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Storage of Chemical Products

Restrictions on storage

Wl meTeren, m Some chemicals cannot be stored together or nearby
Scaling by

Particle m Some have have specific risks, and some have pairwise

Swarm

Optimization rlsks
Flammable Corrosive Toxic Oxidant Other
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Introduction
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Storage of Chemical Products

Restrictions on storage

Multidimensiond
Scaling by
Particle

Swarm m For instance, at the University of Costa Rica we use the
Optimization . . e
following table of incompatibilty:

m Restrictions are made by pairs of products

or Bazan
can be stored together
yellow | check sections 1-7 of the Security Sheet

Introduction cannot be stored together or nearby

5/33



Multidimensiond
Scaling by
Particle

m For storage of chemical
U, products, one has to be
s Bt very careful since there are
b incompatible products that
cannot be stored near

Introduction

m Without good care,
explosions and fire may
arise

m We constructed a
dissimilarity matrix,
where 9;; = 1 means that
products 7 and j are
incompatible
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Chemical Organization of Products

Incompatible Chemicals

Multidimensiond

Scaling by Chemical Compatibility Chart
Particle

G — 1 [Inorganic Acids 1
A 2 |Organic acids x|z
Optimization 3 [Caustios xx[3

4 |amines & x|x| |

tor Ba 5 |Halogenated Compounds X X|x|5
& |micohols, Glyools & Glycol Ethers | x &
7 [Mldehydes x[x[x[x| [x[7
3 |Ketone x| |x|x x|8
9 [Saturated Hydrocarbons 3
10 [Aromatic Hydrocarbons X 10

Introduction 11 |Dlefins X X "

12 [Petrolum Dils 12
13 [Esters x| [x|x 13
14 |Monomers & izable Esters | X [ x [ [x[x[x "
15 |Phenols x| x X x[15
16 |Alkylene Oxides x|x|x|x| |[x|x x| x |18
17 |Cyanchydrins x[x[xTx[x] [x x[17]
18 |Nitriles x| x|x|x x| |1
13 [Ammonia x| x x| x x| x[x[x[x| |m
20 Halogens x x| x| | x x| x [ x]x|x|x x | 20]
21 [Ethers X X x|z
2 . Elemental x|x|x x| ||
23 |Sulfur. Molten x| x[x]x x X |23
24 |Acid Anhydrides x| |x|x]| [x|x x| [x[x|x|x |24

Elﬂmmsenls Unsafe Combinations

[TRepresents safe combinations

Source: Utah State University, https:

//research.usu.edu/ehs/training-and-resources/incompatible=-chemicals
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Multidimensional Scaling

WUERERE  Multidimensional Scaling (MDS) is a set of dimension
Scaling by

Rarticle reduction data analysis techniques for plotting n points
SEUEN  (representing n objects) in a small dimension space, such that
MBSl distances in that space fit the best the dissimilarities between

the n objects.
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Multidimensional Scaling

Multidimensiond

Scaling by Among the most well-known MDS approaches there are:

Particle
Swarm

Optirmization m Classical MDS (Torgerson): input dissimilarities are
supposed Euclidean, there is a matrix decomposition that
simplifies computations and there is a closed, unique,
solution based on that matrix.

m Metric MDS: values of dissimilarities matter for the
solutions.

B Non-metric MDS: rank of dissimilarities matter, rather
than values themselves.

m Unfolding: for representation of the n objects in a line
(one-dimensional space).

m INDSCAL: several dissimilarity tables between the n
objects are analysed through a consensus plot.
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Metric Multidimensional Scaling
Metric MDS

Scaling by ‘ InPUt

Particle

b Let @ = {1,2,...,n} be the objects set and J;; the
dissimilarities, w;; are nonnegative weights.

Let p be the space dimension of representation for the n

objects.

Output

X is the n X p matrix that contains the coordinates of the n
points in RP,
Let d;;(X) = d(x;,%;) be the Euclidean distances in R?.

Goal

We want to fit all d;;(X) to the original d;;:

5ij ~ dij (X)
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Multidimensional Scaling

Least-squares optimization criteria

Multidimensiond i
Scaling by Raw Stress:

Particle

Swarm Op = UT(X) = Zwl] [67,] - d’L](X)]Q

Optimization
1<j

Normalized Stress:
Wq 4 52 — di' X 2

> wijldij (X)]?
Stress-1:
o1 =4/o? = 2 wis Oy — diy (X)*
! > wijldij (X))
B S-Stress:
oar =oan(X) = sz‘j[@zj - dz?j(X)F'
i<j
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Multidimensional Scaling

Main optimization approaches in MDS

Multidimensiond

Scaling by Issue: o1 in non convex and there is no closed solution for
farticle metric MDS when minimizing o1, therefore heuristic (iterative)

Swarm

Eal  approaches are needed; for instance:

" m Gradient descent (Kruskal, 1964)

m SMACOF (De Leeuw, 1977; Groenen, 1993): based on a
decomposition of a% and the majorization optimization
method (an easy to optimize function majorizes o1, and
iterations are made, refining the solution)

m Tunneling (Groenen & Heiser, 1991)

m Distance smoothing (Pliner, 1996; Groenen, 1999)

Optimization metaheuristics
m Genetic algorithms (Mathar, 1997)
m Simulated annealing (Trejos & Villalobos, 1999)
m Tabu search (Villalobos & Trejos, 2000)
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Particle Swarm Optimization

M;‘;ﬁ;:;g;b" Particle Swarm Optimization (PSO) is a population-based

Particle optimization metaheuristic based on handling solutions in a

Swarm

Optimization numeric multidimensional space.
m It handles a population of solutions (called particles):
feasible states of the problem
m Iteratively, states move to new positions
m PSO models social behavior: each individual tries to
perform better according to its own experience and
looking at his neighbors’ experience
m Moves are based on:
m Inertia: keep moving on the same direction.
m Past experience: good experience of a particle should
influence its new direction (conservative behavior)
m Swarm (societal) experience, influence on:
m what works for the others

m what works for the neighbors

m what works for the leader
13/33



Particle Swarm Optimization

Modeling PSO

Multidimensiond

Sl Let 21(¢), ..., zm(t) be the positions of m particles in RY in

RGN  iteration ?.
Then, position of particle z5 is updated according to:

z5(t 4+ 1) = z4(t) +v(t + 1) (1)

v(it+1) = cou(t) inertia (2)
zs(t)] past experience
+calpg(t) — 2s(1)] imitate the leader

(1)) neighbors’ influence
with ¢; = rand(0, ¢;), ¢ ~ U0, 1), S| @1 < 4.
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Particle Swarm Optimization
Illustration of PSO

Multidimensiond
Scaling by
Particle
Swarm
Optimization
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Particle Swarm Optimization
Illustration of PSO

Multidimensiond
Scaling by
Particle
Swarm

Optimization leader

go back to my best position

' Gy
z(f
P, G\w °
. £ ° oPs
° inertia
o ‘ v, (1)
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Particle Swarm Optimization

Some preceding own applications of PSO in Data Analysis

Multidimensiond
Scaling by . . e .
Particle m Clustering numerical data for the minimization of

s variance (Trejos & Villalobos, 2007):
v particles are sets of K class centroids, that move in RP,
where p is the dimension of the dataset. Centroids move
according to PSO principles and objects are allocated to

the nearest centroid for creating the clusters.

m Nonlinear regression for the minimization of the
sum-of-squares (Quirds & Trejos, 2020):
particles are sets of regression coefficients in nonlinear
equations, that move in R", where r is the number of
parameters in the nonlinear equation.
It was applied very successfully for the estimation of the
zero-coupon yield curve in stocks market
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PSO in MDS

Implementation

Multidimensiond

Scaling by We have implemented a PSO approach for MDS with the

Particle

S following elements:

Optimization

. m Input: a dissimilarities matrix [§;;]nxn; @ dimension p
>azan

m Each particle z; is a configuration X of n objects in R?
m We handle a set of m particles in each iteration

m Iterations are made according to equations (1) and (2)
m Combinations of influences:
7SO o 125 m Overall best solution

m Best k neighbors
m Both: best solution and neighbors

Parameters tuning: cg, c1, co,c3
Output: best solution found X*

Program in R
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Toy Data Tables

Multidimensiond

Scaling by m Points3 (triangle):
Particle X1 X3
Optimisation x| 0 1 1
X9 1 0 1
X3 1 1 0
m Square:
5z’j X1 X2 X3 X4
x| 0 1 2 1
x| 1 0 1 2
x3 |vV2 1 0 1
Results X4 1 \/5 1 0
m Points4 (tetrahedre, 4 x 4), Points5 (5 x 5), Points6 (6 x 6),
Points7 (7 x 7) and Points9 (9 x 9), defined by:
5 — { 1 oifi#j
TV 0 ifi=
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Real Data Tables
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Optimization

Colas (10 x 10)
Countries (12 x 12)

US Cities (31 x 31)
Europe distances (20 x 20)
Proteins (25 x 25)

Costa Rica (10 x 10)

Cuba (13 x 13)

Results
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RESTS

Experiment Implementation

Parameters

Dimension of representation: p = 2
Number of particles: m = 100

Intervals of representation defined by Torgerson solution

+1.5 of its size in each direction

Neighboring: we used 5 nearest neighbors

Maximum number of iterations: 1000

Bounds for ¢;: g = 0.729, 1 = w3 = 1.49, o = 0.75

A = 0.4: bound for vs(t), such that vs(t + 1) < Avg(t)
max

max. iy _ max min
V™ bound for velocities, vj7* = A(X7* — XJT)

e = 1075 tolerance for convergence

Stop criterion: when standard deviation of o7 in the
population is less than ¢, or the max nb of iterations is
attained
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Experimentation

M;'C“a‘fii:;';;i"” m Multistart, with 105 starts (7 parallel kernels, 15 times

Particle each one)
Optimization m Initial configuration of each star:
m with Torgerson solution as a particle in the population and
the rest at random (name.t)
m with all particles at random (name.r)
Combination of factors:
m Use of particles's best position and population best
position (gbest).
m Use of particles’s best position and neighbors best position
Results (1best).
m Use of particle's best position, gbest and 1best = upso.
m Comparison with SMACOF
m Report:
m best value of stress-1 o4
m attraction rate for the best solution
m iteration when best value was obtained
m time (in seconds) 22/33




Results for Toy Data Sets

Values of stress-1 o; and attraction rates

Multidimensiond
Scaling by

Particle Values of normalized stress o
Swarm
Optimization Table upso.t gbest.t Ibest.t upso.r gbest.r Ibest.r  Smacof.t Smacof.r

Points3 | 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.00029
Points4 | 0.1691 0.1691 0.1691 0.1691 0.1691 0.1691 0.1691  0.1691
Square | 0.0000 0.0000 0.0000 0.0000 0.0000 0.00016 0.0000 0.00029
Points5 | 0.0000 0.0000 0.0000 0.0000 0.0000 0.00242 0.0000 0.00067
Points6 | 0.2673  0.2673 0.26993 0.2673  0.2673 0.26924 0.30653  0.2673
Points7 | 0.29312 0.29312 0.29556 0.29312 0.29312 0.29904 0.34381  0.29313
Points9 | 0.0000 0.0000 0.0000 0.00131 0.00433 0.16271 0.0000 0.00058

Attraction rates of o; minima

Tezllis Table upso.t gbest.t Ibest.t upso.r gbest.r Ibest.r Smacof.t Smacof.r
Points3 1 1 1 1 0.990 0.152 1 0.019
Points4 1 1 0.01 1 1 0.029 1 0.990
Square 1 1 0.80 1 1 0.019 1 0.010
Points5 1 1 1 0.638 0.381 0.010 1 0.010
Points6 | 0.762  0.562 0.01 0.686 0.619 0.010 1 0.714
Points7 | 0.057  0.086 0.01 0.143 0.076 0.010 1 0.390
Points9 1 1 1 0.010 0.010 0.010 1 0.010
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Results for Toy Data Sets

Number of iterations and time

Multidimensiond

Séa“”glby Number of iterations needed for convergence .
article
Swarm Table upso.t gbest.t Ibest.t wupso.r gbest.r Ibest.r Smacof.t Smacof.r

Optimization Points3 | 200 164 995 237 186 994 1 11
PR Points4 | 127 102 997 126 100 1001 17 16
Square 143 124 967 150 132 1001 1 15

Points5 | 154 132 995 147 123 1001 1 25

Points6 | 142 106 1001 144 109 1001 35 44

Points7 | 156 116 1001 157 117 1001 29 58

Points9 | 157 132 836 207 132 1001 1 36

Time (in seconds)

Table upso.t gbest.t Ibest.t upso.r gbest.r Ibest.r Smacof.t Smacof.r
Results Points3 | 56.25 4515 27586 56.25 4645 21628  0.07 0.10
Points4 | 460.06 362.05 3417.47 460.06 339.17 3419.16 0.55 0.51
Square | 496.33 427.44 3395.60 496.33 483.77 3295.67 0.04 0.10
Points5 | 609.86 518.45 4053.46 609.86 469.67 3767.07 0.05 0.17
Points6 | 681.48 468.33 4431.91 681.48 472.34 4273.16 0.14 0.18
Points7 | 806.85 577.39 4948.42 806.85 568.51 4739.78 0.16 0.28
Points9 | 960.00 770.29 5166.76 960.00 773.34 5663.70 0.06 0.20
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Results for Real Data Sets

Values of stress-1 o; and attraction rates

Multidimensiond
Scaling by

F;a'tic'e Values of normalized stress o4
warm
Optimization Table upso.t gbest.t Ibest.t upso.r gbest.r Ibest.r Smacof.t Smacof.r

Colas 0.1962 0.2017 0.2105 0.1943 0.1936 0.2159  0.2022 0.1918
Costa Rica | 0.0044 0.0044 0.0050 0.0100 0.0086 0.1182  0.0046 0.0048
Countries | 0.2181 0.2181 0.2336 0.2207 0.2254 0.2927  0.2185 0.2178
US Cities 0.1017 0.1385 0.0905 0.1827 0.2841 0.4057 0.0042  0.0042
Cuba 0.0347 0.0317 0.0273 0.0311 0.0322 0.1053  0.0225 0.0221
Europe 0.0738 0.0735 0.0803 0.1674 0.2062 0.3395 0.0722  0.0722
Proteins 0.1172  0.1149 0.1290 0.2852 0.2879 0.6663  0.1117 0.1108

Attraction rates of o1 minima

Results Table upso.t gbest.t lbest.t upso.r gbest.r Ibest.r Smacof.t Smacof.r
Colas 0.01 0.01 0.01 0.01 0.02 0.01 1 0.03
Costa Rica | 0.11 0.28 0.02 0.01 0.01 0.01 1 0.01
Countries 0.01 0.04 0.02 0.01 0.01 0.01 1 0.34
US Cities 0.01 0.02 0.01 0.01 0.01 0.01 1 0.02
Cuba 0.01 0.01 0.01 0.01 0.01 0.01 1 0.01
Europe 0.01 0.02 0.01 0.01 0.01 0.01 1 0.82
Proteins 0.01 0.01 0.01 0.01 0.01 0.01 1 0.03
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Results for Real Data Sets

Number of iterations and time

Multidimensiond
Scaling by
Particle
Swarm Number of iterations needed for convergence

i Table upso.t gbest.t lbestt upso.r gbest.r Ibest.r Smacof.t Smacof.r
r B Colas 159 103 1001 166 111 1001 27 99
: Costa Rica | 157 115 996 198 123 1001 5 67
Countries 168 117 1001 188 118 1001 28 95
US Cities 1001 966 1001 200 118 1001 4 101
Cuba 160 113 1001 174 122 1001 44 83
Europe 169 118 1001 194 119 1001 17 7
Proteins 179 121 1001 207 130 1001 33 90
Results Time (in seconds) .
Table upso.t gbest.t Ibest.t upso.r gbest.r Ibest.r  Smacof.t Smacof.r
Colas 1055.04 678.12 6853.13  1055.04 678.12 6853.13 0.63 0.63
Costa Rica | 1052.95 763.16 6621.42  1052.95 763.16 6621.42 0.05 0.05
Countries 1262.06 887.63 7820.60 1262.06 887.63 7820.60 0.15 0.15
US Cities 16620.75 16381.56 16793.78 16620.75 16381.56 16793.78 0.11 0.11
Cuba 1250.05 936.75 7659.74  1250.05 936.75 7659.74 0.23 0.23
Europe 140.91 110.18 875.05 140.91 110.18 875.05 0.14 0.14
Proteins 176.36 128.98 990.24 176.36 128.98 990.24 0.22 0.22
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Costa Rica data table

dij X1 X2 X3 X4 X5 X6 X7 X8 X9 X10
SreefTigs by San José | 0.00 18.00 18.00 9.00 825 11400 168.00 1515 735 1725
Particle Alajuela | 18.00 000 36.00 105 675 1275 150.00 135.00 90.00 184.5
Swarm Cartago 18.0 36.0 0.0 25.5 99.0 97.5 186.0 169.5 60.0 157.5
Optimization Heredia 9.0 10.5 25.5 0.0 78.0 1185 160.5 145.5 82.5 181.5
Puntarenas 82.5 67.5 99.0 78.0 0.0 195.0 97.5 70.5 139.5 2325
Limén 1140 1275 97.5 1185 195.0 0.0 271.5 264.0 100.5 150.0
Liberia 168.0 150.0 186.0 160.5 97.5 271.5 0.0 54.0 234.0 330.0
Nicoya 151.5 135.0 169.5 1455 70.5 264.0 54.0 0.0 208.5 300.0
PZ 073.5 90.0 60.0 82.5 139.5 100.5 234.0 208.5 0.0 99.0
Golfito 1725 1845 1575 181.5 2325 150.0 330.0 300.0 99.0 0.0
Solution for Costa Rica data table:
y
Results
xs
X7
B x5
x (]
THL 1
3 210
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Application: Chemical Organization of Products

Multidimensiond
Scaling by
Particle
Swarm

Optimization m Consider a set 24 chemical products that have to be
Bazén stored in a warehouse

m A list of pairwise restrictions is given: products that
cannot be stored side by side

m We defined a dissimilarity matrix:

S — 1 if products 7 and j are not compatible
1 0 if products i and j are compatible

RESTS

m It means that compatible products can be stored next to
each other
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RESTS

Application: Chemical Organization of Products
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Application: Chemical Organization of Products
MDS with PSO solution
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Comments

Multidimensiond
Scaling by
Particle

Swarm

Optimization m Further work has to be done:

or Bazén m Tuning the parameters: g, p2, ©3, P4
m maximum number of iterations

m initial configuration

m better use of neighbors’ information

m Consider larger and more complex data sets

RESTS
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Comments

Multidimensiond
Scaling by
Particle

Swarm

Optimization m Further work has to be done:

or Bazén m Tuning the parameters: g, p2, ©3, P4
m maximum number of iterations

m initial configuration

m better use of neighbors’ information

m Consider larger and more complex data sets

Results Thank you! Questions?

victor.bazanQucr.ac.cr
javier.trejos@ucr.ac.cr
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Conference of the A
Results Internet?ona} Federa?ior.\ of R\ o A
Classification Societies

Costa Rica July 15-19th, 2024 VIl Latin American Conference on Statistical Computing
San José, Costa Rica July 15-19, 2024

https://ifcs.ucr.ac.cr/ https://lacsc.ucr.ac.cr/
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