pos(r!, ..., 7™"1) £ R™ under the

premises of the theorem. W

To find the k* normal 7% of a hyperplane H(7*, 1) that contains a facet of the

snug circumscribing simplex where 2 < k < m + 1, we form the LP:

k-1 )
max Z <— il 7r> Polar Cone LP (4.41)

meR™ 7]
1=
st. {a/,m) < 1; j=1,...,n,

(r', ) <0; i=1,...,k—1.

The optimal solution of this LP 7* yields the normal of a new facet that we have

not met before. Therefore we get m + 1 hyperplanes H(7*,1) for k =1,...,m + 1
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that contain m + 1 facets of the final circumscribing simplex.

4.5.1 Procedure B0OS pseudocode

The pseudo-code of Procedure B0OS for a given point set A that contains origin is as

follows.

Procedure B0OS
Input : A point set A = {a',...,a"} € R™.
Output: A circumscribing simplex for A.

1 Choose an arbitrary point b € R&"™;
2 The optimal solution 7! of Dual Gauge LP in is the normal of a hyperplane
H(rw!, B!) that contains a facet con(A);

3 for k< 2tom+1do
The optimal solution 7* of Polar Cone LP, , is the normal of a new
supporting hyperplane H(7*, %) that contains a facet of the final
circumscribing simplex;

5 end

The m + 1 hyperplanes H (7%, %) for k = 1,...,m + 1 contains m + 1 facets of
the final circumscribing simplex.

Four observations about Procedure BOS are as follows:
Remark 1. All the facets of a final circumscribing simplex support con(.A), and at
least one facet (the first founded facet) of the final circumscribing simplex contains
a facet of con(A).
Remark 2. There is needed solving an LP to find each facet of the circumscribing
simplex, and overall the m + 1 LPs.
Remark 3. It is possible that one of the polar hyperplane’s normal is generated by
Polar Cone LP is not linear independent from the previous ones.

Remark 4. On the complexity of Procedures BOS, one overall needs to solve m + 1
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LPs that each of them has m variables and the it» LP has n + ¢ — 1 constraints for

t=1,...,n4 1 to find the final circumscribing simplex.

4.5.2 Example: Using Procedure B0S to find a circumscrib-
ing simplex for a finite point set in R3

Consider the point set A = {a! = (1,4,2)7, a®> = (3,1,5)7, a® = (2,2,3)T, a* =
(2,5,6), a® = (4,3, )T, a% = (3,5,4)T, a" = (9,3,2)T} in N3 from the first exam-
ple. The polytope con(A) does not contain the origin. To use Procedure BOS, we
translate A4 such that the origin is contained by con(A). Consider translated point set
A={a'"=(-4,1,-1)7,a% = (-2,-2,2)7,a* = (-3,-1,0)7,a* = (-3,2,3)7,a° =
(—1,0,-2)T,a% = (=2,2, )T a" = (4,0,—1)T}.
To find the first facet of a circumscribing simplex, we select a point b = (=5, 1, —2)%,

and construct Dual Gauge LP in (4.36). So, we have:

max — 5w + 7o — 273 (4.42)
TER3

st. —4dm+ m— w3 <1,
— 21 — 2mo 4+ 2m3 < 1,
—3m — ma <1,
—3m + 2me + 37wy < 1,

- m —2m3 <1,
—2m +2m + w3 <1,
47 — w3 <1.

The optimal solution of this LP yields the hyperplane H(n!,13) where 7! =
(=3, —4,—5)T, with S; = {a',a*,a’} in the support set. This hyperplane contains a

facet of the final circumscribing simplex.
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To find the second facets of the final circumscribing simplex, we construct Polar

Cone LP in (4.41])).

3 4 5
Hé%e}g \/%7['1 + \/%772 + \/%7['3 (4.43)
st. —4dm + my— w3 <1,
— 21 — 2w 4+ 2m3 < 1,
—3m — o <1,
—3m +2m 4+ 3m3 < 1,
- m — 2mg < 1,
—2m +2m 4+ w3 <1,
4m - m3 <1,
—3m — 4wy — By < 0.

The optimal solution yields the hyperplane H (7%, 30) where 72 = (14, —3,26)7,
with S, = {a2,a*,a"} in the support set.
We found two facets of the circumscribing simplex so far. We need to find two

more facets. To find the third facet, we construct Polar Cone LP in (4.41]), by having
two hyperplanes H(w!,13) and H (72, 30) as follows:
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3 14 4 3 5 26
max (\/ﬁ - E)M + (\/ﬁ + \/ﬁ)m + (\/@ - \/@)WS (4.44)

st. —4dm+ m— w3 <1,
— 21 —2mo 4+ 2m3 <1,
—3m — mo <1,
—3m +2me + 3m3 < 1,
- m — 2m3 <1,
—2m +2m + wy <1,
4y - m <1,

—3m —4me — by <0,
147 — 3mg + 2673 < 0.

The optimal solution of this LP yields the hyperplane H(73,9) where 73 =
(1,8,—5)T, with S; = {a',a’,a® a’} in the support set.

Finally, to find the last facet, we construct Polar Cone LP in (4.41)) as follows:

3 14 1 4 3 8 5 26 5
max (\/%_\/&ﬁ_\/%)ler(\/%Jr\/@_\/%)MJF(\/%_\/@JF\@T)()W’)
4.45
st. —4dm+ m— m3<1,
—27T1—27T2+ 27T3§1,
—3m — w9 <1,
—3m +2m + 3wy < 1,
- m — 273 <1,
—2m +2me+ w3 <1,
47y - m3 <1,

—37‘1’1—47‘1’2— 57T3§0,
147T1 — 37T2 —1—267'('3 < 0,
m + 8mo — 5wy < 0.
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This LP yields the last hyperplane H (7%, 10) where n* = (=3,—1,1)T, with
Sy = {a',a? & @'} in the support set.

We found the four facets of a circumscribing simplex that this simplex contains
COH(./Nl). If translate back the point set to the original place, the four hyperplanes
H(mt,29), H(n?, 169), H(n?,23), and H(r?, —5), where 7! = (=3, -4, —5)T, 7% =
(14,-3,26)T, 7 = (1,8,-5)T, and 7* = (=3,—1,1)T, contain four facets of the
final circumscribing simplex that contains con(A). The support sets of these four
hyperplanes include S; = {a!,a?,a%}, Sy = {a?a*,a"}, S3 = {a',d® a% a"}, and
Sy = {a',a? a3, a*} respectively.

In Fig the obtained circumscribing simplex by this procedure is illustrated

in three views.

Fig. 50.: Three views of the final circumscribing simplex obtained by applying Pro-

cedure BOS.

In this example, the four facets of the final circumscribing simplex contain the
four facets of con(.A). As we mentioned earlier in this section, it does not happen

always.
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4.6 Conclusion

In this chapter we present three Procedures ARS, FRS, and BOS to find a circumscribing
simplex for a finite point set.

To apply two Procedures ARS and FRS, we first initialize it with PreSnug. To do
so, we use linear algebraic operations to find PreSnug. Then, by applying Procedures
ARH and FRH in Procedures ARS and FRS respectively, we rotate m hyperplanes con-
taining m facets of PreSnug such that rotated hyperplanes contain m facets of the
convex hull of the point set. If there exists duplicate facets, then we use Procedure
FTF to rotate it. Finally, we apply Boundedness LP to find the last facet of a snug
circumscribing simplex.

Procedure BOS uses polar cone’s properties and Gauge LP to find a circumscrib-
ing simplex.

Table [2[ shows the complexity of three Procedures ARS, FRS, and BOS when they

do not need to use Procedure FTF.

System of equations | Min/Max ratio tests (rows) XLiolumns)
ARS | mx (W) m x <w> (2m+n) x (2m+1)
FRS - - (@em+n) x 2m+1)) + Z ((n—1) x (m—1))
T =1
BOS - - > (n+i—1) x (m)
i=1

Table 2.: On the complexity of three Procedures ARS, FRS, and BOS.
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CHAPTER 5

COMPUTATIONAL
EXPERIMENTS

In this chapter we present comprehensive numerical experiments for all the pro-
cedures developed in Chapters 3 and 4. To reveal how rotating hyperplanes and
circumscribing simplexes procedures perform, we implement, test, and report the
results for the procedures a large and varied suite of test data in the form of point
sets. In this chapter, we discuss about different procedures for rotating a hyperplane
or finding a circumscribing simplex, regarding the computational time (seconds).

We test and report the results for the procedures with the 24 different point sets
in dimensions m = 5, 10, 15, 20, with cardinalities n = 100, 1000, 2500, 5000,
10000, 25000. Note that all the points in each point set are extreme points for their
convex hull.

We report the results in two sections for two separate topics. There are two
collections of figures in each section. The first has four figures where each one
demonstrates a comparison between time versus dimension (m = 5, 10 , 15, 20)

for the procedures. There are seven figures in the second collection where each figure
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presents a comparison between time versus cardinality (n = 100, 1000, 2500, 5000,
7500, 10000, 25000) for the procedures.

The experiments were conducted on an OS X Yosemite machine with 3 GHz Intel
Core i7 and 16 GB 1600 MHz DDR3 RAM. All the procedures were implemented
in C and we used GNU - GSL version 1.2 to perform all the matrix operations. All
LPs were solved with Gurobi 6.5.0.

5.1 Results and analysis for hyperplane rotation

We presented three procedures in this topic of the dissertation. Let the point set
A= {a',... ,a"} in R™. Recall that from Chapter 3, Procedures ARH and FRH can
be initialized by a supporting hyperplane #H (7, B) for con(A) in R™ where

7 =1, and § = max Zag

i=1

ad €Ay, (5.1)

We have @ = (1,...,1)T, so the supporting hyperplane H (7, ﬁN) contains a point
from A in which the sum of its elements is greater than the sum of the elements of
any other point in A.

We rotated the hyperplane H(7, B) on the convex hull of 24 point sets by ap-
plying the two Procedures ARH and FRH.

Recall that in Procedure ARH, we do not solve LPs and only apply algebra
operations and that the number of the extreme points from A in the support set for
the hyperplanes increases at least one at a time (in all our experiments it increased
exactly one). Consider a supporting hyperplane containing k points of A. To rotate

this hyperplane such that it contains a facet of con(A), there are needed m — k
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iterations at most.

If we apply Procedure FRH to rotate a supporting hyperplane on the convex hull
of a point set, the rotated hyperplane contains a facet of the convex hull of this point
set after only one iteration.

We use the same point sets to evaluate Procedure FTF. To this end, we rotate
the obtained hyperplanes that contain a facet of the convex hull from Procedure FRH
in the 24 point sets. Recall that similar to Procedure ARH, Procedure FTF does not
rely on LP.

Table (3| presents the computational times for the three procedures ARH, FRH,
and FTF. An immediate observation from this table is that Procedure ARH is faster
than Procedure FRH to arrive at a facet of a convex hull in all our experiments.
This comparison implemented when the cardinality of a point set is fewer then 5000,
then there is not huge different to use either Procedures ARH and FRH for rotating a
supporting hyperplane on the convex hull of the point set.

It takes 0.375 seconds to rotate a supporting hyperplane H (7, B) on con(20by25000)
when Procedure FRH is applied. This is the largest time in all our experiments.

Procedure FTF is fast to rotate the supporting hyperplane H (7, 5’) on the convex
hull of the tested point sets, even at the highest dimension and largest cardinality
point set (20by25000).

Fig. [51] illustrates the different CPU times for the 24 point sets for m =5, 10
, 15, 20 separately. They indicate that by increasing cardinality, the difference of
the obtained times between the two Procedures ARH and FRH becomes larger. When

the cardinality n is fewer than 2500, there is not huge different in times by applying
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either Procedure ARH or Procedure FRH to rotate the supporting hyperplane H (7, 3)
on the convex hull of the tested point sets. Increasing the cardinality, this difference
becomes more tangible. It becomes more clear if there is a choice of Procedures
ARH or FRH: it is faster to rotate a supporting hyperplane on the convex hull of a
point set in large scale cardinality, regardless of the dimension, to use Procedure
ARH. Moreover, recall that another advantage of Procedure ARH is that it relies on
linear algebra operations, whereas Procedure FRH requires formulating and solving
an LP. Therefore, it saves time to apply Procedure ARH for rotating a supporting
hyperplane on the convex hull of a point set for large cardinality (n > 2500).

Although Procedure ARH is faster than Procedure FRH in all tested point sets to
rotate a supporting hyperplane H (7, B), but Procedure FRH has a simpler structure
and pseudocode. So, we advise when the time to rotate a supporting hyperplane is
not critical, or the cardinality n is fewer than 2500, analysts apply Procedure FRH.

Procedure FTF should not be compared directly to the two Procedures ARH and
FRH. The reason refers to the dimension of the support set for the supporting hy-
perplane that get rotated on the convex hull of the point sets. We apply Procedure
FTF to rotate a supporting hyperplane on the convex hull of a point set when the
dimension of this supporting hyperplane for the convex hull of the point set is m — 1
in ™, whereas Procedures ARH and FRH are applied for rotating a supporting hy-
perplane on the convex hull of a point set when the dimension of the support set for
this hyperplane is fewer than m — 1. Thus, the requirements for applying Procedure
FTF with two other Procedures ARH and FRH are different.

In all our experiments, the obtained time to rotate a supporting hyperplane on
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the convex hull of a point set by applying Procedure FTF is extremely fast, even when
the largest point set (20by25000) is involved. The largest value of the obtained time
in Procedure FTF is just 0.008 seconds.

Another indication is that by increasing the cardinality of the point set, the
obtained time by applying Procedures ARH and FRH are growing much faster than
applying Procedure FTF.

Fig. [52| illustrates of CPU times for all 24 tested point sets are depicted based
on different cardinalities n = 100, 1000, 2500, 5000, 7500, 10000, 25000.

Figures in 51| and [52| suggest that the three Procedures ARH, FRH, and FTF are

polynomial on their dimensions, and linear on their cardinalities.
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File name ARH FRH FTF

05by00100 0.00E4+0 1.00E-3 0.00E40
05by01000 0.00E4+0 5.00E-3 0.00E4-0
05by02500 1.00E-3 1.10E-2 0.00E+0
05by05000 3.00E-3 1.70E-2 0.00E+0
05by07500 4.00E-3  2.60E-2 1.00E-3
05by10000 5.00E-3 3.50E-2  1.00E-3
05by25000 1.20E-2 8.30E-2  2.00E-3
10by00100 0.00E4+0 2.00E-3 0.00E4-0
10by01000 2.00E-3 8.00E-3 0.00E+O0
10by02500 5.00E-3 1.90E-2 0.00E+0
10by05000 9.00E-3 3.20E-2 1.00E-3
10by07500 1.30E-2  5.00E-2  1.00E-3
10by10000 1.80E-2  6.90E-2  2.00E-3
10by25000 3.90E-2 1.67E-1 4.00E-3
15by00100 1.00E-3  3.00E-3 0.00E+0
15by01000 5.00E-3 1.20E-2 0.00E40
15by02500 9.00E-3 2.,50E-2 1.00E-3
15by05000 1.80E-2  5.10E-2  1.00E-3
15by07500 2.90E-2 7.60E-2 2.00E-3
15by10000 3.40E-2 1.04E-1 3.00E-3
15by25000 8.90E-2 249E-1 6.00E-3
20by00100 1.00E-3  4.00E-3 0.00E+0
20by01000 9.00E-3 1.70E-2 0.00E+0
20by02500 1.60E-2  3.90E-2  1.00E-3
20by05000 3.10E-2  7.30E-2  2.00E-3
20by07500 4.60E-2 1.06E-1 3.00E-3
20by 10000 6.40E-2 1.43E-1 3.00E-3
20by25000 1.48E-1 3.75E-1  8.00E-3

Table 3.: Comporison of CPU times (seconds) for rotating a supporting hyperplanes

for Procedures ARH, FRH, and FTF.
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5.2 Results and analyses in circumscribing sim-
plexes

In this section of the dissertation we compare the computational times of applying
the three Procedures ARS, FRS, and BOS to find a circumscribing simplex for the 24
point sets.

Recall that a circumscribing simplex is snug (at least the m facets of the circum-
scribing simplex contains the m different facets of the convex hull of a given point set)
when we apply either ARS or FRS. In both procedures ARS or FRS, we initialize using
linear algebra operations to find PreSnug. Then, by applying Procedures ARH and
FRH in Procedures ARS and FRS respectively, we rotate to find m facets of PreSnug
such that the m rotated facets contain the m different facets of the convex hull for
each point set. Finally, we apply Boundedness LP to find the last facet. Note that to
find the first m facets of a snug circumscribing simplex using ARS, we just use linear
algebra operations. To find each facet of a circumscribing simplex by using either
ARS orB0S, we need to solve an LP.

The computational times for the three Procedures ARS, FRS, and BOS are pre-
sented in Table [d] The obtained times reveal that the times taken by applying Pro-
cedures FRS and BOS are almost double and sometimes triple the time taken to find
a circumscribing simplex by applying Procedure ARS respectively for the same point
set and dimension. The longest time for finding a circumscribing simplex is 11.911
seconds. This value refers to Procedure BOS in the largest point set (20by25000).
Procedure ARS is fastest among all procedures for finding a circumscribing simplex

for a given point set with any cardinality and dimension.
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In Fig. 53], the different CPU times when we apply the three Procedures ARS,
FRS, and BOS to find a circumscribing simplex for the 24 point sets for m = 5, 10
, 15, 20 are depicted separately. There are four charts in Fig. These four
charts are indicated that by increasing cardinality, the difference of the obtained
times between two Procedures FRS and BOS with Procedure ARS is becoming larger.
Another immediate indication is that the diagram of all these three procedures appear
to be linear. This is an important result to predict the time taken by applying
Procedure ARS to find a circumscribing simplex in a larger point set with certain
dimension and any cardinality.

In Fig. p4], the illustrations of obtained CPU times when we apply Procedures
ARS, FRS, and BOS to find a circumscribing simplexes for all the 24 point sets are
depicted using cardinalities n = 100, 1000 , 2500, 5000, 7500 , 10000, 25000. The
diagram of either Procedures ARS, FRS, or BOS are appear to be polynomial, perhaps
a quadratic in all seven charts. An observation about these seven figures is that
Procedure ARS is faster than other two procedures for any of the cardinalities. When
n = 100, Procedure BOS is faster than Procedure FRS. This is the only case in all our

experiments that Procedure BOS is faster than Procedure FRS.
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File name ARS FRS BOS
05by00100 3.00E-3 4.00E-3  3.00E-3
05by01000 9.00E-3 2.10E-2 2.20E-2
05by02500 2.20E-2  4.00E-2  4.80E-2
05by05000 3.50E-2 8.10E-2  9.20E-2
05by07500 490E-2 1.22E-1 1.47E-1
05by10000 6.30E-2 1.68E-1 1.99E-1
05by25000 1.55E-1  4.57E-1  5.93E-1
10by00100 5.00E-3 1.20E-2  9.00E-3
10by01000 2.60E-2 5.80E-2  6.60E-2
10by02500 5.70E-2 1.37TE-1 1.60E-1
10by05000 1.13E-1  2.79E-1  3.16E-1
10by07500 1.59E-1 4.31E-1 5.27E-1
10by 10000 2.14E-1 6.21E-1 7.82E-1
10by25000 5.23E-1 1.73E+0 1.92E+0
15by00100 1.40E-2 2.30E-2 1.80E-2
15by01000 6.90E-2 1.36E-1 1.38E-1
15by02500 1.50E-1  3.22E-1 3.63E-1
15by05000 2.92E-1 6.19E-1  7.08E-1
15by07500 4.36E-1 1.00E+0 1.05E+0
15by10000 5.85E-1 1.44E+0 1.58E+0
15by25000 1.47E+0 3.64E+0 4.81E+0
20by00100 2.70E-2 4.30E-2 3.60E-2
20by01000 1.37E-1  2.50E-1  3.35E-1
20by02500 3.39E-1 6.36E-1 1.02E+0
20by05000 6.36E-1 1.29E+0 2.08E+0
20by07500 9.34E-1 1.91E+0 3.26E+0
20by 10000 1.27E40 2.77TE+0 4.69E+0
20by25000 3.09E+0 7.36E4+0 1.19E+1

Table 4.: Comparison of CPU times (seconds) for finding a circumscribing simplex

for Procedures ARS, FRS, and BOS.
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5.3 Conclusion

This chapter presents the results of applying the procedures for rotating hyperplanes
and snug circumscribing simplex for the convex hull of a finite point set in multiple
dimensions using the 24 point sets. The point sets are in dimensions m = 5, 10,
15, 20. In each dimension we test seven point sets in cardinalities n = 100, 1000,
2500, 5000, 7500, 10000, 25000.

The results of rotating hyperplanes show that Procedure ARH is faster than
Procedure FRH to rotate a supporting hyperplane on the convex hull of a given
point set. Procedure FTF performs a different task and is much faster in rotating a
supporting hyperplane from one facet to an adjacent one for the largest point set
(20by25000).

In the second section we presented the results of applying Procedures ARS, FRS,
and BOS to find a circumscribing simplex in the 24 point sets. The results showed
that, to find a circumscribing simplex in the 24 point sets, the time taken by applying

Procedure FRS and B0OS are double and triple of applying Procedure ARS respectively.
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CHAPTER 6

APPLICATION:
HYPERSPECTRAL UNMIXING

In hyperspectral unmixing, the extreme points are known as “endmembers”. The-
ses endmembers are unknown usually and calculated by the existence pixels [41].
Having a mixture of pixels is a typical problem in satellite images [41]. One goal in
hyperspectral unmixing is to find (or estimate) endmembers based on the existence
mixed pixels [42] This procedure is so called “mixed pixel decomposition”, because
endmembers are based on a decomposition of abundance of the mixed pixels [42].
The procedures to identify the endmembers in hyperspectral unmixing are based on
computational geometric and statistical [43]. The way how to deal with mixed pixels
to find a containment polytope plays the central role in hyperspectral unmixing [43].
One suite polytope to contain mixed pixels is a simplex [43].

To make this problem clearer, and interpret its relation with computational
geometry, consider a small example using concrete. Imagine concrete as a blend of
three ingredients cement, sand, and gravel. Depending on how the concrete will be

used, a specified blend of these ingredients will be required. Two measurements can
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be made about a given blend: volume and weight. These are depicted in Fig.
The object in the figure is a simplex, because there are three ingredients and two
measurements. Note that m measurements and m + 1 ingredients will produce a

simplex in m dimensions. From a geometrical point of view, consider Fig. [55|

Weight i Sand

(] Gravel
Blend

Cement

Volume

Fig. 55.: Different concretes with two measurements and three ingredients.

There is a unique amount of each of the three ingredients, cement, sand, and
grave, for any blend. These three ingredients correspond to what are referred to
as “endmembers” in this simple analogy to hyperspectral unmixing. Consider a
concrete blend Z, and assume w;, v; show the weight and the volume of blend z
respectively. So to find the proportions of the three ingredients in this blend we need

to solve the following system of equations.

Weement )\l + Wsand )\2 + wgravel )\3 = Wg, (61)
Vcement )\1 + Vsand )\2 + vgravel )\3 = Vg, (62)
AL+ A2 + Az =1, (6.3)
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where A, Ay, A3 are non-negative variables. Every point inside of the convex hull
of a point set is a linear combination of the extreme points, also referred to as
“endmembers” in hyperspectral unmixing, of the set with non-negative coefficients.
Because the convex hull is a simplex, System (6.1-6.3) has a unique solution.

This system of equations in the special case when & contains a single ingredient
has two zero variables, and the value of the another variable is one. In hyperspectral
unmixing, this case happens when there exists pure pixels.

In this example the ingredients of the tested substance was three, so we defined
two measurements. In general, if the number of ingredients is m, there needs to
be m — 1 measurements. If there are more than m — 1 measurements, the m — 1
most important measurements can be used, or the data can be projected to lower
dimensions.

Li et al., 2015 presented Procedure MVSA, Minimum Volume Simplex Analysis,
to find a simplex for hyperspectral unmixing with minimum volume [44]. The au-
thors distributed their procedure in MATLAB. There is a parameter p as a number
of endmembers. When this parameter is defined, then this code selects p affinely
independent points, True, in ®°~!, and generates N points inside the convex hull of
these p points. The left hand side figure in Fig. 50| is a simulation of their code’s
output when p = 4, and the right hand side figure is this point set with their convex
hull (a simplex). To depict these two figures we use their code’s output.

We used their code to generate the point sets in dimensions m = 2,3, 5, 10 with
cardinalities n = 1000, 15000 ,30000,45000. The point sets are generated inside a

simplex. It selects p affinely independent points, and generates data inside of their
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Fig. 56.: The left hand-side is a generated point set in three dimensions, and the

right hand side shows a simplex that contains this point set.

convex hull. We added these p points to the point sets for finding a simplex by
three procedures ARS, FRS, and B0OS. The experiments were conducted on an OS X
Yosemite machine with 3 GHz Intel Core i7 and 16 GB 1600 MHz DDR3 RAM.
All the procedures were implemented in C and we used GNU - GSL version 1.2 to
perform all the matrix operations. All LPs were solved with Gurobi 6.5.0.

In the generated point sets, we set SIGNATURES-TYPE = 3. The point sets
are generated uniformly in [0, 1]. We multiplied point sets to 100 to manage them
better, specialty in large cardinalities. We set signal-to-noise ratio and number of
bands to 100 and 200 respectively: SNR = 100, L =200. To generate data uniformly
over the simplex, we set SHAPE-PARAMETER = 1. Moreover, to avoid having

outliers in the point sets, we set OUTLIERS = 0.
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We consider the case of having pure pixels. In this case, we set MAX-PURIRY
= 1.00.

Li et al., implemented their results by average 30 independent runs [44]. We thus
report the obtained times, and the volumes of the obtained simplexes by applying four
procedures MVSA, ARS, FRS, and BOS. In this dissertation, we did same to report the
obtained times for Procedure MVSA. To report the volume of the obtained simplexes,
we selected a random point set in each dimension and cardinality.

Table |5| presents the obtained volume in Case 1, when we have pure pixels.

File name MVSA ARS FRS BOS

02by01000 1.50191E+05 1.46233E+05 1.46233E+05 1.46233E+05
02by15000 1.43447TE+05 1.43504E+05 1.43504E+05 1.43504E+05
02by30000 1.38154E+05 1.38170E+05 1.38170E+05 1.38170E+05
02by45000 1.45507E+05 1.43623E+05 1.43623E+05 1.43623E+05
03by01000 2.4047T7TE4+07  2.29582E407  2.29582E407 2.29582E4-07
03by15000 2.27274E4+07 2.27406E+407 2.27406E+07 2.27408E+07
03by30000 2.32552E+07 2.32646E+07 2.32646E+07 2.32647E+07
03by45000 2.46771E4+07 2.46809E+407 2.46809E+07 2.46809E+07
05by01000 2.60052E+11 2.69471E+11 2.69469E+11 2.69469E+11
05by15000 1.97712E+11 1.98074E+11 1.98042E+11 1.98045E-+11
05by30000 2.20555E+11 2.04353E+11 2.04353E+11 2.04353E+11
05by45000 2.08174E+11 2.08269E+11 2.08258E+11 2.08252E+11
10by01000 9.70105E+19 1.07413E+20 1.07367E+20 2.09818E+21
10by 15000 1.19588E+20 1.20312E+20 1.20312E+20 1.81531E+21
10by30000 1.22849E+20 1.00914E+20 1.00910E+20 3.88743E-+21
10by45000 9.97874E+19 1.01093E+4+20 1.01092E+20 8.50383E+21

Table 5.: The volumes of the obtained simplexes for the point sets using Procedures

MVSA, ARS, FRS, and BOS.

In dimensions m = 2, 3,5, the volumes of the obtained simplexes by either of

the four procedures are very close to each other.
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In dimension m = 10, the obtained volumes for Procedure BOS is not as good
as other three procedures. In this dimension three Procedures MVSA, ARS, and FRS
yields some simplexes that their volumes are kind of equal.

Table [0 presents the obtained times. We must emphasize that we implemented
Procedures ARS, FRS, and BOS in C, and Procedures MVSA is implemented in MAT-

LAB. Each value is obtained by the average of 30 independent runs.

File name MVSA ARS FRS BOS

02by01000 1.386E4-00 1.000E-03  1.000E-02  8.000E-03
02by15000 2.201E+00 4.600E-02  8.200E-02  5.600E-02
02by30000 4.214E+00  7.900E-02  1.580E-01  1.070E-01
02by45000 3.778E4+00 1.270E-01 2.410E-01  1.790E-01
03by01000 1.379E+4-00 6.000E-03  1.200E-02  9.000E-03
03by15000 2.653E+00 5.800E-02  1.340E-01  8.300E-02
03by30000 2.616E400 1.110E-01 2.710E-01  1.690E-01
03by45000 4.793E+00 1.620E-01  4.800E-01  2.480E-01
05by01000 1.276E+00 1.200E-02  2.200E-02  1.700E-02
05by15000 2.544E+00 9.500E-02  2.650E-01  1.480E-01
05by30000 9.155E+00 1.930E-01  5.600E-01  2.850E-01
05by45000 7.370E400 2.930E-01  8.940E-01  4.540E-01
10by01000 1.294E400 3.000E-02  5.400E-02  2.900E-02
10by15000 8.326E+00 3.700E-01  9.310E-01  4.510E-01
10by30000 1.479E+4+01 7.160E-01 2.058E4-00 8.470E-01
10by45000 2.006E+01 1.075E+400 3.075E+400 1.580E+00

Table 6.: Comparison of the real times (seconds) to find a simplex using Procedures

MVSA, ARS, FRS, and BOS.

In all experiments, Procedure ARS is fastest. Procedure BOS is faster than Pro-

cedure FRS. Although there is not huge different between these two procedures.
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Fig. shows the different real time (seconds) for the point sets in dimensions

m = 2,3, 5,10. Procedure MVSA increases faster than other procedures, although the

four procedure looks behaving linear or polynomial. Procedure MVSA does not behave

consistently in dimensions m = 2,3. For example in dimension m = 2, the average

time of finding a simplex with cardinality n = 30000 is larger than the average time

of finding a simplex with cardinality n = 45000. Moreover, in dimension m = 3,

the average time of finding a simplex with cardinality n = 15000 is larger than the

average time of finding a simplex with cardinality n = 30000.
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Fig. [58shows the different real times (seconds) for the point sets in cardinalities
n = 1000, 15000, 30000, 45000. These figures illustrate Procedures ARS and BOS
are linear. They also indicate that Procedures FRS is quadratic. In cardinalities
n = 15000, 30000, 45000, Procedure MVSA is exponential. Notice that, when we

use Procedure MVSA with cardinality n = 1000, the average time of finding a simplex

decreases by increasing the dimension.
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6.1 Conclusion

In this chapter we demonstrate an application of finding a snug circumscribing sim-
plex for a finite point set is in hyperspectral unmixing. We compare our three
procedures with one existed procedure, MVSA. Based on obtained times and volumes,
we suggest to the users that to use Procedures ARS, FRA, and BOS to find a circum-
scribing simplex in low dimensions e.g. in dimensions m = 2, 3,5 when there exists

pure pixels and we can add them to the point set.
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CHAPTER 7
CONCLUSION

In this dissertation we have two research topics: Rotating Supporting Hyperplanes,
and Snug Circumscribing Simplexes.

We present three Procedures ARH, FRH, and FTF to rotate a supporting hyper-
plane on the convex hull of a finite point set. Procedures ARH and FTF relies on
linear algebraic operations, and Procedure FRH uses the solution of an LP to rotate a
hyperplane on the polytope. Procedures ARH and FTF are used when the dimension
of the support set for the initial hyperplane in R is fewer than m — 1. When this
dimension is m, Procedures FTF is applied. The results of this research topic has ap-
plications in DEA, integer programming, finding a circumscribing for a finite point
set simplex.

In the second topic, we present three Procedures ARS, FRS, and BOS to find a
circumscribing simplex for a finite point set. To apply two Procedures ARS and FRS,
we first initialize it with PreSnug. To do so, we use linear algebraic operations to
find PreSnug. Then, by applying Procedures ARH and FRH in Procedures ARS and

FRS respectively, we rotate m hyperplanes containing m facets of PreSnug such that
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rotated hyperplanes contain m facets of the convex hull of the point set. If there
exists duplicate facets, then we use Procedure FTF to rotate it. Finally, we apply
Boundedness LP to find the last facet of a snug circumscribing simplex. Procedure
BOS uses polar cone’s properties and Gauge LP to find a circumscribing simplex. The
results of this research topic has applications in NMF and hyperspectral unmixing.

We applied the procedures for snug simplexes to this last topic.

7.1 Future works

We here present five possible future works that can extend the two presented research

topics in this dissertation as follows:
1. Adopted Procedure ARH for using in dual simplex: implementation and test as
an efficient for dual simplex.

2. Improve Procedure ARS to find a snug circumscribing simplex using only linear

algebraic operations.

3. Improve Procedures ARS, FRS, and BOS to find a simplex with less volumes for

some applications.

4. Present a new procedure to find a snug circumscribing simplex that it first finds
the m facets containing a certain vertex of a polytope. Then, it finds the last

facet (cap).

5. Using the obtained circumscribing simplex to construct a robust set.
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