" . . s u ey B
bt Rl PR T D T I BT TP I ) Bt |

N,

&

astra
editorial

i ad P | T e LT A S TR0 T T o






EMERGING
TRAJECTORIES

Advances in Cyber-Physical Systems, Biorobotics and
Cyber-Human Integration

astra
editorial






EMERGING
TRAJECTORIES

Advances in Cyber-Physical Systems, Biorobotics and
Cyber-Human Integration

Editors

Alma Y. Alanis

Jorge Galvez

Omar Avalos
Eduardo Méndez-Palos

Jorge D. Rios

Adriana Pefla Perez-Negron

Gabriel Martinez Soltero

astra
editorial



Emerging Trajectories. Adpances in Cyber-Physical Systems, Biorobotics and Cy-
ber-Human Integration. Editors: Alma Y. Alanis, Jorge Galvez, Omar Ava-
los, Eduardo Méndez-Palos, Jorge D. Rios, Adriana Pefia Perez-Negron &
Gabriel Martinez Soltero— Guadalajara, México. 2025.

578 P. 23 em.

First Edition

ISBN: 979-13-87837-54-9

DOTL: https://doi.org/10.61728/AE20254735

D. R. © Copyright 2025. Alma Y. Alanis, Jorge Galvez, Omar Avalos,
Eduardo Méndez-Palos, Jorge D. Rios, Adriana Pefia Perez-Negron &
Gabriel Martinez Soltero

This work was reviewed under a double-blind system and has been endor-
sed by academic peers in the field of social sciences in Mexico.

Layout by Astra ediciones

All content in this publication is shared under the Creative Commons Attribution/Re-
cognition-NonCommercial-ShareAlike 4.0 International (CC BY-NC-SA 4.0) license. This
means that commercial use of the original work or any derivative works is not authori-
zed, and they must be distributed under the same license that governs the original work.
However, third parties are permitted to share the content as long as the authorship and

original publication by this publisher are duly acknowledged.

HECHO EN MEXICO | MADE IN MEXICO


https://drive.google.com/file/d/1sgTOKkJRL03eLt5X3K-5fuhr17ZsEGR6/view?usp=sharing
https://doi.org/10.61728/AE20254735
https://astraeditorialshop.com/
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en

Contents

Prologue.........cooiiiiiiiii e

Conformal Net and Evolutionary Computing for Object Detection
1N PoInt Clouds ...
Monserrat Carlos
Carlos V'illaserior
Javier Gimez-Avila
Nancy Arana-Daniel
Al-Powered Analysis for Hadronic Particle Detection in ALICE
Open Data ...
Estefania Moreno 1edn
A Review on Integrating Photogrammetry and Deep Learning for
Semantic Segmentation APPlCAtIONS .......ccevvvvieerririciiiviieniiieeiiennn:
Jorge Galvez
Heriberto Zapata
Omsar Avalos
Nayeli Pérez-Padilla
Victor Garcia
Modifying the synthesis of the soft margin optimal hyperplane for
SUPPOLt VECtOr MACKINES c..ouvueiiiiiiic e
Mario Antonio Ruzg Canul
José A. Ruz-Herndndez
Alma Y. Alanis
Ramin Garcia-Herndndez
José-Luis Rullan-1.ara
Result on finite-time teleoperation of roOboOtiC SYStEMS.....c.evvvruevriieireinans
Ldzaro F. Torres
Octavio G. Zepeda
Carlos 1. Aldana
Emmanuel Nuno
Emmanuel Cruz-Zavala



8 | Educacion, ensefianza, aprendizaje y docencia en el vaivén de la incertidumbre...

Computational Approach to Investigating Electronic Transport in
Graphene Multibarfier StrUCULES........cevviiieriiieriiiciiieeceicenne 85
M. Miniya
Y. Rodriguez-Lazcano
David Quesada Saliba
Luis Manero Gaggero Sager
Convolutional Neural Networks for Robust Time Series Cleaning and
FAEEIING ..ot 95
Hannia M. Hernandez
Alma Y. Alanis
Ednardo Rangel-Heras
Arturo Valdivia-G
Oscar D. Sanchez
REDiffusion performance benchmarking for local high-end
WOLKStation COMPULETS ....cuvviuiiiiaiiiiiiieiiiieiessieeseseeseesee e sessaees 103
Mario Axel Lgpez Agniriaga
Maria Teresa Romero Gutiérrez
José Alejandro Morales Valencia
Omzar Paredes
Mango Leaf Disease Classification using Deep Learning: A
Comprehensive SULVEY ..o 117
Rebika Rai
Arunita Das
Krishna Gopal Dhal
Buddhadev S asmal
Jorge Galvez
Integration of Generative Al into a Project-based Learning Activity
in a Microcontrollers COULSE .......ovmuiiirieiiieiniieieiiciee e 133
Guillermo Pérez Ramwos
Victor Hugo Benitez Baltazar
Jestis Horacio Pacheco Ramire



Contents | 9

Advances in Hollow Fiber Membranes Simulation for

Multicomponent gas separation: Combining Physical Models and
Neuro-FuzZzy SYStEMS ..cccevvveveueieiiiiiriiieieieicctiisssee e 145

Bryand ]. Carci-Sigales

Jose A. Ruz-Hernandez

Jose-Luis Rullan-1.ara

Mario Antonio Ruzg; Canul

Alma Y. Alanis

Juan Carlos Gonzalez Gomez,

Identification of agricultural irrigation model via differential neural
DEEWOTK oottt s 161

Alma Y. Alanis Garcia

Ricardo R. Vdzquez

Formation Control with Area Constraints for Omnidirectional

Mobile RODOLS ....cucuviiiiiiiiciiciiiccice s 173

Diego 1. Torres

Alma Y. Alanis

Jorge D. Rios

Expert PID Algorithm for Autonomous Navigation of an

Octocopter UAV ... 183

Pablo A. Tellez-Belkotosky

Manuel A. Gutierrez Martinez

Alejandro Jimenez-Flores

Edmundo Javier Ollervides-1 azquez

Francisco Jurado

Octavio Garcia-Salazar

Classification of Surface Electromyography Recordings from Healthy

and Peripheral Neuropathy Subjects.......ccccooieiviiiiviniciviniciniciien, 199

Maria |. Toscano-Nurio

Hugo J. Sdnches-Avila

Sergio A. Sanchez-Manzo

Auwrora Espinoza-1/aldez

Ricardo A. Salido Ruiz



10 | Educacion, ensefianza, aprendizaje y docencia en el vaivén de la incertidumbre...

Humanizing Fault Management: Implementing AI-Generated
Avatars for Industrial Process MoNitoring ........ccveveevvevccrevricecnsiennns 213
Victor H. Benite
Jesus Pacheco
Alberto Fuentes-Trasviia
Jessis H. Ramirez-Romero
José R. Reyes-Zdrate
Guillermo Cuame-Cruzg,
Evaluating the performance of a hybrid machine learning method for
modeling evapOtrANSPILAtION ......c.cviuiuevieieerriiiereiiereeecieseeiessesaenenaes 225
Pautina Limon
Jorge Galvez
Gerardo Nusez-Gonzalez
Alma Y. Alanis
A Review of Image Stitching Methods: From the Original Manual to
the Modern Automatic Algorithms.........cccccvvievvinicriinicinniiiiiccines 231
Kevin Kristop Morales-Barranco
Jorge Galvez
Fernando Wario
Heart Diseases Diagnosis Based on ECG Harmonic Analysis and
Pattern ClassifiCation .......c.cccevviieueiniciiiniieiieieiceeeeesssceneiseenens 243
Alejandro Vidales-Esquivel
Fernando Ornelas-Tellez
José Ortiz-Bejar
Single Neuron Proportional-Derivate trained with Regularized
Extended Kalman Filter for Leader-Follower Formation Control ..259
Carlos Lopez-Franco
Ingrid Palomares
Nancy Arana-Daniel
Jesus Hernandez-Barragan
Carlos V'illaserior



Contents | 11

Edge-Weighted Formation for Omnidirectional Mobile Robots........... 269
Jesus Hernandez-Barragan
Miguel Meza-Chavez
Nancy Arana-Daniel
Carlos Lopez-Franco
Michel Lopez-Franco
Comparison of gamma calibration methods for fringe projection
PLOFLOMELIY ..ot 277
Jorge A. Contreras
Jorge L. Flores
Sotero Ordones
Deep Learning Approach for Fault Identification of Contact
Reliability for Electrical Test Connectors in Testing Environments 289
Ednardo Rangel-Carrillo
Alma Y. Alanis
State-of-the-art of imagined Speech: Analysis in Basic Needs,
Syllables and Commands for Brain-Computer Interfaces................. 299
Emilio Barajas-Gonzalez
Maria Cristina Padilla-Becerra
Eduardo Mendez-Palos
Alma Y. Alanis
Multispectral Image-Based Binary Classification of Avocado Leaves'
Vegetative Health Using Vegetation Indices and Convolutional
Neural NetWOrks ......cviiiiiiiicii e 313
Kevin B. Carbajal
Alma Y. Alanis
Hamilton Oliveira
Jorge Galvez
Within-subject vs. Multi-Subject Eye Movement Classification: A
Comparative StUAY ... 329
Maria Cristina Padilla-Becerra
Emilio Barajas-Gonzalez
Eduardo Mendez-Palos
Alma Y. Alanis



12 |Educacio'ﬂ, ensefianza, aprendizaje y docencia en el vaivén de la incertidumbre...

ArchHero: Rehabilitation of Flatfoot in Adults by Means of a
Serious Health Video Game ........cccocuviviiciviiciniciiccccceee,
Juan Pablo Molina Ramirez

Gabriel Rojas Zavala

Tabatha Montoya Estrada

Ricardo E. Garcia-Manzo

Emilio Barajas-Gonzdlez

Maria Cristina Padilla-Becerra

ANatomix+ OStEODIAST.....ccciuiiiiiiiicirii s
Victor E. Moreno

Ricardo E. Carcia-Manzo

Eduardo Mendez-Palos

Hugo Venegas

Natalia G. Arana-Carrillo

Hybrid Detection and Segmentation of Wood Defects..........ccccuvuunene.
Brandon Ramos-Lopez

Jesus Hernandez-Barragan

Javier Gomez-Avila

Michel Lopez-Franco

Carlos lopez-Franco

Neural network for automatic emotion classification using virtual
ENVILOMENLES voviitiveriiicteticte ettt bbbt aesnas
J. Adrian Lopez

Alma Y. Alanis

Ricardo E. Garcia

Artificial Intelligence for monitoring water pollutants............cecccuevveucee.
Alfredo Raya Montario

Jennifer Ldpez Chacin

Grecia Itzel Colin Gonzilez

Juan Pablo Pérez Aguilar

Bertin Alonso Ldpez

Neural Identifier Training with Particle Filters........ccoovviivniivniininnnes
Dariana Gomez Alvarez

Michel Lopez-Franco

Carlos Lopez-Franco

Jesus Hernandez-Barragan

Edgar N. Sanchez



Contents | 13

Innovations in Uroflowmetry: Ergonomic, Cost-Effective, and
Al-Powered Solutions for Sustainable Healthcare..........cccocevviviiicnninnnne. 415
B. Ismael Ayala-Aguinaga

Sofia A. Gonzdlez Robles

Luis Carlos Zayas Herndndez

Hugo G. Venegas

Ricardo E. Garcia-Manzo

Neural Network-Based Digital Twin for Hypertension Simulation.......427
Pedro M. Gomez

Alma Y. Alanis

Oscar D. Sanchez

Hugo G. Venegas

Eduardo Mendez-Palos

VigilEye: System for Prevention of Accidents Caused by Changes in
Sate of Alertness while DIivINg.......cccevviiiiviiciiiciiiiccceccesee, 443
Sebastian Ayala-Haro

Andrea Arellano-Garcia

Katia D. Ulloa

Alma Y. Alanis

Maria Cristina Padilla-Becerra

Pedro M. Gomez

Emilio Barajas-Gonzalez

Adaptive Outer-Loop Neural PID Control for Quadcopters Trained
with EKF in a HIL EnvIronment ... 451
J. Olin Estrada

Jorge D. Rios

Alma Y. Alanis

Habdil - Development of an adaptive and affordable partial hand
prosthesis using 3D PriNting ........cocccevieeiriieiiinieieiieeeieeseseeees 467
Hareb Terin Cuevas

Hugo Esteban Gonzilez 1 enegas

Ricardo Emmanunel Garcia Manso

Eduardo Méndez; Palos



14 | Educacion, ensefianza, aprendizaje y docencia en el vaivén de la incertidumbre...

Neural PID controller to improve hierarchical multitask scheme for
redundant cooperative Manipulators..........occeuveierrinieriinicieinieeiriienines 475
Arturo A. Pere

Jesus Hernandez-Garragan

Javier Gomez-Avila

Carlos Lopez-Franco

Nancy Arana-Daniel

Selfish Herd Optimizer for Solving Dynamic Economic Dispatch

with Valve-Point Effects ..o 485
Primitivo Diazg,

Adridn Gonzalez

Fernando Fausto

Orlando Salas

Serious Videogame for Evaluating and Analyzing Behavior in

Individuals with Potential ADHD........ccccoviiiiviiiiiiiiiiiccnicciccines 509
Miguel Alejandro M. Bravo

Maria Fernanda S. Cruz

B. Ismael Ayala-Aguina

Ricardo E. Garcia-Manzo

Automatic Emotion Detection through Biosignals and

Standardized Emotional StMUli ..o, 523
Luis |. G. Coria

Rarly Martinez-Jnan

Samantha G. Chavez

Ricardo E. Garcia-Manzo

Failure Detection in Continuous Glucose Monitors Using

TLANSTOLIMELS oot 537
Francisco Gonzalez Barriga

Dulce 1barra Montes

Alma Y. Alanis

Gabriel Martinez-Soltero



Contents | 15

Autocoder with Differential Evolution Approach for Sensor Fault
Detection in Robotic Manipulators..........cccceuviierrinicrvinicieinicenniienines 545
Dulce 1barra-Montes

Francisco Gonzalez Barriga

Alma Y. Alanis

Jesus Hernandez-Barragan

Gabriel Martinez-Soltero

Drivers Attention Detection Based on Quantized Convolutional

Neural NetWork....oovviiiiiicii s 555
Fernando Gutierrez-Herrera

Irene Gomez, Jimenez

Alma Y. Alanis

Gabriel Martinez-Soltero

Laparoscopy Smart Tracking Camera (TrakingScope).........cccccuvuvvecuvuncaes 567
Oscar David Flores Ortega

Victor Ernesto Moreno Gonzalez

Francisco Javier Alvarez, Padilla

Eduardo Mendez-Palos

Jared Cortes Nusie






Prologue

For mamy wears, hemans have tried o understand ihe world by finding
patterrs arsd rubes hidden within the syslems around = This parsait
enmeoantered two signillcant chalbenges: the searcity of recorded data and
limited  computaticnal  capabilitics. Now, (he lindscape has  Beens
tramsformed. Real-wordd applications pow generbe massive amounts of
data and compuiatiopal power has been expanded. However, this orginates
mew  challenges. We meed belber ways for experts from  different
backgrownsts to work togelber and combine their experiences. Efective
collaboration across disciplines reguires new methodologies that enable
specialists from diverse febds to share instghts and Integrate their expertise.

This book cmbodies this sparit of integraton, bringing topether diverse
research topics that collectively drive progoess in science and echnology.
This volume represents more than a colbection of papers=— embodies 2
visbon for collsborative nesearch that trarscends traditienal academic
boandaries, By conpecting experts from  computatiopal  intelligence,
techmological management, bloenginecring, robotics, and oyber-physical
systems, we builld strang condilions for new mpovalions that address
complex challenges of oar time.

The contributions within these pages showesse caiting-cdge methodolegics
and novel applications that extend the limits of research and practice. Fromy
intellegent algorithms that enhance d.unilnn.-rn;hmg. processes fo adaptive
robatic systems that revolutionize manafacturing, and from bbomedical
designs. that transform healibare to cyber-physical systems thal aplimize
infrastructure, each  trafectory  demonstrales  how  interdisciplimary
approaches vield exponenitial rather than incremental progress.

We extend our sincere gratitade to all contributors whose dedbcation and
experiies have mads this publication pessible, Their willimgness o share
insights across disciplinary lines exemplifies the collaborative spirit esceniial
for meaningful innovation. We also acknowledge the reviewers whose
rigerous evaluatéon has ensured the guality and redevance of the included
warks

As we navigale an increasingly complex technological landscape, this book
serves nob omly as a repository of carrent knowledge but alwo as & compass
peinting toward promising directions for futuse exploration, We nvite
readors 1o engige deeply in these comributions, question ssssmptions, forge
e connedctbons, and ultimately chan their own innovative trapectaries that
will shape the next generation of schentitic amd technmofogical advancement.

The Editerial Cammitiee May 2025
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[13] v compars performunes of sonveitboal metlaods spl propossd new oo,
wharpe distaes of patterne with obtained lyperplane for each ense and average
diztanice of the support vectors are sl vecd, Furthermeore, metrics secls s preci-
sion, sensitivicy spel specificity for claeifioation see olanisd, Finally, Soction 5
deseribes conclusions of propesed PSMOH and futwre warks for particular cases
whare p = 2,

2 Mathematical Preliminaries

I this section mnin cosepts for constroction of OH for simple e of lisearly
sepurilile potterns are descrilaed (3] Follonang with o mwore diflicult sse of noi-
Linwsarly seeparalde paiterns whoeee the SAOH s it noducsl

2.1 Optiennl Hyperplneee of SW AL

SWAL i= vy used for twoe il ohsedfont o ProEsems whiere n LRI st
i sl bo tenin thie mmoded, Training st £ of 1f trmiting iscnrnples can be defined
s T B

R [ S TETTY N ) S e Y TITR (L)

where X, € /" is the input pattern for @ exmomple el @ € {=1.1) s n
clnse Inbel with i = 1,2, . M. Correct elnssdfication of data points oo linearly
sepirnbile emee 15 ddone Ty

WTX,+bzl.for g=1

(2)
WTX, +b<l, for w=-1 (%

|§-c||.|.1|:imb| {20 naed (3] can b combined fnto one et of iequenlities:
wiWTX, 4821 i=12.. .M ()

Higmexl distmpee €7, between .T, amicl the OH, enn Iss enlenlnbed [ (H

. 1 TR
G(Xe) = Gy = S (5}

awhere ||| i= the Enclbenn norm of W In ander 1o minsimios distapos betwern
classrs el W, ats porm shoikd b anbnimias] satisfying (20 at the saoe tme
wovording v [E. W penn oo e aminimizesd by apewes of;

F(w) = ()



60 | Emerging Trajectories. Advances in Cyber-Physical Systems, Biorobotics. ..

Theen, b [3] to ddotermsine Woand & for the OH it is pequired to minimize (G)
satisfying eonstraint {4), Lagrango multiplier approach can be applied (12, 14)
e

. Al
E(W, b A) = WO _ S o (WP X+ 8) — 1]
1=l

i
wlhere A = {oy o, 000, aupg | = elee Lageange mulidplices vectar subject to o, = 0
ford = 1,2, ... .M. To mrinimize (7) with pspeet o Wb and A, e respective

wadlclle poapt shoabd b determined by minhnizing it with respect. to 1 and b,
arpd maximizing it with respect to the Lagrange multipliers. Acconding o |3,
15, after ohtnining the respective mivimization, then (7)) can be truesformed to
LL{A) ns:

= . - Al AT DA
LEL{A} = LIW. b A) = Ei"' -4 i)

with [ s o positive semi-definite matriz (3] with @ = 1,2, 000 defined hy:

A M

= Ty
pap I o)

LAY degeamls only oo (1) and Logrange maltipliers: therefore, minimizntion
af (&), incloding constrnints {-l:l, in pesluessl to pmokimize Ll,[g\} by pemns of
Logrange mubtaplices (o] sntisfeing:

-]
E_In,bll = 1), (10)

= T

withi= 1.2,..., M. It s worths ot ing tlsag (10 = derives] froo e mintmiention
af (T} witl mesgaest g f I thee solition of LL{AY exista, then it defines W and &
for OH, aiwl W can be formalatiad a5 o funetion of optimal Lagrange multhplbers
s fual b

.. L1
W= E‘_I.rr.p.,'h:', (12

with, again @ = 1,2, .. A, Although the OH hns sen appliention in soveral
works, it= effoctiveniess is limited oo linearly sepoarabde data (1],
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Consiclering tlis. the following contnod lay 58 peiojsosed:

71 = —Hifep - qrj""' - ﬂ'.l[l'pj_“‘ + Embl'rl:l‘;] l.

v = —K,[a, — ™ — B4 I'F + Tl lq),
wlwre Ki, Ky € Boo ane the progeational guins; By, By € R ame the damping
injection gains: amd the coclliciems py, por € (0,1 e thee key 1o guaranios FT
stability, and are defined as:

{5

qrg =y 2rg =y
P = te— . I B e— . [{F:|
| i
with vy, rg & R..p saticlving:
re i > ry > {1, [T:l

With this, tle comtred liw (5) solves the finitetine idooperation problem,
Before presenting the prool of this cladm, it & important Be notiee that showing
global FT oconvergence to () is equivabat o prove ghbal FTS eoc

{':”_“rl-cl'lﬂrl‘= U]-'u-ﬂ.:l [51
Noaw, warare peacdy 0 present. te main result of this work.

Propositien 1, Consader the bilnternd feleaperated sygatem (21 a8l the condrod

fint (3] sl 7o ard 7 mecting Aasionplion |, choose py and pr os @ (0] and

{7l ther:

A, Pastfion ermor and velecilies remam boupded op = o, . 8- € L

B In oaddition. if 7 = 0 and 7, = 0, then, the aquilibriem poand (8) ds glodally
FTE,

Proaf, Copsider the fdlowing non-negative fumction Vi), which B in fupction
ol the coordimntes of the equilibrinm poing [8):

I K K
Vit) = 547 Midy +ﬁﬂ,‘mrﬂr i~ e - far—a. )™ .
b oxy 4 :“-'l-'-x - jr’ (‘rIJT{-u'IF [] 4 1fI'I—IIITITI:-'T}'F Ir.r]) dir ®
i jl—r * L h ﬂ-r = & =
Then, use Property 4 and evaluate (8) along ihe system trajectorkes (2]
Vit) = — By 4™ :.J B4, (4™ =0 i 1)

Now, timeintegrate V() from 0 to § and get:

) ; T K T
W(t) = Vi) = - Ji may [ + gl e, )

and wotice thet the term in=ide the iniegeal in (11) is always non-negaeive, nak-
fng possible to find an uppes-bouwd for Vit ) as:

ViEh < W) < e,
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this kmplies thwt vectors o — q.. Q. 4 € Lo, proving conclusion A of
Propesition 1.

Mo, we consider the ease of no exdternal forees, for thi=, take equation (9)
with o = 0 apd v = 0, and also copsider g = 0 aned v = 0

K

—m)T - i
meqr ) [a—aq ™, iz

_ Ay LT

as before, taking the tme=derivative of W) kacds o the same expression (100,
Theen, usbng LaSalle's Divartanes Princlple we can conclude global AS of (8),

Ty swchdeve ghlial FTS it is necessary to prove thad the telsoperation systemn
a]l.ll'l,p. with the coatraller ndlrlil:ulll.d.lmhmp;q.'mhm.ﬂ lppnlﬁllnlliull af I:ll.-E,.ll:i“' dl-
g, First, we will express the closed-loop system in a stato-space regresent atiak
&1 % = [{x) as folbows:

dy iy
4, =4
X im ol SR : =
g =~ M7 q +q-1[hr.'r|.| = G ™ 4 B [& " + Cilr -q-.ﬁflﬁx]
G = = MG, + q.]ihl[fir — ™ + B[ 1" + Ol + ti--flr]"'ilrj
(3]
where @ = iy — s ¥ O = e — €« are the crmors betwern the joind position
of onch munipalator with respect to the comsenens position,

M, wor spllit Fx) intes hoomogeneons amd non-homogeneoas terms, sach thi
fix) = Fuix) + Cup(x), where £ (0) = 0 me=a be an AS equilibrivim poin
fon system Ky : % = fyfx) amd be honogeneons of megative degree. So. the
homogemneoiis gyatein Ky i sebected this way:
=
= f',.

- =M () [ Kl = &)™ + Bl |

G- = =M. '1u-][i'i'r[ﬁ- = ™ + B[q ™

i 1= (1)

o 2 o

|
and the hmnogrneity weights r = ir. ryry F:-] are mgpned o the vector field.
This clwsiew gives that Xy s (rorg = vy phomsogameme and, if 7 and rg mest (7],
then it s homogeneias of negatbne dignee

The mext step s vo prove that £ (00 = 00 A5, for this, consider the following
fanction, whidh s the |||:rr|mﬁHmmL-| ver=hon of {9):

roo_ L.y Ke .1 s K = o r
1-'!]' = E#I Mr[ﬂ»]‘ﬁa‘ =+ ﬁ"&r !'r‘l.- |f|- _Iflr e+ 1{-'51- - l:I-l'.l iy — “IJ “..j-:l

and its timederivative gives
Vur = ~Bi&] 4] ~ 14T 4] < 0 (16)

K.
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and uslng LaSalle's lnvarinnee Principle it i@ proved that (8) 5 AS for Ly

The Last stegs i3 0 prove that Xy s a valid homogenemis approgination of
siatem K. For this, it is reqpideesd thad the non-hmnogenooins teroe Ty g (5} =
) — (x) oot the vamishing conditiens, To stare, notiee that the first clements
Dggpy = 0 and Pyypa = 0 nh'l.w];' rm[lﬂ'r this conditions. Then, m-inp_; -HLHL"I\TH
manipualations we can abtain the fallowing expreston for Oy

Fpa = — [M7' (& +a.) - M7 Q. )] [Nl — &)™ + Bi& )]
— M, il + 9. )Cild + g.. .

To prove that By mests the vanishing conditions, we will prove that e
cdemend inshde i alse meets themn, stirting with e fist elemnat:

M7 ™ o+ ) = M e l] [ [ e = e )™ + B[]

fary=ry

Hany
P

bere, noties that Kyl e" 8 — e §, [ = e"WK [ — § )™ and Bi[e24 |P? =
£ HF B[ [P and, if (6) hodds, we get:

i [| (MG (o7 + b = M g )] (Rl = &)™ 4 Bi[d)™|
= || (M7 {a-) = M7 Haa)] (K& = &1 + Bilé]™]|| = 0.
I...'!qillﬁ r'rqnﬂyﬂ-mlll A we can shown tlaat the second tenm i By g also varishes

My e+ e G @+ e e

.!:i—t:}l 3 Farg =)

T
fe=dull

= "
= .h.l.'nlrmll“:' FEEL

= tg L Jéu)? [l:la;" =il

Lasthy, it only pest to prove that 1he pon-lesmogenesoaes omm £y g meets the
vaferahiieg cotedilan s

Py == jIﬂ; Y, +Q.) = M, II'l'l-'l'i (e [ar = @)™ + 8061
= 1r_| |E|.r +q-:|cr[ﬁr F-'-'-l--":l.r:"el:

which prool follows the wme steps as Uyga. Wikh this, it osly mest o inveke
Lemanm 3 to findsly the prood of concliesion B nnd Propesition 1.

4 Experimental resulis

I this sevibsn, we present a conparsen between the coatreller deseribed i
Propositbon 1 agabnst the well-kpown lEnear P +d controller with gravivy concel-
Indicn |13]. For this, we msed o sl DoF tedooporation system composed of o local
Kinn®™ Gend Ultrn-lightweight and a remote Kinom® Gen3 Lite mbotic arm
The experimental procedure consists in the following stages:
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3 Crop model formulation

It = woll kieown tlhat vardathons b water content affeet plagie growtls, tle waner
flow peoevss formes o soll-plant system. where water varkatiors direetly affecr the
roots of the plam [7][8]. Descripthon Is reprosented by the Tollowing:

L. Sodl waver avalbalsibicy.
* Wiier = nvnilabile For prowitle
F. dlry bismess nomlser.

Process is the movement of moleeoles, water tlat enters = equal to that
which i not userd by transpiration msl the stomsd ;

1y

T {Woehsnrptamn | — { W remsried (1)
(Wabsorption} = &, ( | f‘&} ry ()
{W remmoited } = pplr)&s + Fafa R

i (3] the verm Glr) B consbdered by transpiratbon and gk oee plang growth
Fate

T
L+ gy

For plant growth 3], the saristion in dry matter is conssdered, 2 mumber
af bicwimeses processesd in tine | oy maqnnqh:l:ul t il -'hinu limi B rmie of ||F.||||I:.
o remsali of osscentinl intent and clement @ drives sposd growth, oloesifention
nexvonling fao

i3 = —tglay —

i)

() the div mass oot grow: I e < O then p{r) = ﬁf—, * % | venls
.
(b} ¢ = 0, prescis @) = iﬁ;];.l-huw [ECTsss 1S e,
fepar=1ifr 3 1 then pla) = :—L—rg . thils caso = umenal sinee kv aqudckly
Eres= T Eaefs,
bl ehymampie system, whichs represnes the relaticoships given in equations (1)
to (4).

Ly play

r = =iy ——————— —dyFy ; +
1 l] + gy | Bl B i
. r TigF
g m iy baPis R L o, ) {5)
14 gy g i+ Lirdy
LEi ol Wi s W]
phe Rk v
TFa

Plane of tlwe previows system (5] b defied 2= (1), 50230 € B0 20,
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=
mlr)] = ﬂ.{] + i"'&"':} -y
-1
-ﬂ'..-[:r: = I'-I._' [] - '._E,i‘:::* = Fu'
(e} = el iR, = Loll=e = =fH3,
Jelxr:) - '\-?rflrall-:‘l, L -T:lﬁl,.-

wlwere A, A abe positive delote matrioes,

LEL

Iripait sdgzinal is define] as

l':fl"r

A :-Irh'tl_'r peitive matrix & gven thuet o pntrx A B =table, then the Ricoatd
cruntion pesitive

ATE & PA + PTP48=0) (1)

T=00, +2W;+ 4,

W= T, 0wy
W= W3t~ Wy Wi

HT-Hl Ay = J.'?.Ilf.

Weight npelating mde contadnesd in the differential ouronn] stractane: shown
i Fig. 1 = slwowis,

W, =-—mll,PAai#)T] 43
Wy = —aeKe Py )T &l 27| =
wlere eload zone s dofined by-
H
] e — :
R T2 BT (1)
fl

I]I:f_l B o= !'-,.—l. I:IJ:I

X iy

i u:II'.T

Lanmnmeny 1. of differentidle veclor giecs d{x] € B™,(r € R™) satisfies the
Lipechitz orndilivn plobelly, presents the constont [

Lfixs) = flmg}ll < Iz — xof| 1 =0 i15)
Jor any . re € B, properiy for 1 Ar e B ;
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Bfixr + Ax w i)+ T gpir)dr + 0y [ 1)
where e viefor va meeks |[rg]] = 20,04-)
Leamsarnn 2, A I-'.-.-:-'h'r.v Supietfon V{r) £ B"
Vizh = [le ~ ")l = o3 (a7)
[-]E = [I-ﬁ_}[-h.n'q;ﬁnrn! .'

I - N |
klpmd: % (1%)
i

and Viz) iz differentralble;
UVir) =2 e — = — gle = [ 19)
he ﬂ'.nrprur'.l'li'i: rrewland m §

Theorem 1. For a sgsieon of equofions form (6) e eorgonctaon wath pewml
reboerl (71 i ds drwe Bl

B, Wy + W, € ™ (20
where fdenbifirnfion ermre &y meeds folloudng equefion:
r
lizm g ._:—_f [ HI.J;"'J,"'T'" < . (21)
L

bee camdidate: Lymranee funciion and its dedvebive:

Viom ATPA, & e[ WK W | 4+t WKW, (22)
. e i reer i
e e |WE KU
Ve > (45 P ) |'J"f [ LT l-'] (2t

+ %rriﬁ";‘_,ﬁ'; My ',.J]

iwen that 2,20

f'r = -ﬁr-ﬁ-fu'll o PR R é'l;'rﬂl-"l + HAr
{24

wlieres
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[=ATP+ PA+ PYP+6
2 T Y o e

Dirly = il'l-'.,h.‘,‘ o .} b 2AT P e,
s T K "

Arf,q » ju-.,x,-'u-l_,; v 2 AT P, s

couatings learnlng matrloms:

ﬁ-l.i ax I‘i'-l.r- Iqi-.:e.r = li-:e.r (%)
i abrabsed
foy =0 feg=0 134x)
ix obraimed Vi baoamlod
Vi < sl Soade + 1) (1)
Rigle sicle of ehis ineagunlity cun be estinntod s follows:
Vi € selmin [P*Hw - JIiHJ'L‘-H“ = .l'] <0 (28]
i 0 € wf o 1, prooduoees:
Vi £ —A] By < —Af Badase + § (20)
|||.l11;;1|.li.|l,|.; {97} froan 0t T -
T
Vr— Vo< —f { 6y AT Ayt < i (301
Fmil

Binee Wig e W Wy g = Wag, Vo are bhoumded

T
_J'( [ 8, 8T At € Vg = Vil 5 Vi 4+ 70 (&)

(=1

5 Simulation results

DNN constant= initisbenion:

~% 00
Ag=| 0 -8 0 |5 =(7500)
0 -%
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I L =1 —(Ly + L) e
'z 11 1[.1 =+ L-]:I 'Ir ['I:l
iy 11 _ELI. + Lﬂ - _‘.
ty 1 -1 (£ + Ly} T
Therefore, the beal kineseatic of the fonrwheeled sammidinsctional model i given
by Eq, 5.
5 G | 1 | '
i -1 1 1 -1 '3
(i b

_.F.|+I.1 L,4-F.;|_LL+L; L:|+F.'l|- 'y

A teansformation matrix show in Eq.6 is veed to map vebocities from local frame

tin global framse,
cos (i) —sine[0) 0
.-lrlivl:i'!l m#l:ﬂl “ {5}

Replacung Edq. 5 b Eq. G, bverse kineimathe of the global (rane i3 obtain. this =
the kinematie of cach omanclirectional roehaot

va| _ |vBroaa) vEsin{a) (L + La)
'y \-l'r?wm:ufl \-"FE.err'Mlnj —[Ly + Ls)
ity Visin(o) —vBos(n) (L + L2)

"y l..l"'i_'ar'nlu] - \I'ri'?l'{#l:l'ﬂ —i Ly + L3 []
gl

wheere o = & 4 14-:

4  Edge-Weighted Formation Control

First, somee comropts of graph theory areexplain nest bo better comprebend robot
undivectied graph used for control . A dodirected graph with N elements is
didfinesl 5 €7 = (V.E), where £ C Vo= V & the ecge 2ot and V = {e.i0 =
L2 N s the vertex set of cardhinality N, £e = (o0, o] 15 the B edge of &
and represents bidivest baal edge compnuicatbon bebwesn ageat ¢ aml 3,

Then, vertex-tension function i defioe for every vertex v € V, as progeosed in
[10] vertex-tension fanction s defined s

Vi=Y ay [:mm [W) + %ur.,ur i P;*) (&)

FL
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wheee N = ¥y € V| i, §) € €] k& a sulset of pelghbars of the fth robot, and
Ry s a comstand that defines g rebaded posation of the minionm, for examle,
desired length between each couple of agente, o, defies itep-robot influenes, &
k= & safe distanee parameter for colliskon avaldamee, 1 = p—=py k= an edge vector,
where p; and py are the state of the dth and jth agents mespectively, V7" > 0
is defineel s

Y= Ll
Az progosed in [8] & connectod graph 5 ereated fn such way that esch vertox
g = Vs oonnected v, a1 loast, obe iripled {6, 5, &), where {{é, ), (7 &) (k0 = £
amd & signed area funetion is used for every triplet to svold ambiguities and local
minira. The set of all triplets {7, §, &) §s denoted by T, 0 ihi= st T s permmsterd
in n cyelien] manner, trinnghe form by the triipket is the same, the subsets of T,
can b defined ws {(6. )]0, i. k) & T} those sre all triplots where thae vertox o is
imvolved, The triphet-tension funrtion nsed for svery vertes is defined i Eqg, 10

I - d e
FT. - E §hT.JJ. “"l.ll- o "'*-.l.l.]'2 tlll]
Lk
whive hy, , € B apd Ky, > 0 this gain allows for avebding amldguities aml

Boral mbninsn, desired signed ares is represented by 57 and ourrent signesd aren

ks & whish i defined as:

.5'”1.-.'=$rfrt 111

PP A L)

which bt o triangh: who s either positive or oegative acoording to thae
ordering of %, Fyoaconnd the boundacy of the triangle is connterclockwise,
of clockwise [11].

A todal potentind function & defined bassl on Eq. 2 el Eq. 10,

N
v "El""' . Ve {12)

The tustal potential function V obeain before is the edge-weght fonction which is
disigned to ensure collision avoidanm betwesn agents @ and §, if the § parameter
is strictly greater than the distanee || The distance between rodsds ¢ amld
is given by

Il = & + Kygmesch (/) (13]

when this function reaches its minimam the magmitude of the sdge vector be-
conies the sperifive] s desinel,



178 | Emerging Trajectories. Advances in Cyber-Physical Systens, Biorobotics. . .




Formation Control with Area Constraints for Omnidirectional Mobile Robots| 179




180 | Emerging Trajectories. Advances in Cyber-Physical Systens, Biorobotics. . .




Formation Control with Area Constraints for Omnidirectional Mobile Robots| 181




182 | Emerging Trajectories. Advances in Cyber-Physical Systems, Biorobotics. . .




https://doi.org/10.61728/AE20255039 L& “

183



184 | Emerging Trajectories. Advances in Cyber-Physical Systens, Biorobotics. . .




Expert PID Algorithm for Autonomons Navigation of an Octocopter UAL”| 185




186 | Emerging Trajectories. Advances in Cyber-Physical Systens, Biorobotics. . .




Expert PID Algorithm for Autonomons Navigation of an Octocopter UAL"| 187




188 | Emerging Trajectories. Advances in Cyber-Physical Systems, Biorobotics. . .

L1 Rules for Expert FID controller

The Expert MD rules are designed for cach controller of the octocepter UAY, These
rales are given as fodlows:

Rule i When ledr)] = M. the strongest PID conirolier is used w minimize enor
quickly.

) = Cu (ke () + Ry 2210

Riile 2 When e (flde (f] = 0o Le (5] =10, twi comditions are eomisdered as follow:
Aostranger P controller is used if |e (1) = My,

+ I:lrl"u'rr ” il

wlt) = wr—1)+ 12
Kiclbpeecr) + *.ﬁd:'—:” +hicei()

A weak PID controdler is wsed i |e 0] < M.

wall) o wfr = 1]+ 135
bl ) + ke 2 ke )

Bule 3 When eo{f JAe-Ar) < I Aecitide 4 = 1] 2 oor e8] = 0 which indicages the
ahwolute of eoror vilue temds 1o smaller or constam value, the cpatrol ing can hold,

o (1] = w1} i 14

Hule 4 When o (f|deg(0) < 0, and Ao (rJdec(f = 1] = 0, which indicates the enmor
vitlue 15 in extrenmsn stabe, Two comlitons are considered as follows:
A siromg PLY comtroller is nsed if the absolole ervor vidue is big, jeclf )] 2= M.

wlt) = wer—1) + i15]
AeAr)
t

A weaker MD controdler s wsad il the absolute ervor valee B small, |eeir]] = M5,

ﬂ._ui.l:lr..—erll'l + e + Kt I}

mlt) = wfr—1) + i 16

e (bl + g, 2500

I
Riile 5 When |e(f]] < & indicales that the error magnificle approaches a very small
value, a signilcantly weaker PID controd drmtegy B nsed for rechesing e stalic
Sfror.

+ ke 1)

drr[l"l-

(1]
Where de (f ) = e {f f =t = 1) dee{r =1} medlt = 1] =efr = 2), andd e (7] = o) +
e lr iy Ads, ke = ka5 ka0 kg o ke are the gn.irm il sed the :q.l.r-:ngﬂi ol the P13
conkridler tlrpcnrling o the nale.

() = b {kpor (1) + Ky + ke lr]) (17
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ol the rotors, including their minimam and maximam retation speeds, The saturation
functions comssder ibe practical limits of the motor angular velocity, This specific saba-
ratici Tuncion 15 dedined as;

e oy 2 an
i =Sl = CTR TR TR T {2}
T T .

4.2 Alitude controller

The total thrust aligeed with Zy, B oot necessarily directsd along the inertial frame e,
The thrust contrd 15 conmected wo ihe altimde comroller and bs calculated hased on the
roll and pitch angles. The dymmmilcs of the desired thrast force iy s proposed as Fr by
the sctaators, with the alin of cisaring that the gationary oF ssceading ight reglne &
rnaintained, keading o the following femulation:

h. Tm‘ﬂlﬂ:—ﬂlﬂc] (23}

where §7 and H#"' are constraaned o avodd the singularty presenied af =W adey ], amd
the thimst ¢omtrol Fre is reached by an altitude Expert PID controdler, ssich that this
controdler is defined as

Aer]
(]

ir; = koo (1) kg + kel 24
where e, = 25— 1 2 15 defbned a5 the altinde ereor, & s identifled as the desined altitude,
amd = b peferred o as the currest aliede. To enhance rajectory racking. o salEralion
function i applied o the desared thnest force. The sanirated thrust controlber &5 fosm-
Ested as Follows:

P iR 2,
F o Sal(Fre)m {4 Fr. if B <Fre<Fr, (25

4.3 Adtitede controller

Deefining a controller vector i, = [y, s, Wy s the main focus of the control prob-
e, Tor neanage the oclooopler UAY altimsde, o specerlionsd PAEY contmd straegy is im-
|:|'I|."rn|.-|1b:d. Based on the definition cstnblishad in vector | 10, the external momems ore
reformulited and expressed sccording fo the proposed controld faw, ns detoiled bere:

= | kppeals) + kap L 4 kigeis(i) (26)

[H-
L)
el | haprgli) + by 22 ke ()

Then wy. ug, unl 4y represent the Expert PID contmoller Law for masaging the oclo-
copler LAY oftifmde. The Im'pu:l;nr}- I::lqkirl@ o the nBtElonde comngd syslem i enbanced

hpoealr) +kao “ 2 + Kipeiglt)
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RMS = {8}

B, Maxsmuam Amplifsde, s the maximum valee of the sagsal among all ampli-
e values of the signal,

AMpPyy,, = max(x) (L)

7. Mo Anaplaude, s the mmnmmem valoe of the sagnal among all mplllndl.:
values of the signal.

Ampgi, = min{x) (i)

The Iiﬂhwm;p 5 features are (requency doman fealures and consst of the sum of
the magnaucke specimim coelheents oblamed through the Foener Transiomm or the area
uisder the curve for § lrequency bands ino which the EMOG spectnem was divided {0-
Dk, Db0-20n00, 2001200, 200D 4000, A01-500 Hz) cadeulsted as shown in equation (11).

5
Auy = Y XA (i

=1

where Apyp s the arcs under the curve in the evaluated fequency bamd, and i, ranging
fromm | 1o M, repiescnts the spectnem coe Micients in the studicd frequensy Bansd.

Onoe the featsres were extracied fromn cach signal, a daia chassification procsss was
performed. This classification involved wsing ihe Mailab® app. Classification [ewmer,
which olbews us 1o inpul the features of each signal 10 wlentily and classily (he dota
biehavaor, Thes app enables the e ol difleren! classihcatien methods such as lmear
regression, qualdratic regression, deasion mees, suppont vector machnves SV, clc,
lia thas study, an B-fold cross-valilation was applicd, and the Feamines were subgectod 1o
each classifier to determine which one achicved the best performance.
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2.1 Direct Methods

Diiveer methods inelude o varety of tochpigue desigood to compane inange re-
g direetly. The ned commonly wsed approache wre Sum of Sgunmed THE
fereniees [S5D] and Sum of Absclute Differences (BAD), which memsuare simi-
Inrity by computing pixe] intensity differences, Additionally, correlation-tused
wethods mesess the degoee of sSodladey between liage poiches, whille Muawal
Informntion is (requently emploved m omlimodal inage registration be max-
imsime shored information between images, Thise methods emlonte similarity
meastres between pioel wlues, making them particnlarly effective for processing
well-alignel images with minimal distortions 5], Fartlier details alsat promi-
nedt alivect usethods are provided io the following paragraphs; their mlantages
mpd :ILﬂu:Iwmlnﬁ'-.- mee sunpmarioed i Trble 2,

Sum aof Absolute Difference (SAD). The SAD i= o smple and effctioe
micthod for image stitching, e=pecially when motion estinstien &= required [9], It
calenlutes the abscline difference betaeen pioel tensiitbes of two bnages y aml
Iyt differemt displceneuts

SAD(, fa) = 3 [hir, ) = Dl w)] n

T,

A low SAD wiluie indicates gowd alignownt betveen the two bmages, helping di-
teroine e optino] trasformation for stitching.

Sum of Squarsd Difference (S5D). Tle 55D = an allernative similanty
it ric weed for alignment. By soqoaring the pisel intensity differenoes, 550 om-
phinsizes bnrger discrepancics more than SAD;

SED{u) =¥ [falx; +u) — L= {2)

Minimizing S50 allows for bocnting ovorlapping regions letween imnges, ensar-
ing an securate aliznment| 10],

Cros=correlation measure= the intensity similisity between twoe bnages by
compating thoir dot product:

Clls bz} =3 Lz o) Tale.m) i
X

where Cm, n) pepresents the correlation wlue for o displacement (i, i), This
method is iuirllh'uhl.rl_'r wse:ful foe 1:||.-1.-|~|.1.i||,;|.e; ok Raerns nnd ||.|'|;|,|I||.i:||q inEges with
poepotitive textures [10],

Normalized Cross-Correlation (NOC) When brightuess wrintions exist
leetween lmages, Normalieed Cross-Corpelation (NOC) provides a more polast
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SBcale-Invariant Feature Transform (SIFT). Introduweed by Lowe [3], this
algorithm idotifics moluest koy peints that are invariant to geometric transb-
prations and Whiniation changes. [t wses lemsity gradients to cpeate anbqee
deseriptors that enabde precise mntching between imiges.

Speod-Up Robust Features (SURF), Propossd sz an lmpeovemsent over
SIFT bw Herbert Bay [1], SURF cmplovs Haar woveler pesporsies to awocelerate
the detection mod :hrrip-iiml Process. Ii &= paurd i.r|:||1||'|.3,' efective i Jl.pplir::li-.'-ml
pecuiiring peal-thime processing due to its lower computatisen] conplexity,

Oriented FAST amd Rotated BRIEF (ORB). An officient alternative to
SIFT and SURF, ORB combines the FAST detector and the BRIEF descriptior,
optlmkzing them for specd and robostisess wiile alse beling invarkant to pobation
el seake [12]

EAZE and AKAZE. KAZE detecis keypolnts ln poulinesy scale spaoes using
diffusion equuations, which allows for better edge preservation compared to lin-
car metlocds. AKAZE, an the othor hand, = a fieter semion of KAZE, designed
for real-timw applications, Both algorithems are purticularly nsefnl in sormnrios
repuiring ligh-precision featiure detection [134],

BRISK (Binary Robust Invariant Scalabhle Keyvpoings) BGRISK identifies
kevpotnts wslng a cleealar sampling pattern and determines their orbentation
basea] om bocal gradients, It generates o Iinary deseriptor by comparing lntensity
praiirs witlin the sanspling pattern [14). This algorithm is well=ited G real-time
applications and resource-constraieesd systems,

FREAK (Fazsi Retina Keypoint) FREAK emplovs o metinasanspinsd sam-
g pttern bo detert keypoints sl creates a hinary descriptor by comparing
pixel pairs within the pattern, This approach mimics the lommon visnal system
b endeanes elficleney (15, FREAK B highly sickent and s comnoonly wsed in
mhile and low-power applications.

Chipee the features sie detected, the sext sep s to Bud correspondonos bae-
twreen Lhe images. This is achieved] by compparing the feature deseriptors using
distance metties, sl s the Ewclidean distass. To improse seoumey, foeh-
niques like the following are applicd:

1. Lowe's ratlo test: Filters andviguons matcles by comparing el distanee
of the meanest |H-igl‘|iuq with that of the sccond nearest :u-ij;_llimr [:'I'_.

2, K-NN (k-Nearest Melglibors): Fimds tlse k chosest peiches for coch fisee
Riare |16,

3 FLANN (Fast Library for Approximate Nearest Neighbors): De-
signed 1o cffickently maibel lange sets of deseriptors, FLANK s particularly
wiseli] i projects lavelving bigh-resolistion mnges.
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By defining the following state spoce varialdes as

xy & sinfu £); xg B pofre ) anad TR ]
thiw corresponding dynamical deseription In state space for (1) becames
J"| &= hrrg

fg = —WF] (4}
w = Ain coed oy + Amsind £y,

Additionally, for the case when the signal &)) contains & constant eomponst,
given in (] ax ?. then the following state variable can b added to (4] as
dp = (a)

with initial condition 2{0] = @o/2. Then, the complete signal moded described
b [0)-(5) can be presented in a matriz foom s

LU T

im |00 w|= (6)
[ =T ¥

with r = lrg oy r3]" ol corresposding oatpet as

y=[1 Amcosf Amsing] s (7}

Matice the previous analvsis is for one harmonie, e, & = 1, where the
definition of two state viriablies 5 nembed, Now, the previoes modding procedare
can be ensily extended to finite values of N, and additionally, from practical
consilerations, signal (1] i3 assumed to be alfected By noise, resulting i a
gemeral systens ns

F=Ar+wn (&}

mad ot paat
[T A L (9)

where the space stabe r & BN ks defiped na
£ T
F=|To Ty Xy - Pax_p Tov |

el matrioes

[ & 0--- 0O O]
o0 o 00
[T | S | R |
00 0 wy
0 n —iAtr sy b
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beml, Tleeir Jower relloctanee in the NIR band coadirmes the prEcnee of plysio-
loggienl serese.

o CMNN Architectuwro

6.1  Envircomment Scetup and Libraries

For the development of the puelel, nooerien] procesabig and muolebgsectend fme
g pinumpeilntion Hleaties were tsal, sach as BusPy, rasterio, OpenCV, wxl
TensorFlew. The cone conde wns implanentesd in Python, ising Keras for buill-
g the CNN

6.2 Caleulation and Analysis of Vegetation Indices

Froun the mnltispectral imnges, fve vegetation ncdices were calboulatesl. Additio-
ally, thedr statisticnl featuns wens extracted to airkch the datosct nnd hoprove
cliaafiention in the CNN.

.3 Image Preprocessing

The multispectml mnges o 2if fornt were procesad osing rastesio nwd
rostead to 20w 324 paxels for wse i the NN The proproeessang steps osclided
cibeulinting vepetation bslices, extracting =t istical festures, wwl lnbheding the
g e il el withiout syoeptoins” or "leal witly sysoploges”,

A4 Festure Vector Constrosction

A Bendure vedtor was crented by combining tle pormandized multispectod image
(224 x 324 = ) with w =1 aof 25 =tntisticul femtures fronn tlse vepetntion b
dices. This combinateon allows the CNN to leverage both spetinl paformation
el momerical metrics, enbiancing classfiontan secumey.

5.5  Data Loading aed Concatenation

Tha [RITTIES mil nhels frooms hotl ETOLIpS W londisl sl copextenstod o
single datn montnx, slong with the atmtistionl fentures of the wegetation imdioes
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Emotlon X Y &
Hingynirsess L7668 .35
Anger DLAF AT 034
Fear <060 QUG 0,45
Spulness <0065 02T 0,33
“Table 1. Coorlmusies [or swch sanolicn.

Ench sigmal s compared to predefined reforenco points in the thresdimensional
space (Tabde 1), represcating emotions of bappiness, sadness, fear, mwd anger,
Signal is classificd with cmotion corresponding to the closest point in terms of
Enclicenn cistmes, s abitnining sl dniie for emotionnd ¢ beedBeatian.

2.2 Mewrnl Network Design

Two neural petwork pelels ape deslgined to observe their behavior with diffegent
activition functions,

First newral network s desigoad with 3 mputs, ope bibden layer containing
A penrons with o yperholle tangent (faod ] activation fuection, ad finally an
oupfpait layer with 4 mearons ad & linear activatbon function. This design ajms
tar etatnte 4 hyperplones capable of correetly separating esnotions,

fiz)=x 2]
tanfjx) = :-J—r-_ll:;;: ()

The secoml mobel followed the snme pattern ns the first, with & inpots, o bidden
bayer of 5 newrons with o tanh activation fanction, and o fEeal oatpat laver with
a Soltmny activation lunction aimld 4 outpits o clasily the 4 different emotions
present in this stwdy to predict both neural petworks are troined using data
translonmed into dominuee-activt ien=valemee spoce, with the goal of predicting
ot corresponding smotisn.

o {) o e
No e EJ e {4)

Inpauts to use are the thoee values obtainsd in cliarmcterization phase, Vilues
are dominance for temperanire, valence for heart rate and activatbon for <kin
bmpeeclance.

Selection of these metivation functions i based on the tvpe of data that is
busingg s, Funetson selected for the Ridden bayer [tanh) is chosen because of
data beimg hanills] & normaliesd between =1 and 1 and Phis Aoection cas work
with both megative and positive valwes, As for activation functions for outpat
I-u;n:: {Liigeas amd Softinas), this dicke i= anade Lo CU e temialls b vlassilaenlion
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tochnlques such as the KF and s extomded verslon struggle due to thelr relianee
ons Clanssian polse assumptions and beeal locarization 3],

In a PPF. the posteror distribution of the stete given the sequence of mes-
suremeatas 51 : k) B approximated as

N
)| 2 k) = (k) k) — k) {6

(|

whieres

fal ] s the sampled particls, which reprosent pessible realizotions of the
LT EY

— wil k] are the mportanee weights, imdicating the likelihood of @ach particle
given the observations.

— -} i the Dirme delta function, which expreses the fact that the posterior is
approximated by a set of diserete sanples rather thas o continuons fanction

I7]-

This formulation allows PF to approximato arhitrary probabilicy distribo-
tions, making it wore pobust for real-workl apgplications where sensor noée and
enviromneninl distorbanoes often exhibit wultimodn] o henvy=tniled distribua-
ticns |E, ]2|-

3.1 PF Algorithm Stops

PF operntes sequentially as follows:

1, Imitinlization Particles are randomly sampled from s opiform distribution
m

Pl ) =~ Ul i P b i7)
and nitbhized with equal weights:
1

w0 = W pa iy &)

2. Prediction Each particle evolvs aeconding to an importance densaty fuise-

tion |3]:
k] e mgl kW pa bk = 10, (k1) {1}
In practics, this i= often chosen as the systom's transition medel:
el = Flp (k= 1} wik], il = 1)) (1)

. Wﬂ-l:'hl: Uprhl-n Faarl pﬂ.rﬁrh: weight i= niljll:d‘ﬂl hsasal om thie iImensaremmaest
likelihood |7
ada(le] = o (ke = L)p{ 2( k)| (K] (1)
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4.3 Weight Update

The weight wpdate step refines the probability distribotion over the RHONN
'lﬂﬁ,glll.a 1::'. mﬁ;nlh].; hig;]:.l.'r h't':igh[a Lo purl!:il.'lm thint bettor naateli the observed
syatem bebovior. The momsurcaoent likelibood s computed uwsing o Gaussian

distribution [5.8]:
plaliei |, (k)] = N{2(k): e k) of ) i21)

where a2 represents the variance of the measarement noise, The weights are then
updated using Bayes' rule:

wilk} = wo (b = D)pir| k), (K} (22}
Finally, the weights are sormnlized o ensure they sum to unity:
. __.‘“'.:I
o, (k) = —p———— 2]
papPTY

This normambization step maintains n valid probabilistic interpretation of the
particle weghts 7).

4.4 Resampling

Resamnpling is performed 1o prevent degenerney, acamimon isse in particle floees
where most particles emd up with wegligible weights. [3, 4], The effsctive sample
size = compiabed as;
e : (24)
R AT
I Vg falls below n predefined threshold (eg, V20, sesampling s triggened,
This step removes particless with low welghts and duplicates these with higher
weiglits, ensuring that the weiglt distribution remnins well-repoesented:

() o g () (25

wlere T{a) is an index mapping fnction that selects particles based on their
weiglits, Svstematic resampling is commonly used due to jis computatbonal effi-
cheney and rodueed wasanee 6],

4.5 Weight Estimation

Afver resampling, the RHONN weights ape estimated by compuating the weighted
avernge over all pariices;

N
k) m 3w (B (k) (26)

am]



Neural Identifier Training with Particle Filters| 407




408 | Emerging Trajectories. Advances in Cyber-Physical Systems, Biorobotics. ..

= b & the damping cocflicient, representing energy loss dae to frictlon or alr
BT

= Pepreaents process dse, which introduces stochastic perturbations to the
system dynamics,

For system idennification, we employ a RHONN model, which approximates
e 2vstenn's beliavior throagl salagdive wedplt updates, The diserete-tine RHONN
nkde] i defiped as:

wyfk + 1) = g S{pgik)) + wigS{aakn? (281
xalk + 1) = wn S{xa k)P + waSixgik))

where 5{-} was chesen as the hyperbolic tangent funetbon, and sy, are the online
Erainex] ilm'igh!-m

The initial conditions for both the pendubom systen und the RHONN mombels
traine] with the PF and EKF are identical:

Xil0) = iy (0] = 2y (0] == ; (2]

xa{0) = agp, (0] = gy, (0) = 0 (30

This ensures o fair comparison between the two training approaches.
The training was performed using:

- EKF; Thi= methind pesmmes Gaussian poise and relies on local linesrizathon,
peteatinlly limiting its cffectivencss in highly ponlisenr settings,

= PF: Thiz method eatimates the pestersor distribation of the RHONK weights
g @ el of particls, allowing i to badle non-Goussian moise sl stoong
s linenrities,

Results and Performanese Analysls The systom mesponse, eetimated by both
FEHOMNN madels, is shown in Figure 1 The PF-teaieed BHOMNN demonstrates
superior sceyracy i tracking the pendulum’s oot ion, particalarly in the presenee
of Laplacian nodss This i= hertlser valid sted ||.|.rnu,g]| cpuantitative mnnlvsis af the
MEE, presented in Tnble 1,
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KoyOhservations:

— The PFbwsed BHONN nchievs significantly lower MSE wloes compared
tia Uhe ERF-lased BHONMN, with a 77.5% redisetion b pessition estimition
error aml a 5365 meduction in velocity sstimation error.

— The dilfevence in performuanee & more prenounced in welocity estimation,
where EKF strogghes chiee ta its relianee on local linearization.

— The preence of Lapincian poise degrades EKF perdfonmapee mone severely
thaay PF, reinforcing the lntter's ndvantoge in hamiling non-Gooston anoer-
tnimbies,

5.2 Duffing Oscillnbor System

The Dufling cecillator is a woll-knows noalinear system osed o meaosde] oscillis-
tory phenonena in plysdes and engineering. Tt is commonly emploved 1o stady
clhinatic bebmvtor, bistable l.'l:'.'llrl.l:llil.'.". aind resonanee effocts. The l}uﬂih,g; efiEntion
demscribis the motion of & daapesl, pericdically dmven ecllator with a oolizens
restoriig foree and &= given by

i i
r_rJ'f;- v ﬁ-;-; + ox o+ Gt w oy coslut) + o (31

W lierpis
— r tepreseiits the system's displocament.

— A i the domping cosffieient, governing enemgy dissipation.
— o mwl 3 elefipe the ponlinear sestoring foroe, with S introducing nonline
carity,
— = represents the external forcing amplitade.
= & is the forcing frequency.
= e the process neise, modoling external perturbations,
This system ieclibbts bt preriodic and clnotie motion, depending on parmm-
ctor values, making it o chalbmging benchmark for system identification,
Tor approcimmte the Dufling cecillntor’s dynamies, it is emploved o RHONN,
following the discrete-time nepresentintion:
rylk + 1) = wny S () + wy g Sx(k)) a2)
ralk + 1) = wy Sy (E]F + maaS{yalE) )
whan=

— ¥|-] Bn u.im'uniilﬂ.t et ivtion fusction casuring sk I, Bosamelesl et ks
- wyy are the adaptive weights, updated during traising,

The indtin] comditions for baoth the [:lllﬂiu; syt wpd the RHOMNN musiels
traineed with PF and EKF are st o

".I[r'l] = Ll pp I:“.I' - :Irrh'rinnl - 2 ‘m:l
¥l = .rg‘.rll.'ll == I-;-II.*,.H.” =1 IS-I:I

This ensures consistency in evaluating both training appoosches ander fden-
tical comditions,
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blink frequency, dumbon of each blink amd PERCLOS (percentage of eye closune)
These data ane processed through a Gl-second shding window, allowing detection of
temporal patiems mdicative of decreased aleriness. Implementation of detection sy<tem
s oplimied o mmameze lmfency, ensurmg thal alerts are generaled moa nmeky and
pecUnEe mManier.

13 Reoypanse Sysilem

Based om the analvsas of detected stales, svslem mmplements Dao nesponse levels pros
posimg namber |, os value of chosed eye, wnd vadwe 0 25 valoe of open eve designed o
mkervene effectively wpon detection of reduced alent states:

Stage | responose. Uipson detechion of prolonged state | sequences {>400nms), the system
netiviles o 2000F L medible alert vin a busser, seeking 1o regwin the dnver's allention i
an anmedinte and won-imosive oeined. Tlas abert is desigived to be low] anough toe
caphure attentn without causmg sddiinonal desiracton.

Stape 2 response. When a mamianed state | (>300ms) s detecied, the syvsiom aciinvales
1 series of more inlense responses, including

Emergency Lights. LEDs thal simulate emergency Tashing hghis, alemtmg both dovir
ard odleer rosmd users, Thas visual xigrul 15 enecuel o worm other drmvers of o F-ullmtiul
problem

Brakirg Aciurfor. Activation of an sclsstor that ssmulstes te ability te stop vehecks
safely, demonsiratmg podental for direct mterventson i vehcle controd. Thes actualor
is designed to integrate with wehicle's braking systems, providing controlked decelers-
Lic.

Avdible Aleri. Mantenance of sudible alert to ensure that dover receives waming
Combinatien of msdible and visual signals maximizes likelibosd that dover will re-
sprond appropreately.

3 Discussion, Application, Trends and Opporiunities

N | Inmovation

Thas vkl aimis ke inbnolsce an mmosative sedutson maslomelive mdusiny, I'u-cmm[:_ an
road safety and driver well- being, Through processing of Biomedicnl signaks, it secks
b revorhutsoniee the way an which vehicles monitor drver’s beahh and conditeon, allow-
g these systems o predict and fesct toonsk silsbions.

As part of this inpevation, aim is B encoumge mawe ellechve human-vehicls
micraciion, thus maproving devisg conditions asd pronwoting healiby habits, as well as
pmpaianee of adequabe resl. In addwon, company plans. 0 collaborle with anbssslse
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where:

!

1]

S{Ey) Ry o ]
N, = Y|
[ Y7Llo Ry

"u['r,r -
and 51} is en antisymmetric matrix generated by vector £,
The classie haerarehical mulitask seheme for two tasks, where the primary is goor-
dination mwsing the relabve Jacobzm s

§ = JE(Re, + K€a) + O = FReliE (He, + K2é) ()

where o is the Moore-Penrose pseudo-inverse of the relative Jacobin, f,d is e
desined relative end-effecior mofion vedlor, K, and K3 are gams matnx that delne the
convergenee, g is the relative position and rotation erod, the temn {F = Jgfy ) 15 the
null space progecihon of the prmary task, Jy s o Jacobian matnx designed for the
socondary task, Xy, 15t desired mobion vector for sceomdary sk, and &, 15 the ermor
defined for secondary task

Crains Ky and K, are iunned manually o achieve best performance. However, in
thas wimk we proposed o owse: WEPID approasch g adapt tbem eabine

3 Newral incremental PID approach

The stracture for the NEI-PID e illusisated on Fig. 2, and the comrol action given by
the NI-PID is defined by [9];

with = wlt — 1)+ Au(t) = wlt — 1} + Ky Z iy (E )y 2} 5

where Kpyp 15 o scalar gain, iy, are the nemilived weights, and ¥, (8 are the newron
inpuis that represent the PID emors:

wlE) = epplt)
¥ale) = epip(t) = epplt = 1) (6]
yalt) = epp(t) = 2epp (€ = 1) +#py(t = 2)
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convergence speed, These hvbrid 2lgedithens consist of o combanarion of exisiang 2l porithens such
PS50 and TOO | 3] or 3 combinagion of existing alporithis with chaofic searches such as an Ingeoved-
P50 | 13), Differential bog coloy | [4], and Differcatinl Evolation methods | 15]

The Seifish Herd Oplimizer & 8 novel swaem opiimizackon algeeichm dug ke sirscied agention hy
s pemakable perfoemmngs | 1G] The MHO has been spediod mo solve divesss engmgcnng probiaem
[17-20] Al thee same dme. menvel vimants kave ciserped 1o mnprove its perfonmanss while maintaning
e esacnos al he SHOL. Amosg (e most potable ones are the Relined Seifish Heed Optinsiecr
(RSHO)[21], a Chadtic Selfish Hod Oplimiaer {CSHO0 (221, and Selfh Herd Optimieer with Lovy-
Flighs |21}

This paper i organized as follows, in section 2 the dynaméc economic dispasch probliem defined, with
ihe gomsirasnis handled, secon 3 deseribes the Selfish Herd Opiimizer as well as (5rge Emproved
versions of 1he same, in soction 4 is explained bow (hese abporithmd were mmplemented foe DED
peoblem, the resuhs of this work mre s secien 3, asd the conclusions arg presss in seclion &,

2. Problem Fonmulation

The Bynamic Economas Dispaich is pddressed as to simulianeously mimimice the power producison
cost and meet the power syviem’s lood demand a8 well ns several ather sysioms consgmings over the
operatng horizon and can be defied as

T

f:-m:..;' ”_ﬁ[p” ()

whiwe F st woial fuel com orver all e dispaich periods. ¥ i s number of anervals imthe ime
hoeteon, & i i samber of pemerming smiis pf &5t powes cwtpul of B peserasing wndl ab tme 1,
Filpd b s he Beel cost of dh generatisg wnil ol the cunpa of pf,

Usisally, U [iasl o aleach pemsrating unit is M‘ﬂ'ﬁﬂl‘ﬂ‘ﬂ a5a quﬂ'am (1= 30 ] j!llﬂ}ﬂ'l'l]l'l ([TEEEH]
and is dcflined as:

filpgd = iy + bypy + ¢y (2]

where oy, &, and ¢ are the coeflicksnis of the pemerming unin §, Nevertheboss, im real power svsicms
with Lurge sicams furhings (hair sicam valves peoduce o coacidenble increment in fiel oost due 1ehe
wiire danwing ¢ Mect cach e that hs valves ang opened which makes the prastical olpeetivg fusson
(21 have nop-deTerantiable poinis. Hesee, in order o make (B2 ¢osn funclios of the penerstion unics
acoording 1o real syanos a sinusidal commponont is imclodod. as deflined on oquation (%)

filpy) = ap + bypy + oy + Ids’f"' '["I{-F'Imu =~ F‘i}}l 63

whime o), amd & 20 the coeiliowenis of the generabing uni i,
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2 1. Consirminis

h Povwor Halamge,

The s oF e poer pencrstod by cach pencraring ond o o b oqual o ihe powsr demandod i
the [ phias the wal mansmassion loss of cach 1Eme inerval £

3ot w3t @

I=%

whize pf, is the woial boad desnasd for time interval ¢ s pf is che rasemission power ks om (Ene
insgrval 1. and & calculaied with Kron's loss foemly keonwm a5 B-manriy coglicicms

NN L]
n:-zEpfmmH;ﬂm'-rﬂm %

iml =i

“‘l‘ﬂ"."ﬂ;_l i e il elemicnt oF the loss coeilacsel squane matrix. By, i3 the wh elemen ol the loss
coeTTiciom vochor and B & 1he loss coe fTckent oonstand

ii. Operating Limis

Pimds S P % Pisine | = L5 Nt = 12T e

whone 1 By i 388 ) e 200 minsmuns and maxmmom poser dulpul oe poferalion wel &
LIS Ramp rags limats

In order to profong the bile of goncrators, 11 8 sotoisary 0 issure the thormal sieess within the
acoepable range af frbine | 16]

This mockanagal mesiriclion s usually eonveriod 10 a comsiraimi om the rac of imcnsise [rang-up) or
decrease (ramp-dowm) of the genemtor oatpul whach is called mmp ric limiis [ 14]. The amp limis
are im fudied im DVEDY probdens §o cresure the wts works on oo Sesmsibde 2one and are defined as;

=g s Uy

im13. . M= L3 .T iTh
tept = DR

whese LR and R, are the wp-rase and doan-ramp lendis of the ah generaion,

i Algonithm's everview
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The S¢lfish Herd Oplimbect 5@ movel swanm aplisnizatson algoighim praposed by Fausioea, al (2007
for sodving optimisilion problans [16]. The algonthm s mspired in the behavsors described an
Hammilsan s seifizh herd thsoory {19710 [19]. Thse alporithm cossidors oo dilferent kinds ol warch
agemls: prodators and prey. Each of these agents” moverments are conducied by a sel of umique nales
ard operaors hased on the observed mamral behavior of imdividemals on a selfish berd whille they ase

crdangered by a pack of hungry predaices. (17,
1.1, Omginal Selfish Herd Oprimizer,

3.1, 1. Population Enlikalizaiion

The algoridms begans wigh a set X el individuats that ingludes fwo groups of animals, b prevs B
ardl he predatord P, cach imdvidual position (Y= [xe %s . o)) whete Vi the woal sumber of
individuals & reproscnied by a a-dimensicmal voetor a=fxie. s oo K] which will rcpresent a
Teasthle sefution for a coraim optimization problem. The poditions are randomly initiakisod 2= Folloas:

am, = lim{™ + rand(0,1) = {Lim}*** — tim™ )
%)
=12 N =120

wheie Ifrlr:"“ andd Jim{™ repecsent the upper snd lerer Bimies. of the scarch space respectinely a8
well as f and f correspond 10 s individual mdey and paramcter indes of cach amimal. The romiIL 1}
denotcs. a random feal nuistst in B micial of [0,1]

1.1.2 Population splil.

SHO employs two differest ppes of scarch agenis: the berd I={hehe . bl and the predaiors
F={peps.. . pop) whene N comesponds so the ioial numher of preys /f and N, comesponds to the total
nusnber of peedaors #, sisch that A=HUP and the nunsber of isdividuals for each group is sandomldy
sxhectad s Follows:

Ny = Floor(N » Fend(0.7.0.9]) (

Ny = W= N, (1

whize ramdy @ 7,081 denoies 3 mandoms number berween [0,70,%) and Soory mags arcal eember 1o an
IbEEET T

LA Survival value.

In SHO the survival capabilice of cach todividual o either dee chande of survive o predanoe’s amack
of the chance o sucdess killing a prey aocotdmgly) i assigned with a survinal value 3o, asd o
ripresents fls sunaval aptitede which 18 the quality of the solation and = relakive 1o the curment
posdtion within the solulion space. The 517, is dellined as:
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= Flae) — fent

111
fu-.- - rl-urq

wﬂ:

whire Pl ) denoies the Mness vakie comesposdiing 1o 1he gvalunios ol b ohieetive g 1 Sor
ifvidual ai. fow amd foww comresponds o (he best amd worst fimos values found so far by the
evoluonary process of the algedishm. Considentng a mavimisation problein ihese values are delined
i

foer = mr{{mﬂ-r{.l’[ml]'}‘] (2
[ 1T {[mnmm-}]:lJ 013

JEOLE k) e (012 .. N}

whore k is the cosment jlemidon

3,1.4.5¢1ish Herd enovemnents,

SHO divades the berd popalation in three d&fereni roles i onder 1o model the dissingtive decisicn-
mking hehaviges.

1140 Hard s leader.

T beadier o the: Begred g5 the sndividizal whose positaon tnsids the Bend 2 gereEation prommdes. I 1o have
thee highest Chasses of susvivang o peodades altsck | Eshel e al. 2001] Henee an cach iteration L. the
alporithen asipnes 2 singhe idividhal A, as e leader of (B scifish hord. The individual i i choson
by comiidering the current survival value of cach imdividual of e herd's aggregation a:

o = (ht e ht |5F'¢ =ie [:D::.m_] [y ]} 14

The prey individual poxsessing the highes! saraval valoe among all stber members of AT & asaipned
ke lesder, his will scour Toe cach iteration.

Then iwo types of movemenis are perfommed based cm the sevinal vahee of the leader, thew
oIS are sevnimgl ceoperalive dealerskip mnd apewdi sedfink feooerside, ond they are defined
ik

by 4+t I_,I’.'i'lf'.: =}
R (RE1)
il +.1""1,|".Fl",.i-¢l
whane ¢ 1§ a movemenl vector, whidh nepresens (he dodesion taken by the lesder 1o gusde the berd 10
a betier position and puaranioe it safcty. 1hat docision will be taken anly il ihe leader Bas the best
podition e Movement vecion ¢ is calculaled as:
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= tegs[—SVy)s P R (o — l;) i 1)

whire [ =5V, ) neprescits the survival vabee relatod 1o the prodaio: s eemer mass as delined by (18]
5 I% alse @ movemenl vecior and represent ibe location that will increase ihe sunvival valee of the
lesder only, and i delmed as:

s mFegeg et e =k (17

whise ¥y~ represenis the best position so far and & & a random number wathin (010 0 [ is the
Enig il disnange between the posisions. memtiongd, .'“",u ey ihe simival valloe related 1o ihe
produios s conter of mass which can be delined !

p.: ._%M (18]
j-lt""'-rﬂ

wheee SV, s b suevival vabee of e individaal o, The prodased’s conier of mass s bow SHO
cabeulates o padilbos whit fefarrvehy higher msk fof an wndividudl of b herd. In sanie ofder of idexs
SHO consaders the cuasionos ol relatively safor coniral posilions within e bend and is given By the
hord's population contor of mass defined as:

Ep, Sk « af
My = St (1
Since both fuy and po represinis potential sofulions withinm the solulkon space of a givem optimimion
problem, a correspondisg survival value can be compuicd for each posiison with (11}
AlAZ Ngarest st neighbors,
The algonthm comsiders the meangsl Beoy naighbor for any isdividial hi 5 whose possess mwa

iimporang tramss Dk s e neansst hend mconber odher Wi Ul lesder e, 21 0
has better aptitudes than s individual hi. The neaest best neighbor is defined as.

R U R | AR AT L) I

whise Fi the Euclidean distance Betwoim indened berd membsers # and §

L Herd s followers amd deseriers,
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SHO classifics the metmbers of (e aggregation in two Eilennl groups, the berd Todbowers il asd
herd's desenod fis and the movement patiemn performed by the berd deponds on the mbe assimed by
each imdividual. These twao groups ane defined as:

HE = [ty = hE|sV 2 rand(0.1)) 21

wh = {rF = hEjsK* < rand(0.0)] 22

The pasition updine af cach individual is defined at each ilorison by:

gerafil e bt ens o

A A ent

whiic J'it 1% @ fivcisenl vishor eonipaiod wilh regand b0 the posilons ad survival aphilsds of Glher
mezrners ol the herdl In adidition, tbe members of the herd followers File are subdivided i two groups,
iy dmérang £f; and 16 suboedinaies £, dzpending onhein survival values im relation with 1Be mean
survival value of the berd population. Therefore, ibe movemeni vegior [¥ performed by cach member
of the group HE 18 calclaied dependang on whether o is 5 donvines of subsrdingied member:

fr= £ {-‘g g ":'I.J: (W =AY 4y Hl.'lu (4 - "'-”} if by € MG 24
) 2060 Pl (il = Af) if e u

where [, y and & are ramdom mumbers in e maerval [0,1]. And the subgroups Jand I, are defined

in eqpaalions. (251 and (26). Same onse for 'II'{.-A;"" :ﬁ-,':l_*ﬂ which are the wifidh afirction

capormnensed by hend member b wowand the leaber e and a5 Bt nearca nelghlbor &, as dclined =

egquetions (27) and (IR), Weale w}l_j”w the stiragimm experimeniod By fusoaands the Cenicr

of miass o as defined in equalios (29

W5 ={ht & HE|svE = sk (25
ne = fuf e uf v < svi ) 1265

whre ﬂ;pﬂ- L Pidsa survival value of £ at eranon k and 8 dofned by

E:ll. -FF.

=1 Ll

-5":- - T 27N
Thic SRR hm"lrﬂlﬂd h}'ammlhﬂm 113 beador anad M5 neancs] Best meimher 18
deaned as:
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orly, il any of se peoy mombers 5 Kilked, 15 randoimly chosen by the roalonie seloction based an
the probabilitics 1o be hunted and it can be defomd as:

[}
Hﬂl.ﬂf - _r'ﬂf_‘ h]' £ Tr!:

Efn.lf,..] O G}

wheie by, PEPRESOITLS the prey siractiveness Betaoen (he prey and predasor as defimed i oxpeation
(LEYR

3,18 Restoration phasc.
In this sicp, ke herd members tha were killed during predation phase and siored im £ are replaced
implementing a special mating-libe opemtor (o peneraie new solutsons hased on the survival aptriudes
of the remaining Berd members. This opermior cossidors porsiicars and sarvhal values of all survivors
hend members, thise surdvors ¢an be oonsldensd as a set of mankig candidaies M as delingd beboa:

M= [k 2 K} (4

Each member & i comsidered b0 have a comam probabality M, of being takisg inbo acoount for the
genemmiicn of mew sodution, and such probabiliny is defined as;

5W,

M =a—
N Einewy $hm

Ay E M ()

As il cam be seem, mating candudates possessing higher sunaval vabees wall bave o bagher chance o
indleence b generstion of new solulkons whereas individuals with & bower sunaval vahke: arc bess
Ekehy 10 by comgidened for such process.

Iii ondes 1o peiwerale & mdw mdbvidual a6l candiding soluliod 1 B foEsidendd & s ol & mlondy
chosen imdividuals sclocted by the rouletic scloction method [ 1%) with regard the probaklitics j'll',n.|l
of cach member withis the set of mating comdidates b asc

by = Mg = mix|fy g Mg oo B ps Bt n]) e € K (42}

whene n s the dimensionality of the search space and ssind is a lunciion than genennies a mew solution
h,,,'try:m'-;ﬂw:‘ﬂuhmhﬂ,nfanrdﬂam hﬂm‘:ﬂ;ﬂﬁ,.h:drrn'lhcmﬂﬁ [, T

1.2 Relmad Seliish Hond Optimecer

Alsugh the selfish Berd apiminer can prendide o pood performance when findimg an oplimal
sodulion, it has some oversights [Bal case problems in its cxphoitation ability. Additionally, it has
shogtcomings (hal inflluenee he exploration and avoidimg siagnation in lecal optima. Im SHO the
mervival value is not only related so the survival apivude of the indinvidual Bt alao 1o the decisions
made by the predatons o purse: specific prey and hence to the risk Goed by the berd members. A
higgheer survival valer possessed demdies 3 hevier soluiien for solvieg ibe problem, the survival valug
is calculaed from the curmeny bew amd wors fness values found on cach ierstion ns delined i
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ocpiation 113, from this, B casily obscrved rhat 85 vahe bosomes smalker when s comesponding
fitscss value Fla) apprasches the best fiiness value, anad o imcroascs when Flegd gels chose 1o the
worst fitmess valse, This might be an oversight mot coereciod inthe Miamiore, an cditing mistake | 20]
e the comected valee is defined as;

_ e = flatg}

Su=1
s et = Favarur

(43}

This definifion avodds the Enplementation of any programming fags or clange the posilion of the
denomimtor vamables sccording to the application of the algorithm, either Tor maxinsisition or
i ion.

The recalculation of the servival value by SHO is comducsed after Both, the prey and predsior
s e completed. I conseguenoe the survival salucs of (b peeys, used i the prodaiorn
i g nE pluse 406 B0l up 10 dass a5 1hey shoubd be dus o the positions af s hond nssmbrs (hangs
during 1k hend movement plase. The imglomentation of these values daring the prodilos moving
phasc may kad 10 inapproprizic explosiation and cxplaralion af sofulions conduciod by the prodators.
Thiz could mfhkece (he global convorpence performance of SHO. From equaiion (34) the prey
atirmctiveress iz related to the survival valee of the preys, wang, prey almctivencss compated from
walues dat azre not updmed maght result in a kigher probability of being plrsued for & herd member
cvem when # has increased dis sarvival value i 8 previoss movemen phase, ihis may miskead 5
peedaios w0 an incomed position. A sinsle problem occurs = ihe hind movement i the secoed
weEEion when a survival value which has s been updaied afier a new sohilion generaled in
feRtgranhon phade i wdd Henoe the recaliulalion of te durvival valses should be done aller evary
el oporalir i implomeniad. aithor berd monement. prodalor movamend of resloralion phase
il any new solution has been enctod.

The domain of danger is implemensod as 8 pair condition, o avoad an imbabece betweon explomation
and exploitabon hence it can be congidensd a mange off sub-scanch arca im the entire sodulion space. in
ecquation (563 afler the values of U™ and e ™% alang with the nusnber of dimension n are
detommined, the radms of the domain of danper becomes 5 constanl vadue during the enlire process
which meass that using a lange numéber of & during all itcretsons cowld kose the its functionalsty during
the fast phase of the iseration, thorefore the equuiion (41) is suggesied 1o be implensenied insiead of
(569,

k= 'i"""lhrnl.:_*nlnll (44

whize A ks a mndom nueenber Ereen the mnge (000 L m e5 the mamber of deneasions of the search spase,
Il represenis the l-nonm amd b and he. ane voctors composod of dhe larpest and semalles
componenis in cach dimcnion of 1.

DiiTerem types of amractions arg used 1o manifest The behaniors ebeervad Thon the soraction beiwsen
preyd and prodaiors, these afrachions are modeled by usmg the conmon Madior of the nogalne nalural
expanential function, where the sipuire of e Euclidiean distanoe betw cen dillerent veciors is wed a5
ingeal. When caly the fGcior of the exponential is mking inio considermtion, the movomam of the
individuals will depend om how chose or how apan we these individuals, il s predator is close o n
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pecy o dctiver of hend, then the prodater mioves are close 1o the tarpet. IF (B prodaser 13 far from the
Larpet then 25 movements will b small, in addition due to e squarieg, the value camputed by this
sz lor b6 -poradined heavily. Thus, even if the distance is sl led far from (he movemsent will beoonse
extremiedy sl amd the predator will romain im the area around ils onsginal posation (this apply akso
fior preys” mosement | ihe helow equations are propersed roplace egaaions i 100, €0 Tk 028) w00 300 and
(523 respectively:

= Zeae [—SWy) e e BN (py — Ry} (43
= Fagep Pamtela (g —h ) (465
Whon, =S¥y, * e L

Whon, = ¥, i e

Wi = ¥, il (4
e (50

Froen above cquaigs, B repecsenis the menber of dmensions of he search space, and | | the
B lidezmn distanos, v 15 e best ieness Toamnd so G,

A3, Uhaotic Selfish Herd Optisniser.

Il has bocm proved that SHO ¢an provide compeitive results in oomparisos 1o bt wiell-known
mtahounistics algorilhms, and s nam problem s in many other algorithma, & ikat casily pet irapped
ingo local solutions with bow precizion and slow comverpence speods, in order b improve SHO s
perfpemance, chaotic sesrch have been added to searching process of SHO [21]

In SHO, a resdom varable is used o decide whether ihe herd members ase followers or desericrs as
defingd in equmion (24) and (311, This peameter plags mn isponaes role hatancing the exploitatson
ardl the gxploration of the algoriiben boomse b direoiby infuenges the position updae of every seasch
ApeE] On CVETy plise,

I this version of SHO, a chaotic sequence pencesed fom a chaotic map |8 implomented insicad of
a random vas@abic 1 improve the porfermance of the alporithm as defined below:

= IR = CF,

o Appdy berd [ollowing movemen] operatbor s m oquation [ 24)
v |l

o Appdy herd disertion meveomend operkes s oguton {5 )

13 L Chaatic maps:

Chaos cam Be delined as determanisiic and arbisrary stratepy observed in a dynamic non-limear Sesiem
which is bounded and monscosverging, is the arbitmniness of a bosic dymamic deierministic
framework and the choolic sysiem mighl be comadered @ 3 scace of mndonaress | X22], The
implememstion of these chaodic variables instead of mndom vanables may perfomy downrgha
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6, Cpnglishons asd fusse work

b this paper ihe Selfish Herd Opibmbocs as well as all e sersioss of 1he alponilhim o far were
implemnented for the first ime oa a real enpisecring conswainod aplismization problam such as the

dymamic ocomomic dispaich.

Allthe versions proposed reach 1heir poal and ofTers duferen improvemems between them such as
the minsmum salee, of the number of Aomlioes necded 10 reach e local optinga. In fubure, these
algorithms could be implenented i seose cther versioss of the ecomomic despasch prodlem like the
mudti=objcctive econgmic dispasch (MOEDN, or problens of another kind like image scgmentation or
combiralonal cpaimdsation
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seisors, and sdvaneed compatational models. Among them, Garedn Manzo®s thesis 1]
analyscs the possabality of delecling cmolions wing brosignals sech as skm condet-
ance, body lempernfure, and heart mfe mocombmateon with virtual reality envarom-
ments. His methodology involves recording, processing, 2nd classiboing physiological
sigmaks through machoe learming models, usimg standardueed covotional stemuh such
as [memmational AdTective Piciure Svatem (JTAFS) and the Intermaiaomsl Alfective hg=
stz Sound Svsten (LADS) o mduce and evalunle copotional responses,

In affective neuwroscience, [Ralglesh | 2] examanes mvobvement of bram stnachines
such as nmygidale, Wppocampus, and prefrontal conex m emobonal processieg. In
addition, ke analyses their imberaction with sutonomsc nervous system, proveding a
fundansenial framework for understanding  physiological mechanisms underlying
chanpes in puramcters such as skay conductanvee, lemperature, and heard mle, which
are ¢ssgnfial in beosignnl-based emotion detestion

O the oiher hand, Adgajort et al [ 3] have developed an open-sougee fool for anas
brang gabanic skin response (GSR) a5 an imdicelor of stress. Ther mode] emplows
deep lenming algonithms snd siissiical methods to extraet meamnglul features from
GSER, achieving 92% accuracy in detecting stress bevels. Siee onmolaonal aroasal 1s
reflected m skim conduclance, this shudy 15 hii:h'lj.' relevam for nalomslic hlm:ignnl
cration detection,

Sunlarly, Cea [4] las develboped an electtome skin capable of confimikme by ANl
twing nine phvsichsgcnl bigmarkers asociabed with siress response, This device,
which iscorporates advapced semsofs 1o messure skim condibctanee and temperature,
represents a sigmficant advance m real-tme physological monitening, wnh direct
I:I.FI[!|IELIIiIH:lI-i im detectimg and III1=I|:|-'-"iI1F comwdonal siales

Another relevam work 15 Spanish adaptation of Interaiional Affective Picture Sys-
tem (LAPS) [5], which provides a standardiced sl of visual stimuli used in emotion
research, Validating this system in different populations is coocinl to enswring its of-
fetivensss i inducing emodional states in experimental studies,

Fumally, Ean-Ciyu et al. [6] propose a realstimse emobon recognison msthod based
on photeplethysmographic (PPG) ond electromyopnephee (EMOG) signals using contvo-
hiional peural netoorks (CVEMN)L Their approach, which achieved an accuracy of
ol B0, demwnstiales potentio] of ilegrating cardioe signal processing with -
chine I-ﬂmiqg models 10 whentily emobtional stafes noouralely,

Several anthors kave explored quantification of emvotional states from physiologi-
cil sagnals, Works such as Koclsdrm et al. |7) and Chanel ¢t al. [8] have demonstaied
Teastbility of these methods Tor pssessing emotional responses using bimeedical sig-
nls. i this work, we have proposed a protocol that is as comtrolled as possible, watl
bensogencous stimulatens as misch as possible, to avoad introducing binses in mier-
pretaticon of results aml, based on references we have, 1o amprove thas type of analysis,
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Undike wiber approaches, expenimental proiocol incoqporaded in ihis work is highly
slandardiced. It 15 based on [APS and IADS systems, ensurmg all pastscipants ane
u;l;plm:d b soemye ucdiovisaol mpud with o Iul-q'm-gcnﬂm |.1|:ﬂ|gq. In mlduieon, & three-
dimensional modsl of emolions, acoording to Mehmahian and Bussell, is employed,
allowig for @ mofe complete quanbification of affective states meganding valenee,
activalion, and dominance. This approach, coupled with simullansons megmtion of
muliiple hiomedeenl sensors and ngorous contid of expenimental comditions, repre-
sends @ stgeificent advernee over previoas stodies in the ekl

2 Metodology

21 How to cunntily an emstion?

An emotion 5 4 multi-componenl respomse to & emoionally potent ameceden
evenl, cousing changes m subpechivie quality of feeling, expressive behavion, and phys-
pdogicel nctivation 9] In anabysis of enmdions, the funclion of the auonomic merv-
otk ayslem s kaowa, which, from iataactions with neurotranssitters (elemmicals that
transad mfonmnatin bo neurons from a symapse), prodisces mvoluntary reachions | 1],
Under mnfluence of emobons, pulonomag nenvous sysbhem pru-dun:nh: quunbinhle ph:,‘:u-
ological and behavioral manifestations [1]

Based on the above, selecton of four base emodnmns consadered m thas project 1%
based on pdentifying quantifioble manifestations, specifically on activation, valence,
and Domieancs levels. Yalenee refers to how pleasaint or unplessant an expenence is
and 1% chvectly related o Hean Rate: Arousal reflects stzle of agilation or calmness as
mieasured 'h-:,l B,Ih'um: skin response (GSE) while Dominance indicafes hioow mach
control one bas over covotion as represenied by peripheral lemperature,

Ciarcin Maneo | 1] vsex Mehrabaan and Bussell's three-dumensional maodel 1o pepre-
sendt emohions through these theee fundamental parameters 25 18 15 hased on discrete
cidions. lin this approach, cach cnwtion is satuated wathin a threc-dimensional space
defimed by these bevels, allowmg Tor 8 more acourale charmcienizmiion of enainnal
esHSes,

This mesdel i meredibly convenent when implemanting Machine Leammg Tech-
niquln. because it allivws for beller BOCLTACY in emelion clesificalion nmn]'rn'-nd Iy
babl-hased moddels. A= shown in Table 1, spatial coondinates of emations are repre-
semled on valenee, activation, and domanance axes.
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Belore participalion, o fm was provided o assess subjeets” eligibilivy. Main in-
clusson crelcyia were:

Tobe over 18 yeors ﬂ[npu.

Mo history of epilepsy or hoart disease.

Mo |1h4:-||.'r|.-rr|.'4i1|'.'il:|.' or severe discom ket when \'lcwing or I:':du:nmg_ 1o anscs-

owvisaal content

Nal 10 be under elfect ol substances or medicateons That can modily mood

{anxeelvlics, antidepressants, among olhers),

I wou have nail polish or fabe nails, remwove them befoie proscdurne 1o
avorl interference BN SCUEITEE p]]uhlpl.ﬂh'_n.ﬂmtﬂﬂ."l-hin: :.'igp.ll.

In addditsen, comgdensentary data such as regular sugar consumplion, mensrual ¢y-
cle phase, and receni empisnally significani evenis wens recorded. Alhough these

were ol exclusion criferio, they were considered Tor Tisture analvsis of resulis.

EfTonts have been made 1o mamtain a gender balance, with an oqual distribistaon of
e men and 3P women ¢ men ond nme women in Bolnl, as shown m Tablbe 2,
This helps to minimize possitde biases ansing from physiokogical differences in emo-
tional cxpressson. In addition, average age of subjocts is 21 years, which allows for
greater homogeneity m sample

Table L. Test subets

Suthe ] 2 LI | & 7 & 9 | | 1 1 1 1 I 1
et ] | 2 | t 6 T %
P 2 2 F 2 " J I 2 ] 2 . 3 I 1 2 ¥
A . 2 3 i 4 2 A 1 2 | s | ] 9 2 1
(=t
3 M OM M M M F F F F F M M F F F
der

Upon armival at the stedy area, the pesesrch tcam weleoasd cach test subyjeet and
gave a bel prosentabion of study, cxpluning #s objectives ansd expenmental proce-
dure, Subsequently, they were nsked 1o Sign an mformed consen o I,!-l,'.l.]i'ln.F e
expermment’s conditions, gaamatecing the methodelogy's non-invasive nature, confi-
dentuality of data, and frecdom fo discontmie participation ab any b,
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Chice comsend form has been signed,, test subsects ane ssked io remove metallic ob-
pocts stch as brscclels, nmes, walchas, mobile plsncs, and olher accessores thal may
mierfere with dain mluuilinu. They then procesd with Fl'ln.ngml! ol sensors nocond-
ing 1o an eskablished stamdand;

#  PFhotoplethvsmography (PP Sensor placed on keft haml's ning Gnger.

= SKin conductance (GSR): Sensor electrodes placed on middle and nng fin-
gers of righi hand.

w  Skin lemperture: Sensor placed on imdex l'mﬁq.'r 1|I1'|.;|:|I1I Jezoned

Headband headphomes were also placed 1o solate extemal noise and improve im-
mersaon m o anditory shmal. It was mdicated o maintan a combrtable posture o Hix
eves on monitor ond thus reduce mvoeluntary hand movements, nunimiAng nose m
plwsiobegical signal.

Fefore slr.:rl'il:lg formnl dola Juqui:ilirmh I'rrinl:l'lru.'imng sesspns of 1 secomds essch
were carmied out to familiomze participant wath task and venfy comes! functioning of
seimors, These sesswns albwed for detection of possible artifacts i signal and fos
making necessary adjestments before p;ru.'-l,n,rdmg wilh lemcling Il;-l,p.l.isilmq.

Each expermyenial session cansasied of proscitation of 4 vedeoseach one associaled
with  specific emotion; Fear, happimess, sodeess, and anger; onder 1o which each of
videos was presented was determined fnking into sceount quantification of pammeters
of activabion, valence, and domminance of cach of four cowdisons concerming vahbes
shown 1o Table 1, thiss separating as much s possible enwoteons with very similar
wilues in ome or more pammeters in order (0 achieve a beiler distmetion in pesulis.
Each wideo costains seven LAPS images displayved for 30 seconds, interspersed with
I0second mtervals of blank screen. In addinon, theee IADS soumds synchronized
wilh mmnges 2, 4, and & amd i'l.l:l'l-"inﬂ_ coberence with displaved il'n.ug;: hnve been pre-
semtied: sounds used in each case respected activalion. valenee, and dominance valucs
for eacl emwotion, showm i Table 1.

Each subjeet generated foar text Ales, one per-video, with a wial reconding time of
A0 mmmites per file, sampled at an 5 of 100 Bz, Dunng acquisiion, research feam
mamitored process in real-tome and noted any rebevan] ocoumenses.
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5 Conclusions

Results obimsed in s sty confiom that biogignals such as sk comductance,
bl.'l;]].' femngrerature, and hear! mte can be used o |.1I:|j|,f-.:.l|'.-'-r|.3,I aml accunslely nl:nlt[':.r
different emotional staies, thus validating the Grst hypotbesis. Implemsented meeml
petwork achieved a mean accuracy of 92% {intra-swhjcct), supporting e sevond
bypothesis that machme leammng lechnsques, specifically pewamal meworks, are effiecs
tive [ classifying emaotional states rom biomedical dat

Furthermione, system demonstrated superws pocurncy amd  reproducibilaly when
comparad to fradifienal niethods based on self-reports and questionmaires, affirming
the thind hypotlesis. This outeome meinforees project’s jusification, as autematic de-
tection sysbem elffectively redeces relmnce on subjechive evaluahons, pronssimg o
mare acciarate and objective approach b undersionding and meanaging cmotions.

Standardirmg exporimental protocol, using vahidated emotional stmah (IATS and
1ADS), and structured scquisition of physiological signals ensured robusiness aml
consistency of results. These findings highlight potential of this system 1o be applicd
v mendal health, cducabon, and rescanch, snabling contimuous momboring of e
ticoneal siafes and feilitating v personalized approaches m these Aelds,

L conclusion, suceesslul implensemtation of this project demonstrates how biosig-
mal-basmed emotion detecton systems can brdge gap betwean scientilic advancements
nnd thewr practical application n everyday hie
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The propect also proposes mml has the possibility of being able @0 adapl b the market
simee it has a supporl for technologies aleady existing o the marked in tim the progect
may seem altraciive 1o companies that lave devices B laparoscopy and ook for ihe
form of ndapt ot 1o your teams 1o make them more altmchive and adapl f 1o diTerent
markets fo expand your repentoine of options to offer.

Hardware

T mewermend of ihe mbatic arm 15 based on ibe use of servomotors which are highly
qrn:i.ah'.r.l:d ko dch.igllnd fire prl:u'im.' comrol of rolary od lincar movements. [1as a
rotaticn of trapslnton nasor which emplovs o feedback mechamsm 1o ensure sccumie
pestionang, wssially by means of o control signal that dictates the mavement of the mo-
b b desered posation. This meechanism allows for precise contned of several compo-
pents, making servo nwdors cruc@al moapplcanon: thal require precise positioming and
soavih mewement,

For the abowve points of the servo motor is that we adapied this component o be able to
develop effectively the project

At the heant of every servo modor les 15 ability fo precisely control the position of ils
outpil axis This 15 achieved throogh soplosticated intermetion between several key
companents of fhe serve molor

Contral signal; I s the storting pomt of the operation of the servo molor, This 15 an
clectrical signal seni by the contreller. whicl speeilics the desined posation o move-
ment. The signal s usually a vanable width pulse, knowm as pulse wadih modulation
(WA, which encodes the larget position,

Mowtor and gear mechanism: Onee the conbrel ﬂl.l:l'Lﬂ 16 recerved, the iatemmsd corcunt
off the servomotor dives the motor (o meove it b the desired pesabion. The mator is
usually conmected o a gearbox @ increass worgue aml controd the precise move ment
il speeedd ol ez oulput sluafl [6].

Soltware

The mam pragrammng langeage 1o be mad = python fior s use of compuler vision
which refers 1o the PIoCess h:, o machme or an oubomated syslem that mderpreds wisunl
infemention from the environment, like how it would be dore by the haman ey, This
el inchudes a wide range of applicatiens, fronm oo fecogniaon 0o SUBNOOHS V-
higle nevigation. The mmplementaiion of these syslems requares the wse of mdvanced
algogithnes io process umd analyse dignal images [ 7).

'J'uﬂ_:lh:r wilh the OpenCY Libmry, Fyibon, created |:I:|.' Cuedo van Fossum i the lale
1980k, stands out as an interpected, high-level, and multi-pardipm programming lan-
guwspe [B] 010 was developed at e Cemmom Wiskunde & Infommatea (CW1H in the
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