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Περίληψη

Η δυναµική ανάλυση κατασκευών αποτελεί µια απαραίτητη διαδικασία για τον σχεδιασµό
και την µελέτη ασφαλών και αποδοτικών τεχνικών έργων. Ωστόσο, αυτή συχνά συνοδεύεται
από υψηλό υπολογιστικό κόστος, ιδιαίτερα όταν αφορά σύνθετα υπολογιστικά προσοµοι-
ώµατα και αναλύσεις υπό καθεστώς µη γραµµικότητας. Οι τελευταίες δεκαετίες ϱαγδαίας
ανάπτυξης της υπολογιστικής τεχνολογίας έχουν οδηγήσει σε µια αναλογικά αυξανόµενη
Ϲήτηση για πιο ακριβή και πολύπλοκα υπολογιστικά µοντέλα. Εποµένως, αναδύεται ολοένα
και περισσότερο η ανάγκη για καινοτόµες και αποδοτικές µεθόδους προσοµοίωσης.

Η ταχεία ανάπτυξη της Τεχνητής Νοηµοσύνης (ΤΝ) και της Μηχανικής Μάθησης (ΜΜ) τα
τελευταία χρόνια έχει ϕέρει επανάσταση σε πολλούς τοµείς, επιτρέποντας σηµαντική πρόο-
δο σε τοµείς όπως ο αυτοµατισµός, η ανάλυση δεδοµένων και η προγνωστική προσοµοίωση
ϕυσικών διεργασιών. Αυτές οι εξελίξεις έχουν τροφοδοτηθεί από την αυξανόµενη υπολο-
γιστική ισχύ, τη διαθεσιµότητα τεράστιων όγκων δεδοµένων και την ανάπτυξη εξελιγµένων
αλγορίθµων που ϐελτιώνονται συνεχώς. Στον χώρο της µηχανικής και της ϕυσικής, η ενσω-
µάτωση τεχνικών ΜΜ επιτρέπει την επίλυση πολύπλοκων προβληµάτων που προηγουµένως
ήταν αδύνατο να αντιµετωπιστούν µε τις παραδοσιακές µεθόδους. Αυτή η εξέλιξη οδήγη-
σε στην ανάδυση του κλάδου της Επιστηµονικής Μηχανικής Μάθησης (ΕπΜΜ) - Scientific
Machine Learning (SciML). Το πλέον γνωστό και διαδεδοµένο εργαλείο της ΕπΜΜ είναι τα
Νευρωνικά ∆ίκτυα καθοδηγούµενα από τη Φυσική (Physics-Informed Neural Networks -
PINNs). Τα PINNs αποτελούν µια µέθοδο επίλυσης σύνθετων προβληµάτων, συνδυάζοντας
τεχνικές ΜΜ µε τους ϕυσικούς νόµους που διέπουν το εκάστοτε πρόβληµα. Η ενσωµάτωση
των ϕυσικών νόµων στη διαδικασία της εκπαίδευσης των νευρωνικών δικτύων διευκολύνει
την προγνωστική ικανότητα τέτοιων µοντέλων καθώς µειώνεται η εξάρτηση από πραγµατικά,
συχνά δυσεύρετα, δεδοµένα εκπαίδευσης επιτυγχάνοντας παράλληλα υψηλή ακρίβεια.

Στην παρούσα εργασία, εξετάζεται η εφαρµογή των PINNs στην δυναµική ανάλυση κατα-
σκευών. Πραγµατοποιείται διερεύνηση τόσο της ικανότητας τέτοιων µοντέλων να προβλέψουν
την δυναµική απόκριση ενός συστήµατος, όσο και η ταυτοποίηση παραµέτρων αυτού, µέσω
της διαδικασίας εκπαίδευσης του µοντέλου. Η εφαρµοσιµότητα, η αποδοτικότητα, καθώς
και τα όρια της µεθόδου αξιολογούνται στα πλαίσια αριθµητικών εφαρµογών.

Λέξεις Κλειδιά

∆υναµική Ανάλυση Κατασκευών, Επιστηµονική Μηχανική Μάθηση - ΕπΜΜ, Νευρωνικά
∆ίκτυα καθοδηγούµενα από τη Φυσική
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Abstract

Structural Dynamics is an essential procedure for the design and study of safe and
efficient engineering projects. However, it may often be computationally taxing, especially
when it involves complex computational models and nonlinear analyses. The rapid de-
velopment of computational technology in recent decades has proportionally increased
the demand for more accurate and large computational models. Therefore, the need for
innovative and efficient simulation methods becomes increasingly evident.

The rapid development of Artificial Intelligence (AI) and Machine Learning (ML) in re-
cent years has revolutionized many fields, enabling significant advances in automation,
data analysis, and predictive modelling of physical processes. These developments have
been fueled by increasing computational power, availability of massive amounts of data,
and the creation of sophisticated algorithms that continuously improve. In engineer-
ing and physics, the integration of ML techniques facilitates the resolution of complex
problems that could previously be intractable, employing conventional methods. This
evolution has led to the emergence of the field of Scientific Machine Learning (SciML).
Physics-Informed Neural Networks (PINNs) constitute the most prominent and widely
adopted tool within SciML. PINNs provide a method for solving complex problems by com-
bining machine learning techniques with the governing physical laws. The integration of
physical laws into the training process of neural networks enhances the predictive capa-
bility of such models, reducing the dependence on real, often scarce, training data while
simultaneously achieving high accuracy.

In the present work, the application of PINNs for the dynamic analysis of structures
is investigated. The ability of such models to predict the dynamic response of a system,
as well as to identify its parameters through the model training process, is explored.
The applicability, efficiency, as well as limitations of the method are assesed through
numerical applications.

Keywords

Structural Dynamics, Scientific Machine Learning - SciML, Physics-Informed Neural
Networks (PINNs)
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Kefˆlaio 1. EISAGWGH

1.1 Genik  Perigraf  tou Probl matoc

H �agdaÐa exèlixh thc teqnht c nohmosÔnhc èqei anadeÐxei nèec mejìdouc gia thn epÐlu-

sh polÔplokwn majhmatik¸n exis¸sewn pou dièpoun �usikˆ �ainìmena, oi opoÐec

qarakthrÐzontai apì meiwmèno upologistikì kìstoc epÐlushc kai ligìterouc periorismoÔc

apì antÐstoiqec sumbatikèc mejìdouc.

Sthn paroÔsa ergasÐa, exetˆzetai h epÐlush diaforik¸n exis¸sewn kÐnhshc dunamik¸n

susthmˆtwn me th qr sh thc mejìdou twn neurwnik¸n diktÔwn kajodhgoÔmenwn apì th

�usik  ( Physics•Informed Neural Networks ). Ta neurwnikˆ dÐktua kajodhgoÔmena apì th

�usik  apoteloÔn neurwnikˆ dÐktua ta opoÐa upakoÔn se �usikoÔc nìmouc. H epÐlush exi-

s¸sewn me th qr sh autoÔ tou tÔpou neurwnik¸n diktÔwn epitugqˆnetai mèsw enswmˆtwshc

thc diaforik c exÐswshc pou dièpei ton �usikì nìmo mèsa ston algìrijmo ekpaÐdeushc. Me

autìn ton trìpo, to dÐktuo den �asÐzetai apokleistikˆ se dedomèna ekpaÐdeushc, allˆ axio-

poieÐ ton �usikì nìmo prokeimènou na proseggÐsei kalÔtera th lÔsh. Autì epitrèpei thn

apexˆrthsh apì megˆlouc ìgkouc dedomènwn kai kajistˆ dunat  thn epÐlush problhmˆtwn

ìpou ta dedomèna eÐnai periorismèna   dÔskola na apokthjoÔn. H efarmog  twn neurw-

nik¸n diktÔwn kajodhgoÔmenwn apì th �usik  prosfèretai gia thn epÐlush plhj¸rac

diaforetik¸n eid¸n problhmˆtwn, anˆloga me ton epidiwkìmeno stìqo. Sthn paroÔsa er-

gasÐa exetˆzetai arqikˆ h efarmog  touc gia thn epÐlush thc exÐswshc pou perigrˆfei

to prìblhma. Epiplèon, gÐnetai efarmog  touc gia thn tautopoÐhsh twn paramètrwn thc

dièpousac diaforik c exÐswshc, me qr sh dedomènwn thc pragmatik c lÔshc, ta opoÐa

endeqomènwc perièqoun �ìrubo kai abebaiìthta.

1.2 AntikeÐmeno kai Stìqoc thc ErgasÐac

AntikeÐmeno thc ergasÐac aut c eÐnai h epÐlush thc diaforik c exÐswshc kÐnhshc upì

diˆforec sunj kec, me qr sh thc mejìdou neurwnik¸n diktÔwn kajodhgoÔmenwn apì th

�usik  ( PINN: Physics Informed Neural Network ) . Arqikˆ, parousiˆzontai oi dunatìthtec

twn PINNs mèsw thc efarmog c touc sthn exÐswsh kÐnhshc monobˆjmiou sust matoc upì

apl  aposbennÔmenh talˆntwsh. 'Epeita, exetˆzetai h akrÐbeia thc mejìdou sthn anˆlu-

sh monobˆjmiou sust matoc upì armonik  diègersh kai upì seismik  diègersh. Tèloc,

epilÔetai èna polubˆjmio sÔsthma to opoÐo upìkeitai se apl  armonik  talˆntwsh, gia

na exetasjeÐ h mèjodoc kai se perissìterouc apì ènan �ajmoÔc eleujerÐac. Epiplèon,

ekteleÐtai efarmog  tautopoÐhshc twn paramètrwn thc diaforik c exÐswshc kÐnhshc gia

èna aplì grammikì monobˆjmio sÔsthma to opoÐo upìkeitai se eleÔjerh talˆntwsh kai se

exanagkasmènh talˆntwsh me armonik  �ìrtish.

Stìqoc thc ergasÐac aut c eÐnai na exetastoÔn oi dunatìthtec allˆ kai oi periorismoÐ

efarmog c twn neurwnik¸n diktÔwn kajodhgoÔmenwn apì th �usik  sthn epÐlush pro-

�lhmˆtwn dunamik c twn kataskeu¸n. H mèjodoc PINNs dÔnatai na apotelèsei isqurì

ergaleÐo sto pedÐo thc mhqanik c, kurÐwc se peript¸seic ìpou ta dedomèna gia thn epÐlush

thc exÐswshc den eparkoÔn   oi timèc twn paramètrwn thc exÐswshc eÐnai ˆgnwstec.
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1.3 MejodologÐa

1.3 MejodologÐa

Sta plaÐsia thc ergasÐac, h mejodologÐa pou akolouj jhke sunoyÐzetai sta parakˆtw

stˆdia :

1. Prosdiorismìc dedomènwn anaforˆc.

2. Epilog  paramètrwn montèlou kai algorÐjmwn.

3. EkpaÐdeush kai efarmog  tou diktÔou.

4. Epal jeush kai epexergasÐa apotelesmˆtwn.

Arqikˆ, gia to ekˆstote prìblhma prosdiorÐzetai h lÔsh anaforˆc. Aut  mporeÐ na

prokÔyei eÐte apì mia analutik  lÔsh (ìpou aut  dÔnatai na prosdioristeÐ)   mèsw a-

�ijmhtik c olokl rwshc thc dièpousac diaforik c exÐswshc. Sth sunèqeia epilègetai h

arqitektonik  tou diktÔou kaj¸c kai oi diˆforec algorijmikèc parˆmetroi pou aforoÔn

th diadikasÐa ekpaÐdeushc. AkoloujeÐ h diadikasÐa ekpaÐdeushc kai h efarmog  tou ek-

paideumènou plèon montèlou gia thn epÐlush tou ekˆstote probl matoc. Tèloc, gÐnetai

epal jeush twn problèyewn tou montèlou. Me ton èlegqo autì exetˆzetai an èqei epiteu-

qjeÐ h epijumht  akrÐbeia kai an ìqi, epanalambˆnetai h diadikasÐa apì to � ma epilog c

paramètrwn. Gia thn epÐteuxh twn parapˆnw anaptÔqjhke k¸dikac MATLAB tìso gia thn

efarmof  twn sumbatik¸n mejìdwn epÐlushc, ìso kai gia ton orismì, ekpaÐdeush kai e-

�armog  twn neurwnik¸n diktÔwn.

1.4 Diˆrjrwsh thc ErgasÐac

Se sunèqeia aut c thc eisagwgik c enìthtac, akoloujeÐ to kefˆlaio 2, sto opoÐo pa-

�ousiˆzetai to �ewrhtikì upìbajro thc teqnht c nohmosÔnhc, twn neurwnik¸n diktÔwn ka-

�odhgoÔmenwn apì th �usik , kaj¸c kai thc dunamik c anˆlushc twn kataskeu¸n. Para-

tÐjentai sth sunèqeia �asikèc diadikasÐec thc dunamik c anˆlushc kataskeu¸n pou qrh-

simopoi jhkan stouc algìrijmouc ekpaÐdeushc twn efarmog¸n kaj¸c kai �asikèc ènnoiec

pou aforoÔn th dom  twn PINNs kai th leitourgÐa touc. Sto 3o kefˆlaio paratÐjetai a-

nalutikˆ h mejodologÐa pou akoloujeÐtai sthn epÐlush kˆje efarmog c. Sto kefˆlaio 4,

katagrˆfontai oi efarmogèc, oi opoÐec diakrÐnontai se dÔo upokathgorÐec :

1. Efarmogèc prìbleyhc thc apìkrishc tou sust matoc ( Forward Problem ) kai

2. Efarmogèc TautopoÐhshc twn paramètrwn thc exÐswshc ( Inverse Problem ) .

Tèloc, sto kefˆlaio 5 paratÐjentai ta sumperˆsmata thc ergasÐac.
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Kefˆlaio 2. BIBLIOGRAFIKH DIEREUNHSH

2.1 DUNAMIKH ANALUSH TWN KATASKEUWN

2.1.1 Eisagwg 

Me ton ìro "dunamik  anˆlush twn kataskeu¸n" ennoeÐtai o prosdiorismìc thc èntashc

kai thc paramìrfwshc miac kataskeu c ìtan aut  upìkeitai se dunamikˆ �ortÐa, dhlad 

�ortÐa twn opoÐwn h �orˆ kai to mègejoc mporeÐ na metabˆllontai me to qrìno. Tètoia

�ortÐa prokaloÔntai apì �usikˆ �ainìmena ìpwc eÐnai o seismìc   o ˆnemoc,   apì ˆlla

aÐtia ìpwc eÐnai oi ekr xeic, h kÐnhsh twn oqhmˆtwn k.a.. Epomènwc h dunamik  anˆlush

apoteleÐ èna idiaÐtera krÐsimo antikeÐmeno ston sqediasmì kai thn asfˆleia twn ktirÐwn,

gefur¸n, drìmwn kai genikìtera twn kataskeu¸n tou politikoÔ mhqanikoÔ. Ta teleutaÐa

qrìnia, h dunamik  anˆlush sthrÐzetai sth qr sh prohgmènwn majhmatik¸n montèlwn,

arijmhtik¸n mejìdwn kai teqnologi¸n upologistik c prosomoÐwshc, ta opoÐa epitrèpoun

thn akrib  prìbleyh thc apìkrishc twn kataskeu¸n se metaballìmena �ortÐa. Epiplèon,

sumbˆllei ston �èltisto sqediasmì kataskeu¸n, diasfalÐzontac ìqi mìno thn antoq  kai

th stajerìthtˆ touc, allˆ kai thn ikanìthtˆ touc na antepexèrqontai se akraÐec sunj kec

qwrÐc sobarèc 
hmièc   astoqÐec.

2.1.2 EÐdh Dunamik¸n FortÐwn

'Opwc proanafèrjhke, ta dunamikˆ �ortÐa apoteloÔn �ortÐa twn opoÐwn h dieÔjunsh

kai �orˆ mporeÐ na metabˆllontai ston qrìno, ìpwc eÐnai h kÐnhsh twn oqhmˆtwn pˆnw

se kataskeuèc, ta �ortÐa apì ekr xeic, ta �ortÐa anèmou, ta seismikˆ �ortÐa klp. H

genikìterh diˆkrish pou mporeÐ na gÐnei ìson aforˆ ta eÐdh twn dunamik¸n �ortÐwn eÐnai

h ex c [7]:

1. Nteterministikˆ   prokajorismèna dunamikˆ �ortÐa.

Se aut n thn omˆda an koun ta dunamikˆ �ortÐa twn opoÐwn h qronik  metabol  eÐnai

pl rwc kajorismènh anexˆrthta thc poluplokìthtac touc kai h sumperiforˆ touc mporeÐ

na problefjeÐ me akrÐbeia opoiad pote qronik  stigm . Tètoia �ortÐa eÐnai , gia pa-

�ˆdeigma, ta periodikˆ �ortÐa, dhlad  ta �ortÐa pou perigrˆfontai pl rwc majhmatikˆ

apì hmitonoeideÐc   sunhmitonoeideÐc sunart seic, ìpwc eÐnai ta kÔmata anèmou   �ortÐa

mhqan¸n.

2. Mh nteterministikˆ   stoqastikˆ dunamikˆ �ortÐa.

Ta stoqastikˆ dunamikˆ �ortÐa de mporoÔn na problefjoÔn akrib¸c, kaj¸c h metabol 

touc sto qrìno den eÐnai pl rwc gnwst . H prosèggis  touc gÐnetai me pijanotikèc kai

statistikèc mejìdouc. Kuriìterh perÐptwsh stoqastikoÔ   mh nteterministikoÔ dunamikoÔ

�ortÐou apoteloÔn ta seismikˆ �ortÐa kai ta �ortÐa anèmou.

2.1.3 BajmoÐ EleujerÐac Kataskeu c

Se kataskeuèc me katanemhmènh mˆza, oi metatopÐseic ekfrˆzontai sunart sei twn qwri-

k¸n suntetagmènwn kai tou qrìnou kai h dunamik  touc apìkrish perigrˆfetai apì merikèc

diaforikèc exis¸seic, oi opoÐec prèpei na lujoÔn ¸ste na prosdioristoÔn oi metatopÐseic

autèc [7]. Aut  h diadikasÐa eÐnai arketˆ dÔskolh allˆ pragmatopoi simh, plèon, me th
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qr sh sÔgqronwn upologistik¸n mejìdwn, ìpwc eÐnai h mèjodoc twn peperasmènwn stoiqe-

Ðwn. SÔmfwna me aut  th mèjodo, h kataskeu  proseggÐzetai apì diakritˆ prosomoi¸mata,

sta opoÐa h mˆza entopÐzetai sta apokaloÔmena kombikˆ shmeÐa. Se kˆje qronik  stigm ,

to paramorfwmèno sq ma thc kataskeu c kajorÐzetai apì tic metakin seic kˆje kombiko-

Ô shmeÐou, oi opoÐec exart¸ntai mìno apì to qrìno. Anˆloga me ton arijmì twn �ajm¸n

eleujerÐac enìc sust matoc, mporoÔme na ta diakrÐnoume se monobˆjmia, dibˆjmia, tri-

�ˆjmia k.o.k. , me sunhjèsterec onomasÐec to " monobˆjmio sÔsthma " an h kataskeu  èqei

ènan �ajmì eleujerÐac kai " polubˆjmio sÔsthma " eˆn diajètei parapˆnw apì ènan �ajmì

eleujerÐac.

Sq ma 2.1: Monobˆjmio SÔsthma. Phg  : [7]

Sq ma 2.2: Polubˆjmio SÔsthma. Phg  : [7]

2.1.4 ExÐswsh KÐnhshc

To prìblhma prosdiorismoÔ thc dunamik c apìkrishc enìc polubˆjmiou domikoÔ su-

st matoc perigrˆfetai majhmatikˆ apì to akìloujo prìblhma arqik¸n tim¸n :

Mü(t ) + C�u(t ) + Ku(t ) + R[u(t ); �u(t )] = f (t )

u(t0) = u0

�u(t0) = �u0 ;

(2.1)

ìpou : M to mhtr¸o mˆzac, K to elastikì mhtr¸o stibarìthtac, C to mhtr¸o apìsbeshc,

R oi mh grammikèc dunˆmeic epanaforˆc, u to diˆnusma metatopÐsewn, �u to diˆnusma

taqut twn, ü to diˆnusma epitaqÔnsewn kai f to diˆnusma exwterik¸n �ortÐsewn.

H exÐswsh 2.1, mporeÐ na grafteÐ enallaktikˆ wc ex c :

FI (t ) + FD(t ) + FE(t ) � f (t ) = 0; (2.2)

7
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ìpou :

ˆ FI (t ) = Mü(t ) eÐnai oi adraneiakèc dunˆmeic,

ˆ FD(t ) = C�u(t ) oi dunˆmeic apìsbeshc

ˆ FE(t ) = Ku(t ) + R[u(t ); �u(t )] oi eswterikèc dunˆmeic epanaforˆc.

H exÐswsh kÐnhshc enìc talanteuìmenou sust matoc (exÐswsh 2.1) ìpwc èqei grafteÐ sth

morf  thc sqèshc 2.2 ekfrˆzei th sunj kh isorropÐac ìlwn twn dunˆmewn, dhlad  thc

exwterik c diegeÐrousac dÔnamhc kai twn eswterik¸n dunˆmewn antÐstashc tou sust matoc

(adraneiakèc, elastikèc kai apìsbeshc) gia mia dedomènh qronik  stigm  t . Aplopoi¸ntac

thn 2.1 gia grammik  dunamik  anˆlush, prokÔptei h parakˆtw exÐswsh :

Mü(t ) + C�u(t ) + Ku(t ) = f (t ); (2.3)

2.1.5 Grammik  Dunamik  Anˆlush QronoðstorÐac

Sthn perÐptwsh thc grammik c dunamik c anˆlushc, h exˆrthsh twn eswterik¸n du-

nˆmewn antÐstashc apì to aÐtio pou tic prokaleÐ eÐnai grammik  kai epomènwc isqÔei :

FD = C�u(t ); (2.4)

FE = Ku(t ): (2.5)

Antikajist¸ntac tic 2.4 kai 2.5 sthn exÐswsh 2.2 prokÔptei pwc h sunj kh isorropÐac gia

èna dunamikì sÔsthma me apìsbesh, upì seismik  diègersh, me n-�ajmoÔc eleujerÐac, upì

thn paradoq  grammikˆ elastik c sumperiforˆc, diatup¸netai, gia mia qronik  stigm  t ,

se mhtrwik  morf  wc ex c :

Mü(t ) + C�u(t ) + Ku(t ) = � Mr üg(t ); (2.6)

ìpou M to mhtr¸o mˆzac , K to mhtr¸o stibarìthtac, C to mhtr¸o apìsbeshc, kai ta trÐa

me diastˆseic (n � n ). Epiplèon, u eÐnai to diˆnusma epikìmbiwn metatopÐsewn, diastˆsewn

(n � 1) , üg h edafik  epitˆqunsh kai r to diˆnusma epirro c, diastˆsewn (n � 1) to opoÐo

ekfrˆzei th qwrik  katanom  thc exwterik c diègershc.

H exÐswsh (2.6) ekfrˆzei èna sÔsthma grammik¸n diaforik¸n exis¸sewn 2ac tˆxhc, h

lÔsh tou opoÐou mporeÐ na lhfjeÐ me opoiad pote sumbatik  mèjodo epÐlushc diaforik¸n

exis¸sewn, me stajeroÔc suntelestèc. Tètoiec sumbatikèc mèjodoi, wstìso, mporeÐ na eÐnai

idiaÐtera dÔskolec kai qronobìrec upologistikˆ, eidikˆ ìtan h tˆxh twn mhtr¸wn � su-

ntelest¸n eÐnai uyhl . Epomènwc, koin  praktik  se analÔseic peperasmènwn stoiqeÐwn,

eÐnai na protim¸ntai arijmhtikèc mèjodoi prosarmosmènec sta probl mata mhqanik c kai

katˆllhlec gia thn epÐlush problhmˆtwn ìpou ta mhtr¸a eÐnai araiˆ.

Oi kÔriec teqnikèc gia thn anˆlush thc dunamik c apìkrishc polubˆjmiwn susthmˆtwn

eÐnai oi parakˆtw :
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1. Mèjodoc EpallhlÐac Idiomorf¸n ( Modal Superposition Method ) : AxiopoieÐ

thn anˆlush idiomorf¸n gia thn "aposÔnjesh" thc apìkrishc tou sust matoc stic

anexˆrthtec idiomorfèc tou.

2. Mèjodoi ApeujeÐac Arijmhtik c Olokl rwshc ( Direct Numerical Integration

Schemes ) : LÔnetai apeujeÐac h diaforik  exÐswsh kÐnhshc me arijmhtikèc mejìdouc

olokl rwshc.

3. Anˆlush Fˆsmatoc Apìkrishc ( Response Spectrum Analysis ): H sugkekrimènh

mèjodoc aforˆ thn anˆlush seismik¸n �ortÐsewn kai �asÐzetai sto �ˆsma apìkrishc

thc kataskeu c se sqèsh me th seismik  diègersh.

4. Anˆlush sto PedÐo Suqnot twn ( Frequency Domain Analysis ): AnalÔei thn a-

pìkrish tou sust matoc sto pedÐo suqnot twn mèsw twn metasqhmatism¸n Fourier  

Laplace .

2.1.6 Mèjodoi Arijmhtik c Olokl rwshc thc ExÐswshc KÐnhshc

H metatìpish u (t ) eÐnai dunatì na prosdiorisjeÐ me apeujeÐac arijmhtik  olokl rwsh

thc exÐswshc kÐnhshc 2.3. Katˆ kairoÔc , èqoun anaptuqjeÐ diˆforec arijmhtikèc mèjodoi oi

opoÐec �asÐzontai ston upologismì thc apìkrishc � ma proc � ma, [27]. Pio sugkekrimèna,

xekinoÔn me dedomèno ìti h metatìpish u (0) , h taqÔthta �u (0) kai h epitˆqunsh ü (0) eÐnai

gnwstˆ gia th qronik  stigm  t = 0 kai sth sunèqeia upologÐzontai ta megèjh autˆ se mikrˆ

qronikˆ diast mata � t; 2� t; 3� t klp. H anˆptuxh twn mejìdwn arijmhtik c olokl rwshc

�asÐzetai stic ex c paradoqèc :

ˆ H diaforik  exÐswsh kÐnhshc ikanopoieÐtai se diakritèc qronikèc stigmèc oi opoÐec

apèqoun metaxÔ touc qrìno � t . Autì shmaÐnei ìti h isorropÐa twn adraneiak¸n

dunˆmewn, twn dunˆmewn apìsbeshc, twn elastik¸n dunˆmewn kaj¸c kai twn exwte-

�ik¸n dunˆmewn, exasfalÐzetai mìno se diakritèc qronikèc stigmèc mèsa sto qronikì

diˆsthma sto opoÐo anazhtoÔme th lÔsh.

ˆ H metatìpish, h taqÔthta kai h epitˆqunsh metabˆllontai se kˆje qronikì diˆsthma

� t me gnwstì trìpo.

2.1.6.1 Mèjodoc Newmark

'Estw èna monobˆjmio grammikì sÔsthma, tou opoÐou h kÐnhsh perigrˆfetai apì thn

exÐswsh 2.3 me stajerˆ ta megèjh mˆzac ( m), apìsbeshc ( c) kai duskamyÐac ( k ). Oi ˆgnwstec

metablhtèc tou dunamikoÔ sust matoc ü (t ) , �u (t ) kai u (t ) kaj¸c kai h �ìrtish p(t ) dÐnontai

apì èna sÔnolo shmeÐwn se diakritˆ qronikˆ shmeÐa t i . Dhlad , ü i = ü (t i ) , �u i = �u (t i ) ,

u i = u (t i ) , pi = p(t i ) , i = 0; 1; :::; N .

Oi sugkekrimènec timèc, ikanopoioÔn thn exÐswsh kÐnhshc 2.3 kˆje qronik  stigm  t i .

Mèsw thc mejìdou Newmark epitugqˆnetai o upologismìc thc apìkrishc u i+1 , �u i+1 kai

ü i+1 th qronik  stigm  t i+1 ikanopoi¸ntac pˆnta thn exÐswsh kÐnhshc tou sust matoc kai

èqontac san dedomèno ìti to qronikì diˆsthma � t i = t i+1 � t i eÐnai stajerì.
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SÔmfwna me th mèjodo Newmark , oi metakin seic kai oi taqÔthtec se èna qronikì � ma

proèrqontai apì thn olokl rwsh thc antÐstoiqhc sunˆrthshc epitˆqunshc, afoÔ �ewrh-

�eÐ kˆpoia dedomènh metabol  thc epitˆqunshc mèsa sto � ma. Metˆ thn olokl rwsh,

lambˆnontai oi parakˆtw sqèseic :

�u i+1 = �u i +
�
(1 � 
 )� t

�
ü i + (
 � t )ü i+1 (2.7)

u i+1 = u i + (� t ) �u i +
h
(0:5 � � )� t 2

i
ü i + (� � t 2)ü i+1 : (2.8)

,ìpou � kai 
 oi suntelestèc �ˆrouc, pou perigrˆfoun th metabol  thc epitˆqunshc

mèsa sto � ma.

- Gia 
 = 1=2 kai � = 1=4 , h mèjodoc sthrÐzetai sthn paradoq  stajer c epitˆqunshc

kai Ðshc me to mèso ìro thc arqik c kai telik c tim c. - Gia 
 = 1=2 kai � = 1=6, h mèjodoc

�asÐzetai sthn paradoq  grammikˆ metaballìmenhc epitˆqunshc.

Sq ma 2.3: Metabol  thc epitˆqunshc, thc taqÔthtac kai thc metatìpishc. Phg  : [7]

Jètontac :

� u i = u i+1 � u i (2.9)

� �u i = �u i+1 � �u i (2.10)

� ü i = ü i+1 � ü i (2.11)

kai

� pi = pi+1 � pi (2.12)

Oi exis¸seic 2.7 kai 2.8 grˆfontai wc :

� �u i+1 = (� t )ü i + (
 � t )� ü i (2.13)

� u i = (� t ) �u i + (0:5� t 2)ü i + (� � t 2)� ü i (2.14)
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EpilÔontac thn exÐswsh 2.14 wc proc thn epitˆqunsh � ü i , prokÔptei :

� ü i =
1

� � t 2
� u i �

1

� � t
� �u i �

1

2�
ü i (2.15)

� �u i =



� � t
� u i �




�
�u i + � t

 
1 �




2�

!
ü i (2.16)

Sth sunèqeia, gÐnetai antikatˆstash twn sqèsewn 2.15 kai 2.16 sthn parakˆtw sqèsh , h

opoÐa prokÔptei apì th diaforˆ thc exÐswshc kÐnhshc th stigm  t i+1 me thn exÐswsh kÐnhshc

th stigm  t i :

m � ü i + c� �u i + k � u i = � pi (2.17)

kai prokÔptei :

k̂ � u i = � p̂i (2.18)

ìpou

k̂ = k +



� � t
c +

1

� � t 2
m (2.19)

kai

� p̂i = � pi +
 

1

� � t
m +




�
c

!
�u i +

"
1

2�
m +

 



2�
� 1

!
c

#
ü i (2.20)

GnwrÐzontac ta qarakthristikˆ tou sust matoc m, c kai k , kaj¸c kai touc suntelestèc

� kai 
 , mazÐ me tic timèc twn�u i kai ü i sthn arq  kˆje qronikoÔ � matoc, mporoÔn na

upologistoÔn oi ìroi k̂ kai � p̂i apì tic sqèseic 2.19, 2.20 . Sth sunèqeia, h metatìpish � u i

prosdiorÐzetai apì :

� u i =
� p̂i

k̂
(2.21)

AfoÔ upologisteÐ to � u i , oi timèc twn � �u i kai � ü i prokÔptoun apì tic exis¸seic 2.15 kai

2.16 en¸ oi telikèc timèc twn u i+1 , �u i+1 kai ü i+1 upologÐzontai mèsw twn sqèsewn 2.9, 2.10

kai 2.11

2.1.6.2 Eustˆjeia Arijmhtik¸n Mejìdwn

Ta sfˆlmata pou prokÔptoun katˆ thn arijmhtik  olokl rwsh thc exÐswshc kÐnhshc

diakrÐnontai se treic kathgorÐec :

ˆ Sfˆlma stroggulopoÐhshc , to opoÐo emfanÐzetai lìgw twn suneq¸n upologism¸n

pou apaitoÔntai ìtan to � ma olokl rwshc eÐnai mikrì.

ˆ Sfˆlma apokop c , to opoÐo proèrqetai apì thn prosèggish twn parag¸gwn me

peperasmèno arijmì ìrwn.

ˆ Sfˆlma apì th diakritopoÐhsh , to opoÐo eisˆgetai ìtan h diaforik  exÐswsh anti-

kajÐstatai apì exÐswsh diafor¸n.
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Ta sfˆlmata apokop c ajroÐzontai se kˆje � ma olokl rwshc, ephreˆzontac thn a-

krÐbeia thc mejìdou. To mègejoc touc apoteleÐ mia èndeixh gia thn poiìthta thc arijmhtik c

prosèggishc, upì thn proôpìjesh ìti h mèjodoc eÐnai eustaj c. H anˆlush thc eustˆjeiac

miac arijmhtik c mejìdou apaiteÐ th melèth thc epÐdrashc tou sfˆlmatoc enìc � matoc

sto epìmeno. An to sfˆlma auxˆnetai diadoqikˆ, h mèjodoc �ewreÐtai astaj c.

H mèjodoc Newmark diathreÐ thn eustˆjeiˆ thc ìtan isqÔei h sunj kh :

� t

Tn
�

1

�
p

2

1
p


 � 2�
(2.22)

Gia 
 = 1
2 kai � = 1

4 , h parapˆnw sqèsh dÐnei :

� t

Tn
< 1 (2.23)

Autì shmaÐnei ìti h mèjodoc eÐnai eustaj c gia opoiad pote tim  tou � t . Wstìso, diathreÐ

uyhl  akrÐbeia mìno gia mikrˆ qronikˆ � mata � t . Gia 
 = 1
2 kai � = 1

6 , h sunj kh

eustˆjeiac gÐnetai :
� t

Tn
� 0:551 (2.24)
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2.2 TEQNHTH NOHMOSUNH KAI MHQANIKH MAJHSH

2.2 TEQNHTH NOHMOSUNH KAI MHQANIKH MAJHSH

2.2.1 Teqnht  NohmosÔnh ( Arti�cial Intelligence )

2.2.1.1 Orismìc

Katˆ kairoÔc, oi epist monec pou asqoloÔntai me to pedÐo thc teqnht c nohmosÔnhc

èqoun ekfrˆsei th dik  touc optik  sqetikˆ me to er¸thma "ti eÐnai teqnht  nohmosÔnh". Pio

sugkekrimèna, sÔmfwna me ton John McCarthy ,[21] ,jemeliwt  tou klˆdou kai empneust 

tou ìrou " Arti�cial Intelligence ", teqnht  nohmosÔnh eÐnai h epist mh kai mejodologÐa thc

dhmiourgÐac nohmìnwn mhqan¸n. Oi [2] (2004) dièkrinan kˆpoiouc orismoÔc pou èqoun

apodojeÐ se tèsseric kathgorÐec :

1. Sust mata pou skèftontai san ton ˆnjrwpo.

"H enjousi¸dhc nèa prospˆjeia na mˆjoume stouc upologistèc na skèftontai...Mhqanèc

me mualì, sthn kuriolektik  thc ènnoia" - Haugeland , 1985.

"H automatopoÐhsh twn drasthriot twn pou susqetÐzoume me thn anjr¸pinh skèyh,

ìpwc h epÐlush problhmˆtwn, h l yh apofˆsewn, h mˆjhsh ..." - Bellman , 1978.

2. Sust mata pou skèftontai orjologikˆ.

"H melèth twn nohtik¸n ikanot twn mèsw thc qr shc upologistik¸n montèlwn"- Charniak

kai McDermott , 1985.

"H melèth twn upologism¸n pou kajistoÔn dunat  thn antÐlhyh, th logik  kai th

drˆsh" - Winston , 1992.

3. Sust mata pou droun san ton ˆnjrwpo.

"H tèqnh tou na dhmiourgeÐc mhqanèc pou ekteloÔn leitourgÐec pou apaitoÔn nohmo-

sÔnh ìtan ekteloÔntai apì anjr¸pouc" - Kurzweil ,1990.

"H melèth tou pwc na kˆnoume tou upologistèc na kˆnoun prˆgmata sta opoÐa, aut 

th stigm , oi ˆnjrwpoi eÐnai kalÔteroi" - Rich kai Knight , 1991.

4. Sust mata pou droun orjologikˆ.

"H upologistik  nohmosÔnh eÐnai h melèth tou sqediasmoÔ eufu¸n praktìrwn" -

Poole et al. , 1998.

"H Teqnht  NohmosÔnh... asqoleÐtai me thn eufu  sumperiforˆ twn teqnourghmˆtwn"

- Nilsson , 1998.

Mia genikìterh prosèggish tou ti eÐnai "teqnht  nohmosÔnh" apodÐdetai parakˆtw :

Teqnht  NohmosÔnh eÐnai o tomèac thc epist mhc twn upologist¸n o opoÐoc asqoleÐtai me

th sqedÐash kai ulopoÐhsh programmˆtwn pou mporoÔn na mimhjoÔn tic anjr¸pinec gnw-

stikèc ikanìthtec, emfanÐzontac ètsi qarakthristikˆ pou sun jwc apodÐdoume se anjr¸pinh

sumperiforˆ, ìpwc h mˆjhsh, h epÐlush problhmˆtwn, h katanìhsh thc �usik c gl¸ssac

klp .
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2.2.1.2 H Dokim  ToÔringk ( Turing Test )

H dokim  ToÔringk, [17] ,pou dhmiourg jhke apì ton Alan Turing to 1950, apoteleÐ mia

apì tic pr¸tec proseggÐseic gia thn axiolìghsh thc teqnht c nohmosÔnhc. Katˆ th diˆrkeia

aut c, o upologist c dèqetai erwt seic apì ènan "anakrit " (ˆnjrwpo) kai ìtan o anakrit c

den èqei plèon th dunatìthta na diakrÐnei an oi graptèc apant seic eÐnai grammènec apì

ˆnjrwpo   apì upologist , tìte �ewreÐtai ìti h dokim  eÐnai epituq c. H dokim  ToÔringk

apotèlese èna shmantikì � ma sthn exèlixh twn ereun¸n sqetikˆ me thn ikanìthta twn

mhqan¸n na mimoÔntai thn anjr¸pinh nohmosÔnh. 'Epeita apì lÐga qrìnia, dhmiourg jhke

to " Total Turing Test ", to opoÐo perielˆmbane kai �usikèc dokimasÐec, me tic opoÐec o

anakrit c mporoÔse na elègxei tic antilhptikèc ikanìthtec tou upologist .

Prokeimènou na epitÔqei aut  th dokimasÐa, o upologist c prèpei na diajètei tic ex c

ikanìthtec :

ˆ EpexergasÐa Fusik c Gl¸ssac - Gia na epikoinwneÐ epituq¸c kai me swstì trìpo sth

gl¸ssa tou "anakrit ".

ˆ Anaparˆstash Gn¸shc - Gia na apojhkeÔei o,ti majaÐnei   akoÔei.

ˆ Autìmatoc Sullogismìc - Gia na qrhsimopoieÐ thn apojhkeumènh gn¸sh gia na apa-

ntˆei se erwt seic kai na katafeÔgei se sumperˆsmata.

ˆ Mhqanik  Mˆjhsh - Gia na prosarmìzetai se nèec sunj kec kai na entopÐzei kai na

exˆgei nèa motÐba.

ˆ 'Orash Upologist  - Gia na entopÐzei kai na katanoeÐ antikeÐmena.

ˆ Rompotik  - Gia na qeirÐzetai ta antikeÐmena autˆ kai na metakinoÔntai.

Oi parapˆnw ikanìthtec pou ìfeile na èqei ènac upologist c gia na epitÔqei to Test

ToÔringk, eÐnai èna megˆlo mèroc thc teqnht c nohmosÔnhc s mera.

2.2.2 Mhqanik  Mˆjhsh ( Machine Learning )

2.2.2.1 Orismìc

Mhqanik  Mˆjhsh ( Machine Learning ), [18], orÐzetai wc to �ainìmeno katˆ to opoÐo

èna sÔsthma �elti¸nei thn apìdos  tou katˆ thn ektèlesh miac sugkekrimènhc ergasÐac,

qwrÐc na upˆrqei anˆgkh na programmatisteÐ ek nèou. Skopìc thc eÐnai h dhmiourgÐa mh-

qan¸n ikan¸n na �elti¸noun thn apìdos  touc se kˆpoiouc tomeÐc mèsw thc axiopoÐhshc

prohgoÔmenhc gn¸shc kai empeirÐac. Enallaktikˆ, Mhqanik  Mˆjhsh onomˆzetai h ika-

nìthta enìc upologistikoÔ sust matoc na dhmiourgeÐ montèla   prìtupa apì èna sÔnolo

dedomènwn.

2.2.2.2 Mhqanik  Mˆjhsh kai Teqnht  NohmosÔnh

H mhqanik  mˆjhsh, upì mia ènnoia, mporeÐ na tautisteÐ me ton ìro thc Teqnht c Noh-

mosÔnhc [19]. Pio sugkekrimèna, mèsw thc mhqanik c mˆjhshc diamorf¸netai h ikanìthta
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tou upologist  na eidikeÔetai se otid pote mèsw exˆskhshc kaj¸c kai na aniqneÔei motÐba

apì polÔploka dedomèna. Autèc oi ikanìthtec twn upologist¸n oi opoÐec dhmiourgoÔntai

apì th mhqanik  mˆjhsh apoteloÔn qarakthristikˆ anjr¸pinhc nohmosÔnhc. Epomènwc,

polÔ suqnˆ tautÐzontai oi dÔo ìroi, epeid  aposkopoÔn sto Ðdio apotèlesma, th diamìr-

�wsh kˆpoiou eÐdouc nohmosÔnhc se teqnhtˆ mèsa. Wstìso, mia diaforˆ pou sunantˆtai

anˆmesa stic duo ènnoiec eÐnai h diaforetik  qr sh twn "nohmìnwn mhqan¸n". Apì th mia

pleurˆ, h teqnht  nohmosÔnh epijumeÐ oi mhqanèc na mimoÔntai epˆkrib¸c thn anjr¸pinh

nohmosÔnh kai sumperiforˆ en¸, apì thn ˆllh pleurˆ, h mhqanik  mˆjhsh dhmiourgeÐ

ergaleÐa gia na �ohj sei thn anjr¸pinh drasthriìthta.

2.2.2.3 Pìte qreiˆzetai h Mhqanik  Mˆjhsh ?

H mhqanik  mˆjhsh qreiˆzetai se peript¸seic ìpou to prìblhma pou prèpei na lujeÐ

eÐnai arketˆ perÐploko gia tic gnwstèc mejìdouc programmatismoÔ   upˆrqei anˆgkh gia

prosarmostikìthta.

Pio sugkekrimèna, wc perÐploka probl mata �ewroÔntai oi diergasÐec pou ek �Ôsewc

ekteloÔntai apì anjr¸pouc, ìpwc h od ghsh, h omilÐa, h katanìhsh eikìnwn. Prokei-

mènou autèc oi diergasÐec na prosomoiwjoÔn apì upologist , dÔnatai na qrhsimopoihjeÐ h

mhqanik  mˆjhsh. O upologist c "majaÐnei apì thn empeirÐa" tou kai ètsi epitugqˆnontai

arketˆ ikanopoihtikˆ apotelèsmata. Epiplèon, h mhqanik  mˆjhsh sumbˆllei shmantikˆ

se diergasÐec oi opoÐec uperbaÐnoun tic anjr¸pinec dunatìthtec. Gia parˆdeigma, h sullo-

g  upèrogkwn plhrofori¸n oi opoÐec aforoÔn èna perÐploko �èma, ìpwc ta astronomikˆ

dedomèna   h prìbleyh kairoÔ, kai h anˆlus  touc gia na prokÔyei èna sumpèrasma a-

poteleÐ polÔ dÔskolh apostol  plèon gia ton ˆnjrwpo, afoÔ ìso exelÐssetai h teqnologÐa

tìso auxˆnontai kai autˆ ta dedomèna. Gia autì to skopì, èqoun arqÐsei na uiojetoÔntai

teqnikèc mhqanik c mˆjhshc oi opoÐec èqoun "ekpaideuteÐ" na entopÐzoun qr simec plhro-

�orÐec apì ìlo ton ìgko twn plhrofori¸n kai na dieukolÔnoun to anjr¸pino èrgo.

O ìroc "prosarmostikìthta" sth perÐptwsh thc mhqanik c mˆjhshc, aforˆ sthn ika-

nìthta twn efarmog¸n thc na prosarmìzontai sto eÐdoc twn dedomènwn pou touc dÐdontai

kˆje �orˆ. Dhlad , "ekpaideÔontai" sto na anagnwrÐzoun dedomèna apì keÐmena grammèna

se upologist , apì qeirìgrafa keÐmena pollapl¸n grafik¸n qarakt rwn, apì eikìnec, a-

kìma kai apì �wnhtikèc entolèc. Mia tètoia dieukìlunsh eÐnai shmantik  gia to anjr¸pino

èrgo kaj¸c ta paradosiakˆ ergaleÐa eÐnai perioristikˆ afoÔ dèqontai polÔ sugkekrimèna

eÐdh dedomènwn.

2.2.2.4 Teqnikèc Mhqanik c Mˆjhshc

H mhqanik  mˆjhsh [5] qarakthrÐzetai apì pollèc diaforetikèc mejìdouc kai teqni-

kèc. Mia pr¸th diˆkrish eÐnai h Epiblepìmenh Mˆjhsh ( Supervised Learning ) kai h Mh

Epiblepìmenh Mˆjhsh ( Unsupervised Learning ).

Epiblepìmenh Mˆjhsh ( Supervised Learning )

Epiblepìmenh mˆjhsh eÐnai to eÐdoc mhqanik c mˆjhshc katˆ to opoÐo to montèlo e-

nhmer¸netai ek twn protèrwn gia thn eÐsodo allˆ kai thn epijumht  èxodo. Me autìn ton
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trìpo, to montèlo mporeÐ na diakrÐnei motÐba pou sundèoun thn eÐsodo kai thn epijumht 

èxodo kai na ekpaideuteÐ gia na exˆgei ìso to dunatìn parìmoia apotelèsmata.

Mh Epiblepìmenh Mˆjhsh ( Unsupervised Learning )

Se antÐjesh me thn epiblepìmenh mˆjhsh, h Mh Epiblepìmenh mˆjhsh eÐnai to eÐdoc

thc mhqanik c mˆjhshc katˆ to opoÐo eisˆgetai sto montèlo h eÐsodoc qwrÐc epijumhtˆ

apotelèsmata kai mìno me ta dedomèna eisìdou pou èqei, prospajeÐ na entopÐsei motÐba

pou ta sundèoun metaxÔ touc ¸ste na ta omadopoi sei.

DeÔterh kai exÐsou shmantik  kathgoriopoÐhsh eÐnai h diˆkrish se Rhq  Mˆjhsh ( Shal•

low Learning ) kai Bajiˆ Mˆjhsh ( Deep Learning ).

Rhq  Mˆjhsh ( Shallow Learning )

EÐnai o tÔpoc mhqanik c mˆjhshc o opoÐoc anafèretai se montèla pou èqoun ligìtera

epÐpeda   paramètrouc se sÔgkrish me ˆlla. Epiplèon, ta montèla �hq c mˆjhshc dièpo-

ntai apì aploÔsterh arqitektonik  kai eÐnai katˆllhla gia na lÔnoun gr gora probl mata

me aplˆ dedomèna eisìdou.

Bajiˆ Mˆjhsh ( Deep Learning )

H �ajiˆ mˆjhsh aforˆ montèla mhqanik c mˆjhshc ta opoÐa perilambˆnoun perÐplokh

arqitektonik  kai mporoÔn me aplˆ dedomèna eisìdou na exˆgoun pio sÔnjeta kai exeidi-

keumèna apotelèsmata. O kataskeuast c tou montèlou den apaiteÐtai na èqei �ajÔterh

gn¸sh pèra apì ta dedomèna pou �a eisˆgei sto montèlo. H exèlixh thc �ajiˆc mˆjhshc

èqei sumbˆllei shmantikˆ sthn epÐlush polÔplokwn problhmˆtwn pou eÐnai adÔnato na

lujoÔn me tic paradosiakèc mejìdouc kai mìno me ton anjr¸pino parˆgonta.

TeleutaÐa megˆlh omadopoÐhsh teqnik¸n thc mhqanik c mˆjhshc eÐnai me �ˆsh tic

majhmatikèc mejìdouc kai ergaleÐa pou qrhsimopoioÔntai. Pio sugkekrimèna, upˆrqoun

teqnikèc oi opoÐec qrhsimopoioÔn Pijanotikˆ Montèla (Probabilistic Models ) kai teqnikèc

oi opoÐec qrhsimopoioÔn ta Neurwnikˆ DÐktua (Neural Networks ). H paroÔsa ergasÐa

asqoleÐtai katˆ �ˆsh me ta neurwnikˆ dÐktua, ta opoÐa analÔontai parakˆtw.

2.2.2.5 Teqnhtˆ Neurwnikˆ DÐktua

Ta teqnhtˆ neurwnikˆ dÐktua, [20], apoteloÔn majhmatikˆ montèla prosomoÐwshc thc

polÔplokhc leitourgÐac tou anjr¸pinou egkefˆlou. H qr sh touc eÐnai tètoia ¸ste na

epitrèpei thn epexergasÐa dedomènwn me parˆllhlh dunatìthta suneqoÔc mˆjhshc mèsw thc

allhlepÐdrashc me to peribˆllon, ìpwc akrib¸c sumbaÐnei kai ston anjr¸pino egkèfalo.

H dom  enìc teqnhtoÔ neurwnikoÔ diktÔou mimeÐtai se megˆlo �ajmì th dom  enìc �iolo-

gikoÔ neurwnikoÔ diktÔou, afoÔ skopìc thc dhmiourgÐac tou eÐnai na emfanÐzei parìmoiec

idiìthtec me autì. Pio sugkekrimèna, apoteleÐtai apì èna sÔnolo teqnht¸n neur¸nwn pou

allhlepidroÔn metaxÔ touc me tic sunˆyeic ( synapses ) kai o �ajmìc allhlepÐdrashc touc

kajorÐzetai apì ta sunaptikˆ �ˆrh ( synaptic weights ).

Ta sunaptikˆ �ˆrh apoteloÔn shmantikì krit rio gia thn empeirik  gn¸sh pou �a

apokt sei to neurwnikì dÐktuo, kaj¸c èqoun th dunatìthta endunˆmwshc   apodunˆmwshc

thc isqÔoc tou kˆje desmoÔ tou diktÔou, me apotèlesma na prosdÐdoun sto dÐktuo thn

ikanìthta gia exèlixh kai prosarmog  sto peribˆllon.
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2.2.2.6 Dom  NeurwnikoÔ DiktÔou

Basikì stoiqeÐo enìc neurwnikoÔ diktÔou eÐnai o teqnhtìc Neur¸nac ( Perceptron ),[20]

ìpwc apeikonÐzetai sto sq ma 2.4. Kˆje teqnhtìc neur¸nac dèqetai èna diˆnusma eisìdou

kai èna stajerì ìro b (bias) . Sth sunèqeia, pollaplasiˆzei kˆje diˆnusma eisìdou me to

antÐstoiqo sunaptikì �ˆroc w, ¸ste na kajorÐsei thn apìdosh kˆje dianÔsmatoc eisìdou

sto neur¸na. Sto telikì ˆjroisma "S" prostÐjentai ta ginìmena twn dianusmˆtwn eisìdou me

ta antÐstoiqa sunaptikˆ �ˆrh touc kai o stajerìc ìroc b. Tèloc, to ˆjroisma autì eisˆgetai

sthn Sunˆrthsh EnergopoÐhshc ( Activation Function ) kai to apotèlesma thc sunˆrthshc

apoteleÐ thn èxodo tou Neur¸na. H exÐswsh pou ekfrˆzei th leitourgÐa tou neur¸na eÐnai

h ex c :

y = g(
nX

i=1

wixi + b)

Sq ma 2.4: Neur¸nac ( Perceptron ). Phg  : [34]

2.2.2.7 Sunˆrthsh EnergopoÐhshc

Oi sunart seic energopoÐhshc apoteloÔn majhmatikèc sunart seic pou eisˆgontai,

ìpwc proanafèrjhke, se kˆje neur¸na enìc neurwnikoÔ diktÔou. H kÔria leitourgÐa touc

eÐnai na eisˆgoun mia mh-grammikìthta sto sÔsthma, prokeimènou o neur¸nac na exoikeiw-

�eÐ me pio polÔplokec diergasÐec. Upˆrqoun diˆforec sunart seic energopoÐhshc kai h

epilog  metaxÔ aut¸n exartˆtai apì to tÔpo kai tic apait seic tou ekˆstote probl matoc.

Orismènec sunart seic energopoÐhshc eÐnai oi ex c :

1. Linear (Grammik )

H grammik  sunˆrthsh energopoÐhshc eÐnai apì tic pio �asikèc sunart seic pou

qrhsimopoioÔntai sta neurwnikˆ dÐktua, ìmwc de qrhsimopoieÐtai suqnˆ giatÐ de pro-

sjètei kˆpoia mh grammikìthta sto montèlo kai autì eÐnai perioristikì sta peris-

sìtera probl mata.

2. Sigmoid (Sigmoeid c)

H sigmoeid c sunˆrthsh energopoÐhshc eÐnai mia mh grammik  sunˆrthsh h opoÐa

qrhsimopoieÐtai eurèwc se neurwnikˆ dÐktua. H morf  thc majhmatikˆ mporeÐ na

ekfrasteÐ wc ex c :

� (z) =
1

1 + e� z
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H sugkekrimènh sunˆrthsh metatrèpei opoiad pote eÐsodì thc se mia tim  metaxÔ 0

kai 1. Aut  h idiìthta th kajistˆ idiaÐtera qr simh se probl mata ìpwc h pijanotik 

taxinìmhsh, ìpou �èloume na ekfrˆsoume th pijanìthta enìc sumbˆntoc.

3. Recti�ed Linear Unit (ReLU)

H sugkekrimènh sunˆrthsh energopoÐhshc eÐnai mia apì tic pio shmantikèc sunar-

t seic gia neurwnikˆ dÐktua, kaj¸c prosfèrei apodotikìthta kai aplìthta sthn ek-

paÐdeush twn montèlwn. 'Ena shmantikì thc pleonèkthma eÐnai oi polÔ grhgorìterec

ekpaideÔseic pou pragmatopoioÔntai se èna dÐktuo me th qr sh thc, lìgw thc polÔ

apl c morf c thc. H majhmatik  morf  thc eÐnai h ex c :

f (x ) = max (0; x )

Aut  thc h morf  deÐqnei oti h sunˆrthsh lambˆnei mia tim  eisìdou kai epistrèfei

thn Ðdia tim  an aut  eÐnai �etik ,   th tim  mhdèn an eÐnai arnhtik .

4. Sunˆrthsh Tanh

'Opwc h sigmoeid c sunˆrthsh, ètsi kai h sunˆrthsh tanh metatrèpei ìla ta dedomèna

eisìdou se timèc metaxÔ -1 kai 1. H majhmatik  thc èkfrash eÐnai h ex c :

tanh (x ) =
1 � exp(� 2x )
1 + exp(� 2x )

(2.25)

Sthn parakˆtw apeikonÐzontai oi sunart seic energopoÐhshc sunolikˆ :

Sq ma 2.5: Sunart seic EnergopoÐhshc. Phg  : Benjmain Dosch, 2021,[28]

2.2.2.8 Neur¸nac Poll¸n Epipèdwn ( Multilayer Perceptron /MLP )

Oi neur¸nec poll¸n epipèdwn[3] apoteloÔn mia pio perÐplokh morf  tou aploÔ neu-

�¸na ( perceptron ) pou anafèrjhke se prohgoÔmenh parˆgrafo. H dom  tou apoteleÐtai

apì ta dianÔsmata   epÐpeda eisìdou ( input layers ) , krufˆ epÐpeda ( hidden layers ), dhla-

d  endiˆmesa epÐpeda neur¸nwn tou diktÔou, kai ta epÐpeda exìdou ( output layers ). Arqikˆ,
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ta dianÔsmata eisìdou eisˆgontai stouc neur¸nec tou pr¸tou krufoÔ epipèdou kai h èxodoc

kˆje neur¸na tou pr¸tou krufoÔ epipèdou apoteleÐ thn eÐsodo twn neur¸nwn tou deÔterou

krufoÔ epipèdou k.o.k.. H èxodoc kˆje neur¸na tou teleutaÐou krufoÔ epipèdou trofodo-

teÐtai sto epÐpedo exìdou. O arijmìc twn kruf¸n epipèdwn pou èqei kˆje neurwnikì dÐktuo

exartˆtai apì to ekˆstote prìblhma. 'Otan èna neurwnikì dÐktuo perièqei pˆnw apì duo

krufˆ epÐpeda , tìte onomˆzetai �ajÔ neurwnikì dÐktuo ( deep neural network ).

Sq ma 2.6: Neur¸nac Poll¸n Epipèdwn ( Multilayer Perceptron ) me trÐa krufˆ epÐpeda.
Phg  : [33]

2.2.2.9 EkpaÐdeush neurwnikoÔ diktÔou

H ekpaÐdeush enìc neurwnikoÔ diktÔou apoteleÐ polÔ shmantikì � ma gia thn anˆptu-

xh enìc apodotikoÔ montèlou mhqanik c mˆjhshc. Oi trìpoi ekpaÐdeushc poikÐloun kai h

epilog  touc exartˆtai apì to tÔpo probl matoc pou kaleÐtai o qr sthc na lÔsei. Geni-

kìtera, h diadikasÐa pou akoloujeÐtai eÐnai h akìloujh. To dÐktuo dèqetai ta dedomèna

eisìdou, èpeita prospajeÐ na prosomoiˆsei th leitourgÐa miac sunˆrthshc kai parˆgei

thn antÐstoiqh èxodo. Autì epanalambˆnetai arketèc �orèc, ètsi ¸ste na "mˆjei" to dÐktuo

ta katˆllhla sunaptikˆ �ˆrh gia kˆje dedomèno eisìdou me to mikrìtero dunatì sfˆl-

ma. Aut  h diadikasÐa apoteleÐ thn ekpaÐdeush tou neurwnikoÔ diktÔou kai ìso mikrìtero

sfˆlma prokÔyei tìso pio akrib c eÐnai h ektÐmhsh thc sunˆrthshc.

Sunˆrthsh Sfˆlmatoc ( Loss Function ) H sunˆrthsh sfˆlmatoc ekfrˆzei thn apìklish

thc exìdou tou neurwnikoÔ diktÔou gia mia orismènh eÐsodo se sqèsh me thn epijumht 

èxodo. 'Opwc proanafèrjhke, h sunˆrthsh sfˆlmatoc diadramatÐzei shmantikì �ìlo sthn

ekpaÐdeush twn neurwnik¸n diktÔwn afoÔ ìso mei¸netai h sunˆrthsh sfˆlmatoc tìso ka-

lÔtera ekpaideÔetai to dÐktuo.

2.2.2.10 Trìpoi EkpaÐdeushc NeurwnikoÔ DiktÔou

1) Algìrijmoc Forward Propagation

O algìrijmoc Forward Propagation ,[3], apoteleÐ èna apì ta �asikìtera � mata thc

diadikasÐac ekpaÐdeushc enìc neurwnikoÔ diktÔou. EÐnai h diadikasÐa katˆ thn opoÐa

upologÐzetai kˆje tim  kˆje epipèdou apì ta dedomèna eisìdou mèqri kai thn èxodo qwrÐc

na gÐnoun diorj¸seic sta �ˆrh tou diktÔou. H plhroforÐa �èei proc mia kateÔjunsh,

qwrÐc na upˆrqei epistrof  proc ta pÐsw kai ousiastikˆ parèqei mia pr¸th prìbleyh tou

diktÔou.
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Sq ma 2.7: Algìrijmoc Forward Propagation Phg  : [31]

2) Algìrijmoc Opisjodiˆdoshc ( Backpropagation )

'Enac apì touc algorÐjmouc ekpaÐdeushc neurwnik¸n diktÔwn eÐnai o algìrijmoc Back•

propagation [3]. Skopìc tou algorÐjmou eÐnai o upologismìc twn pr¸twn parag¸gwn thc

sunˆrthshc sfˆlmatoc ( Loss Function ) wc proc ta �ˆrh twn neur¸nwn tou teleutaÐou epi-

pèdou kai h diˆdosh touc se prohgoÔmena epÐpeda me ton kanìna thc alusÐdac ( chain rule )

me stìqo na katano sei poia epÐpeda eÐqan to megalÔtero sfˆlma sthn anˆlush ¸ste na

prosarmostoÔn ta �ˆrh kˆje epipèdou tou diktÔou kai katèpèktash na meiwjeÐ to sfˆlma

sto elˆqisto.

Sta neurwnikˆ dÐktua, o kanìnac thc alusÐdac diatup¸netai wc ex c :

@C

@wji
=

@zi
@wji

@yi
@zi

@C

@yi

ìpou y h tim  exìdou, w ta �ˆrh kˆje epipèdou, z to ˆjroisma twn �ar¸n kai twn tim¸n

twn prohgoÔmenwn neur¸nwn kai C h sunˆrthsh sfˆlmatoc tou.

Sq ma 2.8: Algìrijmoc Backpropagation. Phg  : [30]

Gia thn ekpaÐdeush twn neurwnik¸n diktÔwn, oi duo parapˆnw algìrijmoi ekpaÐdeushc

allhloexart¸ntai. Pio sugkekrimèna, xekinˆei h ekpaÐdeush me ton algìrijmo Forward

Propagation . Eisˆgontai dedomèna sto epÐpedo eisìdou tou neurwnikoÔ diktÔou kai per-

n¸ntac mèsa apì kˆje epÐpedo upologÐzontai ta dedomèna exìdou kai to sfˆlma tou di-

ktÔou. Se ekeÐno to stˆdio, xekinˆei h diadikasÐa Backpropagation h opoÐa qrhsimopoieÐ

to sfˆlma tou pr¸tou algorÐjmou kai pragmatopoieÐ diorj¸seic sta �ˆrh twn endiˆmeswn

epipèdwn gia na meiwjeÐ to sfˆlma. Oi diadikasÐec autèc epanalambˆnontai suneq¸c kai

ètsi ekpaideÔetai to dÐktuo.

3) Katˆbash klÐshc ( Gradient Descent )
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O algìrijmoc katˆbashc klÐshc ,[3],apoteleÐ epÐshc ènan shmantikì algìrijmo ekpa-

Ðdeushc neurwnik¸n diktÔwn. H genik  idèa thc katˆbashc klÐshc eÐnai na tropopoi sei

tic paramètrouc thc exÐswshc prokeimènou na elaqistopoi sei mia sunˆrthshc sfˆlmatoc.

Praktikˆ, upologÐzei thn arnhtik  merik  parˆgwgo thc sunˆrthshc sfˆlmatoc wc proc

to diˆnusma twn paramètrwn thc kai kateujÔnetai proc th �jÐnousa klÐsh. H diadikasÐa

aut  suneqÐzetai mèqric ìtou na mhn eÐnai efikt  h peraitèrw "katˆbash". To mègejoc twn

�hmˆtwn pou qreiˆzontai gia na �rejeÐ to kat¸tero shmeÐo thc sunˆrthshc onomˆzetai �uj-

mìc mˆjhshc ( learning rate ). Eˆn o �ujmìc eÐnai mikrìc, tìte prèpei na gÐnoun perissìterec

epanal yeic gia na epiteuqjeÐ o stìqoc, kˆti pou eÐnai qronobìro. Apì thn ˆllh pleurˆ,

an o �ujmìc eÐnai megˆloc upˆrqei kÐndunoc na uperphd sei to elˆqisto kai na apotÔqei

h prospˆjeia eÔreshc tou elˆqistou sfˆlmatoc.

O algìrijmoc perigrˆfetai majhmatikˆ wc ex c :

g = r �
X

i

C(f (x i ; � ); y i )

ìpou :

� = � � ek � g

ZhtoÔmenh eÐnai h parˆmetroc � gia thn opoÐa elaqistopoieÐtai h sunˆrthsh kìstouc me

ton suntelest  ek na diadramatÐzei shmantikì �ìlo.

Sq ma 2.9: Mikrìc �ujmìc mˆjhshc/ Swstìc �ujmìc mˆjhshc/ Megˆloc �ujmìc mˆjhshc.
Phg  : Jeremy Jordan, 2018 [29]

H olokl rwsh enìc pl rh kÔklou me to sÔnolo twn dedomènwn ekpaÐdeushc tou te-

qnhtoÔ neurwnikoÔ diktÔou lègetai epoq  ( epoch ). Sun jwc, gia thn ekpaÐdeush twn neu-

�wnik¸n diktÔwn apaitoÔntai pˆnw apì mia epoqèc kai o arijmìc touc exartˆtai apì thn

poluplokìthta tou probl matoc pou kaloÔntai na epilÔsoun.

4) Stoqastik  katˆbash klÐshc Stochastic gradient descent

O algìrijmoc katˆbashc klÐshc ( gradient descent ) ,[3]pollèc �orèc eÐnai problhmati-

kìc giatÐ kˆnei qr sh ìlwn twn dedomènwn ekpaÐdeushc pou diajètei me stìqo na upologÐsei

tic parag¸gouc se kˆje � ma, kˆti pou eÐnai arketˆ qronobìro eidikˆ an ta dedomèna ek-

paÐdeushc eÐnai pollˆ. AntÐjeta, o algìrijmoc stoqastik c katˆbashc klÐshc ( Stochastic

Gradient Descent   SGD) epilègei tuqaÐa to kommˆti twn dedomènwn ekpaÐdeushc kai upo-

logÐzei mìno tic parag¸gouc autoÔ tou kommatioÔ. Me autì ton trìpo, o algìrijmoc gÐnetai
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polÔ pio gr goroc, ìmwc lìgw thc tuqaÐac epilog c tou kommatioÔ upˆrqei pijanìthta

metabol¸n sth sunˆrthsh kìstouc me sunèpeia to telikì apotèlesma na mhn eÐnai polÔ

kalì.

H majhmatik  èkfrash tou algìrijmou dÐnetai parakˆtw :

g =
1

m
r �

X

i

C(f (x i ; � ); y i )

� = � � ek � g

ìpou to m antiproswpeÔei to mègejoc twn dedomènwn ekpaÐdeushc pou qrhsimopoioÔntai.

2.2.2.11 Mhqanik  Mˆjhsh kai Palindrìmhsh ( Regression )

H palindrìmhsh,[3],[9], apoteleÐ èna apì ta pio �asikˆ ergaleÐa sth mhqanik  mˆjhsh.

Sto plaÐsio thc mhqanik c mˆjhshc, h palindrìmhsh mporeÐ na qrhsimopoihjeÐ gia thn :

ˆ Prìbleyh : 'Ena apì ta �asikˆ eÐdh mhqanik c mˆjhshc eÐnai h prìbleyh miac ti-

m c �ˆsei ˆllwn metablht¸n (pq prìbleyh tim¸n spiti¸n, metoq¸n klp,   prìbleyh

diˆrkeiac paramon c asjen¸n se nosokomeÐo). H palindrìmhsh mporeÐ na qrhsimo-

poihjeÐ wc ergaleÐo gia th prìbleyh aut .

ˆ Ex ghsh : Orismènec �orèc, stìqoc den eÐnai h prìbleyh allˆ h katanìhsh thc

sqèshc metaxÔ metablht¸n.

ˆ Axiolìghsh Montèlwn : H palindrìmhsh mporeÐ na qrhsimopoihjeÐ kai gia thn axio-

lìghsh thc apìdoshc montèlwn.

H pr¸th morf  palindrìmhshc h opoÐa qrhsimopoi jhke gia thn eÔresh thc exÐswshc

miac eujeÐac eÐnai h mèjodoc elaqÐstwn tetrag¸nwn pou qrhsimopoÐhsan oi Gauss, 1809

kai Legendre, 1805 gia ton prosdiorismì thc troqiˆc antikeimènwn gÔrw apì ton  lio.

H palindrìmhsh diakrÐnetai stic ex c kathgorÐec :

ˆ Apl  Grammik  Palindrìmhsh ( Simple Linear Regression )

H Apl  Grammik  Palindrìmhsh eÐnai h pio �asik  kai klassik  morf  palin-

drìmhshc kai leitourgeÐ mèsw thc �e¸rhshc pwc h sqèsh metaxÔ anexˆrthtwn kai

exarthmènwn metablht¸n eÐnai grammik    sqedìn grammik . Dhlad , to montèlo

pou dhmiourgeÐ h palindrìmhsh eÐnai mia sunˆrthsh, me thn opoÐa mporoÔme na

problèyoume thn tim  thc exarthmènhc metablht c mèsw twn tim¸n thc anexˆrththc

metablht c. H morf  thc sunˆrthshc metabˆlletai prosarmìzontac touc suntelestèc

thc mèqric ìtou na problèpei me ikanopoihtik  akrÐbeia thn exarthmènh tim . H pio

diadedomènh mèjodoc pou qrhsimopoieÐtai gia thn prosarmog  twn suntelest¸n eÐnai

h mèjodoc twn elaqÐstwn tetrag¸nwn.

'Ena aplì montèlo grammik c palindrìmhshc ekfrˆzetai wc ex c :

y = a0 + a1x + e
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ìpou y h exarthmènh metablht , xi (i = 1; 2; 3; ::: ) h anexˆrthth metablht  kai e to

sfˆlma tou montèlou.

ˆ Grammik  Palindrìmhsh Poll¸n Metablht¸n (Multivariate Linear Regression )

H Grammik  Palindrìmhsh Poll¸n Metablht¸n eÐnai mia statistik  teqnik  h opoÐa

problèpei èna apotèlesma qrhsimopoi¸ntac ènan arijmì epexhghmatik¸n metablh-

t¸n. Stìqoc tou sugkekrimènou tÔpou palindrìmhshc eÐnai h montelopoÐhsh thc

grammik c sqèshc metaxÔ twn anexˆrthtwn kai twn exarthmènwn metablht¸n pou �a

analujoÔn.

To �asikì montèlo autoÔ tou eÐdouc palindrìmhshc eÐnai to ex c :

y = � 0 + � 1x1 + ::: + � m xm + e

ˆ Poluwnumik  Palindrìmhsh ( Polynomial Regression )

H Poluwnumik  Palindrìmhsh eÐnai ènac tÔpoc palindrìmhshc pou analÔetai sthn

poluwnumik  montelopoÐhsh n-ostoÔ �ajmoÔ thc sqèshc metaxÔ anexˆrthtwn kai exarth-

mènwn metablht¸n. ApoteleÐ mia eidik  perÐptwsh thc Grammik c Palindrìmhshc Poll¸n

Metablht¸n katˆ thn opoÐa h poluwnumik  exÐswsh twn dedomènwn sunduˆzetai me thn

kampulìgrammh allhlepÐdrash twn exarthmènwn kai anexˆrthtwn metablht¸n.

H �asik  majhmatik  èkfrash autoÔ tou eÐdouc palindrìmhshc ekfrˆzetai wc ex c :

y = � 0 + � 1x + � 2x 2 + ::: + � h x h + e

ìpou h o �ajmìc tou poluwnÔmou.
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2.3 NEURWNIKA DIKTUA KAJODHGOUMENA APO TH FUSIKH

(PHYSICS INFORMED NEURAL NETWORKS • PINNs )

2.3.1 Eisagwg  sta PINNs

Oi prìsfatec exelÐxeic sth �ajiˆ mˆjhsh èqoun �èrei epanˆstash se tomeÐc ìpwc h

epexergasÐa �usik c gl¸ssac ( natural language processing ), h ìrash upologist¸n ( com•

puter vision ) kai h enisqutik  mˆjhsh ( reinforcement learning ). Me th �o jeia thc taqeÐac

anˆptuxhc twn upologistik¸n pìrwn, ta �ajiˆ neurwnikˆ dÐktua qrhsimopoioÔntai ìlo kai

perissìtero kai se probl mata pou qrhsimopoioÔn �usikoÔc nìmouc gia thn epÐlush touc.

Pio sugkekrimèna, dedomènou ìti plèon h mhqanik  mˆjhsh kaleÐtai na "asqolhjeÐ" kai

me probl mata �usik¸n nìmwn, empeirik¸n sqèsewn   ˆllwn nìmwn pou dièpoun ta �usikˆ

�ainìmena, en¸ parˆllhla upˆrqei plhj¸ra �ibliografÐac gia autˆ, diamorf¸netai mia

nèa morf  neurwnik¸n diktÔwn gia thn epÐlush aut¸n twn problhmˆtwn, h opoÐa sunduˆzei

tic dunatìthtec thc mhqanik c mˆjhshc me tic �ewrhtikèc arqèc nìmwn pou proôp rqan.

H èkfrash thc ekˆstote plhroforÐac   nìmou ston algìrijmo ekpaÐdeushc gÐnetai mèsw

miac mh-grammik c diaforik c ekpaÐdeushc. Me autìn ton trìpo, prokÔptoun epiplèon

dedomèna ekpaÐdeushc kai ètsi o algìrijmoc katal gei pio gr gora sto epijumhtì apo-

tèlesma.

Ta neurwnikˆ dÐktua ta opoÐa ekpaideÔontai gia thn epÐlush problhmˆtwn epiblepo-

mènhc mhqanik c mˆjhshc kai tautìqrona upakoÔn stouc �usikoÔc nìmouc tou kˆje pro-

�l matoc kaloÔntai neurwnikˆ dÐktua kajodhgoÔmena apì th �usik    alli¸c PINNs.

Ta PINNs diakrÐnontai se treic kathgorÐec anˆloga me to trìpo me ton opoÐo epilÔoun

ta probl mata. Oi treic kathgorÐec eÐnai oi ex c :

1. GnwstoÐ orismènoi apì touc �usikoÔc nìmouc pou dièpoun to prìblhma kai parˆl-

lhla diajèsima kˆpoia dedomèna me ta opoÐa mporeÐ na ekpaideuteÐ o algìrijmoc.

Stìqoc eÐnai h eÔresh twn upìloipwn -ˆgnwstwn- arq¸n pou dièpoun to prìblhma, me

th �o jeia twn uparqìntwn �usik¸n nìmwn kai twn dedomènwn ekpaÐdeushc.

2. GnwstoÐ ìloi oi �usikoÐ nìmoi pou dièpoun to prìblhma kai epidi¸ketai h eÔresh

algorÐjmwn gia th taqÔterh epÐlush touc.

3. Gnwstˆ mìno dedomèna gia to �ainìmeno kai prospˆjeia eÔreshc twn �usik¸n nìmwn

pou to dièpoun.

2.3.2 Orismìc tou probl matoc

H qr sh twn PINNs stoqeÔei sthn eÔresh lÔsewn se mh-grammikˆ probl mata qwrÐc

na upˆrqei anˆgkh katafug c se kainoÔriec upojèseic. Ap¸teroc skopìc touc eÐnai h

diamìrfwsh enìc nèou prìtupou montelopoÐhshc kai upologismoÔ pou �a emploutÐzei th

�ajiˆ mˆjhsh me opoiad pote exèlixh prokÔptei sto tomèa twn efarmosmènwn majhmati-

k¸n, qrhsimopoi¸ntac arijmhtikèc epilÔseic twn merik¸n diaforik¸n exis¸sewn kai sqetikˆ

aplèc arqitektonikèc neurwnik¸n diktÔwn.
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OrÐzetai h parametropoihmènh mh-grammik  merik  diaforik  exÐswsh thc genik c

morf c ( Karniadakis et al. 2017: )

u t + N [u ] = 0; x 2 
 ; t 2 [0; T ]

ìpou to u (t; x ) sumbolÐzei th lÔsh thc exÐswshc, N[:] eÐnai ènac mh grammikìc diaforikìc

telest c kai W èna uposÔnolo twn pragmatik¸n arijm¸n RD . To neurwnikì dÐktuo, ìmwc,

prèpei na tropopoihjeÐ ¸ste na katafèrei na axiopoi sei th plhroforÐa pou prokÔptei

apì to �usikì nìmo pou sumperilambˆnetai sto prìblhma. Gia autì to skopì, orÐzetai h

sunˆrthsh f (t; x ) h opoÐa dÐnetai apì to aristerì mèloc thc parapˆnw exÐswshc :

f := u t + N [u ]

Me autì to trìpo, to neurwnikì dÐktuo �rÐsketai se �èsh na proseggÐsei th lÔsh thc

exÐswshc me qr sh thc merik c diaforik c exÐswshc pou perigrˆfei to �ainìmeno kai tic

sunoriakèc sunj kec pou thn dièpoun.

2.3.3 EkpaÐdeush

Ta dedomèna ekpaÐdeushc twnPINNs dièpontai, arqikˆ, apì èna pl joc shmeÐwn arqi-

k¸n kai sunoriak¸n sunjhk¸n Nu = (tu ; xu ) pou eÐnai gnwstˆ, ìpwc kai h lÔsh thc u (t; x )

se autˆ ta shmeÐa [3],[12]. Gia parˆdeigma, an dojeÐ mia oriak  sunj kh, èstw u (0; x ) = 1

, autì shmaÐnei pwc th qronik  stigm  t = 0 kai gia ìlec tic timèc x h lÔsh thc exÐswshc u

eÐnai pantoÔ Ðsh me 1. Epiplèon, sta dedomèna ekpaÐdeushc perilambˆnontai ta shmeÐa pou

�rÐskontai sto qwrÐo pou orÐzetai apì ta diast mata tou qrìnou kai tou q¸rou, ta opoÐa

sumbolÐzontai wc Nf = (t f ; x f ). Autˆ ta shmeÐa epilègontai me tuqaÐo trìpo kai se autˆ h

f �a prèpei na mhdenÐzetai. Oi parˆmetroi tou neurwnikoÔ diktÔou �a �rejoÔn apì thn

elaqistopoÐhsh thc sunˆrthshc kìstouc ( cost function ), h opoÐa prèpei na èqei dÔo ìrouc,

ènan anaferìmeno sta shmeÐa Nu kai ènan anaferìmeno sta shmeÐa Nf . 'Etsi, h sunˆrthsh

kìstouc paÐrnei th morf  :

MSE = MSEu + MSEf

ìpou :

MSEu =
1

Nu

NuX

i=1

ju (t i
u ; x i

u ) � u i j2

kai

MSEf =
1

Nf

NfX

i=1

jf (t i
f ; x i

f )j2

O ìroc u (t i
u ; x i

u ) upodhl¸nei thn prìbleyh pou exˆgetai apì to neurwnikì dÐktuo en¸

o ìroc u i dhl¸nei th pragmatik  tim  pou �a èprepe na èqei h exÐswsh sta shmeÐa Nu .

OmoÐwc, gia ta shmeÐaNf o algìrijmoc dÐnei ta apotelèsmata f (t i
f ; x i

f ) ta opoÐa prèpei na

sugklÐnoun sto mhdèn, ¸ste na diasfalisteÐ ìti ikanopoieÐtai o �usikìc nìmoc pou dièpei

to �ainìmeno.
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An kai den upˆrqei episthmonik  apìdeixh ìti ìlh h parapˆnw diadikasÐa katal gei se

olikì elˆqisto, mèsw empeirik¸n dokim¸n exˆgetai to sumpèrasma pwc ta PINNs mporoÔn

na d¸soun arketˆ kal  prìbleyh thc sumperiforˆc tou �ainomènou entìc tou pedÐou

sto opoÐo èqei oristeÐ qrhsimopoi¸ntac elˆqista dedomèna ekpaÐdeushc. Prokeimènou na

epiteuqjeÐ autì, prèpei to neurwnikì dÐktuo na eÐnai kataskeuasmèno me th katˆllhlh

arqitektonik  (arijmì epipèdwn kai neur¸nwn se kˆje epÐpedo).

Tèloc, ˆxio anaforˆc eÐnai to gegonìc ìti se antÐjesh me tic klasikèc arijmhtikèc me-

�ìdouc, h epÐlush thc merik c diaforik c exÐswshc me to neurwnikì dÐktuo èqei epiteuqjeÐ

qwrÐc diakritopoÐhsh sto q¸ro kai to qrìno, en¸ de qreiˆzetai eidik  metaqeÐrish to kˆje

xeqwristì �ainìmeno pou meletˆtai, wc proc thn arqitektonik  tou diktÔou. H ènnoia thc

parag¸gou pou eisˆgetai sto neurwnikì dÐktuo eÐnai idiaÐtera shmantik  plhroforÐa gia

thn anˆptuxh lÔshc sto ekˆstote prìblhma. Autì shmaÐnei ìti apoteleÐ mia polÔ kal 

prosèggish thc akriboÔc lÔshc. Ta pleonekt mata autˆ, sunduastikˆ me thn eukolÐa sthn

ulopoÐhsh, kajistoÔn ta PINNs èna polÔ isqurì ergaleÐo.

2.3.4 Epagwgik  Mèjodoc ( Inference method )

H epagwgik  mèjodoc sthn Teqnht  NohmosÔnh anafèretai sth diadikasÐa exagwg c

logik¸n sumperasmˆtwn, problèyewn kai apofˆsewn me �ˆsh diajèsimec plhroforÐec,

suqnˆ me th qr sh prokajorismènwn kanìnwn, statistik¸n montèlwn   algorÐjmwn mh-

qanik c mˆjhshc. Sugkekrimèna sta PINNs, h epagwgik  mèjodoc qrhsimopoieÐ �usikoÔc

nìmouc kai dedomèna, mèsw diaforik¸n exis¸sewn, prokeimènou na parèqei akribeÐc kai axi-

ìpistec lÔseic se �usikˆ probl mata. To montèlo ekpaideÔetai, sÔmfwna me prohgoÔmenh

parˆgrafo, kai èpeita eÐnai se �èsh na problèyei lÔseic gia ˆgnwstec sunj kec. Aut  h

ikanìthta eÐnai idiaÐtera qr simh se probl mata ìpou oi parathr seic eÐnai periorismènec

  dÔskolec na apokthjoÔn. H epagwgik  mèjodoc ( inference method ) epitrèpei sta neurw-

nikˆ dÐktua, kajodhgoÔmena apì th �usik , na epitÔqoun akrÐbeia se polÔploka �usikˆ

probl mata, kaj¸c mèsw thc ekpaÐdeushc apì touc �usikoÔc nìmouc elaqistopoieÐtai h

"anˆgkh" tou montèlou gia nèa dedomèna ekpaÐdeushc.

Parˆdeigma thc epagwgik c mejìdou sthn Teqnht  NohmosÔnh eÐnai h qr sh thc sthn i-

atrik  èreuna kai diagn¸seic. Mèsw aut c thc mejìdou upˆrqei h dunatìthta anˆlushc twn

dedomènwn asjen¸n gia th paroq  �eltistopoihmènwn sqedÐwn �erapeÐac kai problèyewn.

Epiplèon, h epagwgik  mèjodoc mporeÐ na qrhsimopoihjeÐ sto epˆggelma tou PolitikoÔ

MhqanikoÔ. Gia parˆdeigma, sth kataskeu  miac gèfurac, sullègontac dedomèna sqetikˆ

me tic idiìthtec twn ulik¸n pou prìkeitai na qrhsimopoihjoÔn kaj¸c kai ta �ortÐa pou

�a dèqetai h gèfura, mporeÐ o mhqanikìc na kataskeuˆsei èna montèlo PINN to opoÐo

�a perigrˆfei th sumperiforˆ thc gèfurac �ˆsei twn diaforik¸n exis¸sewn pou aforo-

Ôn th mhqanik  sumperiforˆ twn ulik¸n. 'Epeita apì ekpaÐdeush, to montèlo dÔnatai na

problèyei th paramìrfwsh kai th katapìnhsh thc gèfurac, gegonìc pou epitrèpei ston

politikì mhqanikì na �elti¸sei thn asfˆleia kai thn apotelesmatikìthta tou èrgou.
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2.3.5 AntÐstrofo Prìblhma - TautopoÐhsh Paramètrwn Diaforik c ExÐsw-

shc ( Inverse problem • Parameter Identi�cation )

Ta neurwnikˆ dÐktua kajodhgoÔmena apì th �usik  ( PINNs) ektìc apì thn akrib 

prìbleyh lÔsewn se diˆforouc tÔpouc problhmˆtwn, èqoun, kai antÐstrofa, th dunatìthta

mèsw twn apotelesmˆtwn na katafÔgoun se sumpèrasma gia tic paramètrouc thc diafo-

�ik c exÐswshc h opoÐa qreiˆsthke gia thn epÐlush kai  tan ìmwc arqikˆ ˆgnwsth [14].

Mia sun jhc sunj kh eÐnai h eÔresh thc lÔshc tou probl matoc mèsw peiramˆtwn kai

metr sewn   mèsw prosomoi¸sewn tou ekˆstote �ainomènou mèsw arijmhtik¸n mejìdwn, me

ˆgnwstec, ìmwc, tic paramètrouc thc diaforik c exÐswshc. Ta PINNs se aut  th perÐptw-

sh mèsw tou montèlou pou eÐnai gnwstì wc "montèlo tautopoÐhshc paramètrwn" ( Parameter

Identi�cation ) prosdiorÐzei autèc tic paramètrouc. Sto sugkekrimèno montèlo, h sunˆrthsh

kìstouc paramènei Ðdia, en¸ oi parˆmetroi thc diaforik c exÐswshc l, aut  th �orˆ anti-

metwpÐzontai wc metablhtèc tou diktÔou kai gia autì to lìgo se kˆje �ˆsh thc ekpaÐdeushc

allˆzoun timèc, se antÐjesh me thn perÐptwsh anaz thshc thc lÔshc thc diaforik c, sthn

opoÐa �ewroÔntai stajeroÐ.

Gia thn ekpaÐdeush aut¸n twn diktÔwn upˆrqoun treic pijanèc mèjodoi :

1. H paragwg  megˆlou arijmoÔ dedomènwn kai h pragmatopoÐhsh miac epoq c pˆnw

se autˆ.

2. EkpaÐdeush me èna mikrìtero sÔnolo dedomènwn kai h pragmatopoÐhsh poll¸n epo-

q¸n pˆnw se autˆ.

3. O sunduasmìc twn parapˆnw.

Praktikˆ, wstìso, h pr¸th mèjodoc de pragmatopoieÐtai suqnˆ giatÐ h sullog  tou

ìgkou pou apaiteÐtai gia na eÐnai akrib  ta apotelèsmata mèsw mìno miac epoq c eÐnai

idiaÐtera dÔskolh, epomènwc sun jwc sunistˆtai h deÔterh mèjodoc.

Sto tomèa tou PolitikoÔ MhqanikoÔ, èna parˆdeigma qr shc tou antÐstrofou pro-

�l matoc eÐnai o prosdiorismìc edafik¸n idiot twn gia �emelÐwsh enìc ktirÐou. H diadi-

kasÐa xekinˆei mèsw gewteqnik¸n dokim¸n pou pragmatopoieÐ o mhqanikìc ¸ste na sullèxei

ta dedomèna pou aforoÔn thn antoq  tou edˆfouc kai th sumperiforˆ tou upì �ortÐa

kai èpeita �a eisaqjoÔn sthn anˆlush. Sth sunèqeia, anaptÔssetai to montèlo to opoÐo

perilambˆnei �ewrÐec kai nìmouc pou perigrˆfoun th sumperiforˆ tou edˆfouc upì di-

ˆforec sunj kec kai katapon seic kai sugkrÐnontai ta pragmatikˆ dedomèna tou pedÐou

me autˆ pou proèbleye to montèlo . Me autì to trìpo, o mhqanikìc mporeÐ na axiolog sei

th katallhlìthta thc �emelÐwshc kai na diasfalÐsei ìti eparkeÐ.

2.3.6 EÐdh PINNs

Ta neurwnikˆ dÐktua kajodhgoÔmena apì th �usik  diakrÐnontai se kathgorÐec anˆlo-

ga me to prìblhma pou kaloÔntai na lÔsoun kai me th mèjodo epÐlushc pou qrhsimopoioÔn.

ˆ Vanilla PINNs
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Ta Vanilla PINNs apoteloÔn th �asik  morf  twn PINNs. EÐnai idanikˆ gia lÔsh

apl¸n problhmˆtwn anˆlushc allˆ den endeÐknuntai gia pio perÐploka probl ma-

ta. H diadikasÐa ekpaÐdeushc gÐnetai qeirokÐnhta kai exartˆtai apì to mègejoc tou

deÐgmatoc kai to prìblhma.

ˆ Variatonal PINNs (VPINNs)

H dhmiourgÐa twn Variatonal PINNs [15], dhlad  twn metablht¸n neurwnik¸n diktÔwn

kajodhgoÔmenwn apì th �usik , sthrÐzetai sth mh grammiik  prosèggish twn �aji-

¸n neurwnik¸n diktÔwn. Diamorf¸netai mia ekdoq  thc mejìdou Petrov•Galerkin sta

PINNs, epilègontac wc q¸ro sunart sewn gia th prosèggish thc lÔshc tou probl ma-

toc (trial space ) ton q¸ro twn neurwnik¸n diktÔwn kai wc q¸ro sunart sewn gia ton

èlegqo tou sfˆlmatoc ( test space ) to q¸ro twn poluwnÔmwn Legendre . Diatup¸netai

ètsi to metablhtì katˆloipo thc diaforik c exÐswshc mèsw thc prosèggishc twn �aji-

¸n neurwnik¸n diktÔwn enswmat¸nontac thn metablht  morf  tou probl matoc sthn

sunˆrthsh apwlei¸n tou diktÔou kai ètsi dhmiourgeÐtai èna metablhtì PINN.

Ta Variatonal PINNs prosfèroun mia �eltiwmènh prosèggish sthn epÐlush merik¸n

diaforik¸n exis¸sewn. Se sÔgkrish me ta aplˆ PINNs, ta en lìgw neurwnikˆ dÐktua

qreiˆzontai ligìtera shmeÐa gia ekpaÐdeush, lìgw thc ikanìthtac elˆttwshc thc tˆxhc

twn diaforik¸n telest¸n mèsw olokl rwshc katˆ parˆgontec. Me autì to trìpo,

prosfèretai ìqi mìno pio analutik  epÐlush allˆ kai megalÔterh euelixÐa sth qr sh.

Wstìso, gia th qr sh tou sugkekrimènou tÔpou PINNs apaiteÐtai arijmhtik  olo-

kl rwsh, mia diadikasÐa h opoÐa auxˆnei to upologistikì kìstoc. Me stìqo na a-

pofeuqjeÐ autì, epilègetai pr¸ta èna 'rhqì' neurwnikì dÐktuo me èna krufì str¸ma

(hidden layer ). Autì dieukolÔnei ton upologismì twn parag¸gwn se orismènec peri-

pt¸seic. 'Epeita eisˆgontai ta �ajiˆ VPINNs prosjètontac pollˆ hidden layers kai

tìte eÐnai aparaÐthth h arijmhtik  olokl rwsh gia ton upologismì twn oloklhrw-

mˆtwn kai twn metablht¸n kataloÐpwn R.

Sq ma 2.10: Dom  twn Variatonal PINNs . To prˆsino qr¸ma antiproswpeÔei tic dokimastikèc
sunart seic kai tic parag¸gouc touc. To mple qr¸ma antiproswpeÔei ta katˆloipa R.. Phg  :
[15]

ˆ Conservative PINNs (cPINNs)

Ta conservative PINNs   alli¸c cPINNs ,[13], apoteloÔn mia morf  neurwnik¸n di-
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ktÔwn kajodhgoÔmenwn apì th �usik  ta opoÐa eÐnai eidikˆ sqediasmèna gia thn

epÐlush mh grammik¸n nìmwn diat rhshc ( conservation laws ). Parˆdeigma apote-

loÔn h epÐlush merik¸n diaforik¸n exis¸sewn ìpwc h exÐswsh Burgers , oi exis¸seic

tou Euler kai ˆlla. 'Ena pleonèkthma autoÔ tou tÔpou neurwnik¸n diktÔwn eÐnai h

ikanìthta parˆllhlwn upologism¸n katˆ thn anˆlush, kˆti pou mei¸nei shmantikˆ

ton qrìno ekpaÐdeushc.

Sq ma 2.11: Dom  twn Conservative PINNs . Phg  : [13]

ˆ Extended PINNs (XPINNs)

O sugkekrimènoc tÔpoc neurwnik¸n diktÔwn kajodhgoÔmenwn apì th �usik  apote-

leÐ mia mèjodo h opoÐa epitrèpei thn epÐlush mh grammik¸n diaforik¸n exis¸sewn se

polÔploka gewmetrikˆ pedÐa, mèsw thc genikeumènhc prosèggishc "aposÔnjeshc me

�ˆsh to qwroqrìno" ( space•time domain decomposition [16]. H diadikasÐa epÐlushc

me �ˆsh autˆ, xekinˆei apì th diaÐresh tou pedÐou epÐlushc se mikrìtera upopedÐa.

Se kˆje upopedÐo, ena xeqwristì neurwnikì dÐktuo pou onomˆzetai Sub•Net ekpaide-

Ôetai gia na proseggÐsei th lÔsh thc diaforik c exÐswshc. Kˆje Sub•Net èqei th dik 

tou arqitektonik  anˆloga me th poluplokìthta thc lÔshc sto sugkekrimèno upo-

pedÐo. 'Epeita apì thn anˆlush kˆje upopedÐou, ìpwc se kˆje epÐlush neurwnik¸n

diktÔwn upˆrqei h sunˆrthsh kìstouc, h opoÐa elaqistopoieÐtai ìso pio kal  pro-

sèggish gÐnetai. Tèloc, mèsw miac diadikasÐac kˆje upopedÐo sundèetai me to ˆllo,

diasfalÐzontac pwc den upˆrqoun "diepafèc" metaxÔ twn lÔsewn.

H diadikasÐa epÐlushc me ta XPINNs prosfèroun euelixÐa kai prosarmostikìthta

sthn epÐlush problhmˆtwn kai tautìqrona akìma kai polÔploka 
ht mata dÔnantai

na epilujoÔn apotelesmatikˆ qwrÐc megˆlo upologistikì kìstoc, kaj¸c pollèc upo-

leitourgÐec gÐnontai parˆllhla.
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Sq ma 2.12: Sub•Net . Phg  : [16]

ˆ Augmented PINNs (APINNs)

Ta APINNs [8] eÐnai mia nèa parallag  neurwnik¸n diktÔwn kajodhgoÔmenwn apì th

�usik , ta opoÐa uiojetoÔn mia pio omal  kai ekpaideÔsimh diˆspash twn q¸rwn proc

anˆlush kaj¸c kai pio euèlikto diamoirasmì twn paramètrwn thc ekpaÐdeushc. H dh-

miourgÐa tou sugkekrimènou tÔpou PINNs apoteleÐ exèlixh twn XPINNs kai aposkopeÐ sthn

�eltistopoÐhsh thc diadikasÐac pou akoloujoÔn ta extended PINNs h opoÐa perigrˆfhke

parapˆnw. Sta Augmented PINNs qrhsimopoieÐtai èna gate network to opoÐo èqei th duna-

tìthta na mimhjeÐ thn diˆspash twn upopedÐwn ìpwc gÐnetai sta XPINNs, ìmwc ekpaideÔetai

¸ste na anazhtˆ th �èltisth diˆspash twn upopedÐwn gia akìmh megalÔterh akrÐbeia sthn

anˆlush. Ta upopedÐa ( sub•nets ) sth sugkekrimènh mèjodo mporoÔn na qrhsimopoi soun

ìla ta dedomèna ekpaÐdeushc antÐ gia to mèroc twn dedomènwn pou antistoiqoÔn sto kˆje

upopedÐo, gegonìc pou prosfèrei oikonomÐa qrìnou kai euelixÐa.

2.3.7 PINNs sto tomèa tou PolitikoÔ MhqanikoÔ

Oi teleutaÐec exelÐxeic sth Mhqanik  Mˆjhsh kai th Bajiˆ Mˆjhsh, auxˆnoun tic eu-

kairÐec anèlixhc se ìlouc touc tomeÐc [10]. Wstìso, ìson aforˆ to tomèa tou politikoÔ

mhqanikoÔ, ta probl mata pou kaleÐtai na antimetwpÐsei h mhqanik  mˆjhsh eÐnai idiaÐte-

�a apaithtikˆ, afoÔ eÐnai pollèc oi �orèc pou ta dedomèna pou qrhsimopoioÔntai gia thn

ekpaÐdeush neurwnik¸n diktÔwn tou montèlou diafèroun apì ta pragmatikˆ dedomèna tou

probl matoc. Gia autì to lìgo, qrhsimopoioÔntai kurÐwc ta PINNs. H qr sh twn neurwni-

k¸n diktÔwn kajodhgoÔmenwn apì th �usik  eÐnai idiaÐtera shmantik  gia ta �èmata autˆ,

kaj¸c h enswmˆtwsh sto dÐktuo diaforik¸n exis¸sewn kai majhmatik¸n montèlwn pou a-

�oroÔn to �usikì prìblhma sumbˆlloun sthn katanìhsh tou probl matoc apì to dÐktuo

kai sthn pio akrib  prosèggish twn apotelesmˆtwn. Ta PINNs plèon diadramatÐzoun polÔ

shmantikì �ìlo se �èmata ìpwc h mhqanik  twn �eust¸n, h metaforˆ thc �ermìthtac, h

mhqanik  twn ulik¸n kai h dunamik  twn kataskeu¸n.

Ta neurwnikˆ dÐktua, kajodhgoÔmena apì th �usik , apoteloÔn mia isqur  kai eu-

èlikth prosèggish gia th prosomoÐwsh kai epÐlush problhmˆtwn se polÔploka domikˆ
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sust mata. Mèsw èreunac twn da Silva kai Cunha Jr. , pou aforˆ thn katanom  twn

tˆsewn se trigwnik  plˆka [23], apodeÐqjhke ìti ta en lìgw neurwnikˆ dÐktua mporoÔn na

epilÔsoun èna prìblhma mhqanik c stereoÔ s¸matoc qwrÐc analutikˆ dedomèna kai mìno

�asizìmena se exis¸seic diat rhshc kai oriakèc sunj kec. Ta apotelèsmata thc èreunac

deÐqnoun pwc ta PINNs èqoun thn prooptik  na apotelèsoun èna qr simo ergaleÐo sthn

upologistik  mhqanik , akìma kai se pedÐa pou oi paradosiakèc mèjodoi apotugqˆnoun.

Epiplèon, sÔmfwna me touc Kapoor, Wang et al. [11] , an kai h prìbleyh thc su-

mperiforˆc twn dok¸n apoteleÐ prìklhsh lìgw thc poludiˆstathc allhlepÐdrashc twn

mer¸n touc, ta PINNs èqoun anadeiqjeÐ wc èmpisth mèjodoc gia thn prosomoÐwsh Merik¸n

Diaforik¸n Exis¸sewn pou aforoÔn tic dokoÔc. Mèsw thc èreunac touc apèdeixan ìti to

posostì sfˆlmatoc ston upologismì thc paramìrfwshc miac dokoÔ me �ˆsh tic �ewrÐec

Euler•Bernoulli kai Timoshenko den auxˆnetai ìtan to montèlo auxˆnei thn poluplokìthtˆ

tou. EpÐshc, h ˆgnwsth sunˆrthsh dÔnamhc kai ˆllec parˆmetroi tou probl matoc upolo-

gÐzontai me akrÐbeia apì to montèlo mèsw tou antÐstrofou probl matoc ( inverse problem ).

Tèloc, �usikˆ megèjh ìpwc h taqÔthta, h epitˆqunsh kai h �op  kˆmyhc thc dokoÔ pro-

seggÐzontai me polÔ mikrì posostì sfˆlmatoc apì to montèlo, an kai den  tan ˆmesa

ekpaideumèno na upologÐsei autˆ ta megèjh. Opìte, katal goun sto sumpèrasma ìti ta

neurwnikˆ dÐktua, kajodhgoÔmena apì th �usik , epitrèpoun thn prosomoÐwsh polÔplo-

kwn domik¸n susthmˆtwn apotelesmatikˆ, me akrÐbeia kai stajerˆ.

Ta PINNs prosfèroun pollˆ pleonekt mata sto epˆggelma tou PolitikoÔ MhqanikoÔ

kai exelÐssoun tic analÔseic polÔplokwn domik¸n susthmˆtwn me epituqÐa. H enswmˆtwsh

�usik¸n nìmwn se èna upologistikì montèlo me tautìqronh elaqistopoÐhsh twn pragma-

tik¸n dedomènwn pou qreiˆzontai prosfèrei euelixÐa sto mhqanikì kai th dunatìthta na

epilÔei diaforetikˆ senˆria me polÔ mikrèc allagèc sto montèlo, gegonìc pou dieukolÔnei

thn diadikasÐa thc epÐlushc polÔplokwn problhmˆtwn.
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3.1 Diˆrjrwsh efarmog¸n

Sthn paroÔsa ergasÐa, anaptÔqjhke k¸dikac se programmatistikì peribˆllon MAT•

LAB gia thn efarmog  diktÔwn PINN gia thn epÐlush arijmhtik¸n efarmog¸n pou aforoÔn

sth dunamik  anˆlush kataskeu¸n. Oi peript¸seic pou exetˆsthkan eÐnai oi ex c :

1. Prìbleyh thc apìkrishc monobˆjmiou talantwt  pou upìkeitai se apl  aposben-

nÔmenh talˆntwsh.

2. Prìbleyh thc apìkrishc monobˆjmiou talantwt  pou upìkeitai se armonik  dièger-

sh.

3. Prìbleyh thc apìkrishc monobˆjmiou sust matoc upì seismik  diègersh.

4. Prìbleyh thc apìkrishc polubˆjmiou talantwt  pou upìkeitai se eleÔjerh talˆntw-

sh.

5. TautopoÐhsh thc duskamyÐac K monobˆjmiou talantwt  pou upìkeitai se eleÔjerh

talˆntwsh.

6. TautopoÐhsh thc duskamyÐac K monobˆjmiou talantwt  pou upìkeitai se exanagka-

smènh talˆntwsh upì armonik  diègersh.

3.2 MejodologÐa prìbleyhc thc apìkrishc sust matoc - For•

ward Problem

H mejodologÐa pou akoloujeÐtai gia thn prìbleyh thc apìkrishc tou sust matoc mèsw

ekpaÐdeushc neurwnik¸n diktÔwn kajodhgoÔmenwn apì th �usik  ( PINNs) arqÐzei apì ton

orismì tou neurwnikoÔ diktÔou. Epilègetai arqikˆ mia arqitektonik  gia to dÐktuo, dh-

lad  ènac arijmìc kruf¸n epipèdwn ( hidden layers ) me sugkekrimèno arijmì neur¸nwn to

kˆje èna kai ta epÐpeda input (qrìnoc t ) kai output (metatìpish u i , ìpou i = 1; 2; 3; ::n

anˆloga me ton arijmì twn �ajm¸n eleujerÐac, ˆra kai twn metakin sewn tou sust ma-

toc). Epiplèon, epilègetai h sunˆrthsh energopoÐhshc tou diktÔou. Sth paroÔsa ergasÐa,

�ewreÐtai eÔlogh h epilog  thc sunˆrthshc uperbolik c efaptomènhc tanh ().

Sq ma 3.1: Antiproswpeutik  arqitektonik  diktÔou.
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3.2 MejodologÐa prìbleyhc thc apìkrishc sust matoc - Forward Problem

Epìmeno � ma eÐnai h eisagwg  thc diaforik c exÐswshc kÐnhshc tou sust matoc . Pio

sugkekrimènh perigraf  thc ekˆstote exÐswshc pou eisˆgetai se kˆje efarmog  analÔetai

sto epìmeno kefˆlaio. Gia thn epÐlush thc diaforik c exÐswshc qrhsimopoieÐtai eÐte h

analutik  lÔsh thc, eÐte h arijmhtik  prosèggis  thc mèsw thc mejìdou Newmark .

PolÔ shmantikì mèroc thc ekpaÐdeushc enìc montèlou, ìpwc èqei anaferjeÐ kai se

prohgoÔmeno kefˆlaio, eÐnai o orismìc thc sunˆrthshc ap¸leiac tou sust matoc. Sthn

paroÔsa efarmog  twn PINNs , h sunˆrthsh ap¸leiac apartÐzetai apì tèssera mèrh :

ˆ Thn ap¸leia twn shmeÐwn sta opoÐa exetˆzetai h ikanopoÐhsh thc diaforik c exÐswshc

tou sust matoc ( physics loss collocation points ) ,

ˆ thn ap¸leia lìgw apìklishc thc prìbleyhc apì ta pragmatikˆ dedomèna pou ei-

sˆgontai sto montèlo. ( supervised training data points ),

ˆ thn ap¸leia metaxÔ problepìmenhc kai pragmatik c arqik c sunj khc metatìpishc

kai

ˆ thn ap¸leia metaxÔ problepìmenhc kai pragmatik c arqik c sunj khc taqÔthtac.

Oi proanaferjeÐsec ap¸leiec, èkasth pollaplasiasmènh epÐ ènan suntelest  pou kajo-

�Ðzei to posostì summetoq c thc (�ˆrh w ), ajroÐzontai gia na upologisteÐ h sunolik 

ap¸leia tou sust matoc wc :

L = w data L data + w physics L physics + w u0 L u0 + w �u0 L �u0 (3.1)

Tèloc, prin xekin sei h ekpaÐdeush tou montèlou, eisˆgontai ìlec oi parˆmetroi pou

ephreˆzoun thn ekpaÐdeush , ìpwc eÐnai :

1. To pl joc twn pragmatik¸n dedomènwn anaforˆc.

2. To eÔroc twn pragmatik¸n dedomènwn wc proc to qrìno.

3. To pl joc kai eÔroc twn shmeÐwn sta opoÐa �a apaithjeÐ h ikanopoÐhsh thc diafo-

�ik c exÐswshc tou sust matoc.

4. O arijmìc twn epoq¸n ekpaÐdeushc pou �a ektelestoÔn.

5. O �ujmìc ekmˆjhshc k.a..

Metˆ apì to pèrac thc ekpaÐdeushc, sugkrÐnetai h prìbleyh thc apìkrishc tou su-

st matoc me thn pragmatik  apìkrish h opoÐa prokÔptei mèsw analutik c lÔshc thc

diaforik c exÐswshc eÐte mèsw thc arijmhtik c mejìdou Newmark . Eˆn h prìbleyh eÐnai

akrib c, tìte �ewreÐtai pwc h ekpaÐdeush pragmatopoi jhke me epituqÐa kai oloklhr¸ne-

tai. Eˆn h prìbleyh apoklÐnei apì thn pragmatik  apìkrish, tropopoioÔntai eÐteoi

parˆmetroi ekpaÐdeushc, eÐteh arqitektonik  tou diktÔou, eÐteh sunˆrthsh ap¸leiac kai

to montèlo epanekpaideÔetai. H diadikasÐa suneqÐzetai èwc ìtou h prìbleyh gÐnei akrib c.

Sto Sq ma 3.2 apeikonÐzetai diˆgramma �o c thc diadikasÐac pou akoloujeÐtai stic

efarmogèc prìbleyhc thc apìkrishc tou ekˆstote sust matoc ( forward problem ).
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Sq ma 3.2: MejodologÐa prìbleyhc thc apìkrishc tou sust matoc ( forward problem )

3.3 MejodologÐa prìbleyhc paramètrwn diaforik c exÐsw-

shc - Inverse Problem

Gia thn prìbleyh twn paramètrwn thc diaforik c exÐswshc me qr sh twn PINNs ako-

loujeÐtai parìmoia diadikasÐa me thn proanaferjeÐsa. H diaforˆ ègkeitai sto gegonìc ìti

oi proc tautopoÐhsh parˆmetroi apoteloÔn plèon paramètrouc tou diktÔou. Epomènwc,

h ikanopoÐhsh thc diaforik c exÐswshc tou sust matoc apaiteÐ plèon kai thn katˆllhlh

�Ôjmish twn paramètrwn aut¸n ¸ste na elaqistopoihjeÐ to sfˆlma metaxÔ problepìmenhc

kai pragmatik c apìkrishc tou sust matoc.

Sto diˆgramma �o c tou Sq matoc 3.3 apeikonÐzetai sunoptikˆ h diadikasÐa pou ako-

loujeÐtai stic efarmogèc prìbleyhc twn paramètrwn thc exÐswshc kÐnhshc ( inverse prob•

lem ).
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3.3 MejodologÐa prìbleyhc paramètrwn diaforik c exÐswshc - Inverse Problem

Sq ma 3.3: MejodologÐa prìbleyhc twn paramètrwn tou sust matoc ( Inverse Problem )
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

4.1 Prìbleyh thc apìkrishc sust matoc - Forward Problem

Se aut  thn enìthta exetˆzetai h prìbleyh dunamik c apìkrishc. Arqikˆ, analÔetai

sÔsthma enìc �ajmoÔ eleujerÐac ( SDOF: single•degree•of•freedom ) lambˆnontac upìyh

treic diaforetikèc peript¸seic talˆntwshc : thn apl  aposbennÔmenh talˆntwsh, thn ta-

lˆntwsh me armonik  diègersh kai thn talˆntwsh upì seismik  diègersh. 'Epeita, exetˆzetai

èna dibˆjmio sÔsthma gia lìgouc genÐkeushc-epèktashc thc mejodologÐac.

4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Arqikˆ, analÔetai h efarmog  enìc monobˆjmiou sust matoc to opoÐo ekteleÐ apl 

armonik  talˆntwsh, parousÐa apìsbeshc kai me mhdenikèc exwterikèc diegèrseic. H apo-

sbennÔmenh talˆntwsh perigrˆfetai apì th diaforik  exÐswsh :

mü + c �u + ku = 0 (4.1)

ìpou m h mˆza, c o suntelest c apìsbeshc kai k h duskamyÐa.

Sq ma 4.1: Perigraf  probl matoc

Idiìthtec Montèlou Idiìthtec Diègershc
m = 1[t ] u (0) = 20 mm

k = 4� 2 [kN=m ] �u (0) = 0
T = 1[sec]; ! n = 1[rad ]

� = 2%

PÐnakac 4.1: Idiìthtec montèlou

H lÔsh gia thn parapˆnw exÐswsh, gia upokrÐsimh apìsbesh, dhlad  gia � sto diˆsthma

(0; 1) ekfrˆzetai se genik  morf  apì th sqèsh :

u (t ) = e� �! n t

 
u0 cos(! d t ) +

v0 + �! n u0

! d
sin(! d t )

!
(4.2)

ìpou ! d = ! n

p
1 � � 2 h aposbennÔmenh kuklik  suqnìthta.
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Sq ma 4.2: Arqitektonik  diktÔou gia prìbleyh thc apìkrishc monobˆjmiou sust matoc upì
apl  aposbennÔmenh talˆntwsh : 2 krufˆ epÐpeda- 128 neur¸nec anˆ epÐpedo.

Pr¸ta exetˆzetai h prìbleyh thc apìkrishc tou sust matoc, me 20 dedomèna ekpaÐdeu-

shc sto qronikì diˆsthma t = [0; 1] kai me 100 shmeÐa sta opoÐa ikanopoeÐtai h diaforik 

exÐswsh tou sust matoc ( PINN collocation points ). Gia akrib  prìbleyh qreiˆsthkan 7000

epoqèc .

Sq ma 4.3: Prìbleyh tou montèlou sto 1/4 twn sunolik¸n epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sq ma 4.4: Prìbleyh tou montèlou sto 1/2 twn epoq¸n ekpaÐdeushc

Sq ma 4.5: Prìbleyh tou montèlou sto sÔnolo twn epoq¸n ekpaÐdeushc
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Telikˆ, oi epimèrouc ìroi thc sunˆrthshc ap¸leiac kaj¸c kai h sunolik  stajmismènh

tim  thc prokÔptoun sta parakˆtw sq mata :

Sq ma 4.6: Diˆgramma ap¸leiac twn dedomènwn ekpaÐdeushc sunart sei twn epoq¸n ekpa-
Ðdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sq ma 4.7: Diˆgramma ap¸leiac thc diaforik c exÐswshc sunart sei twn epoq¸n ekpaÐdeu-
shc

Sq ma 4.8: Diˆgramma ap¸leiac thc arqik c metatìpishc sunart sei twn epoq¸n ekpaÐdeu-
shc
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Sq ma 4.9: Diˆgramma ap¸leiac arqik c taqÔthtac sunart sei twn epoq¸n ekpaÐdeushc

Sq ma 4.10: Sunolikì diˆgramma ap¸leiac sust matoc sunart sei twn epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sth sunèqeia, gia to Ðdio sÔsthma exetˆzetai deÔterh perÐptwsh prìbleyhc katˆ thn

opoÐa mhdenÐzontai ta dedomèna ekpaÐdeushc kai exetˆzetai h prìbleyh tou montèlou a-

pokleistikˆ apì th diaforik  exÐswsh kÐnhshc. Gia akrib  prìbleyh qreiˆsthkan 5000

epoqèc .

Sq ma 4.11: Prìbleyh tou montèlou sto 1/4 twn sunolik¸n epoq¸n ekpaÐdeushc
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Sq ma 4.12: Prìbleyh tou montèlou sto 1/2 twn epoq¸n ekpaÐdeushc

Sq ma 4.13: Prìbleyh tou montèlou sto sÔnolo twn epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Oi timèc twn ìrwn ap¸leiac apotup¸nontai sta Sq mata 4.14, 4.15, 4.16, 4.17:

Sq ma 4.14: Diˆgramma ap¸leiac thc diaforik c exÐswshc sunart sei twn epoq¸n ekpa-
Ðdeushc

Sq ma 4.15: Diˆgramma ap¸leiac arqik c metatìpishc sunart sei twn epoq¸n ekpaÐdeushc
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Sq ma 4.16: Diˆgramma ap¸leiac arqik c taqÔthtac sunart sei twn epoq¸n ekpaÐdeushc

Sq ma 4.17: Sunolikì Diˆgramma ap¸leiac sust matoc sunart sei epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Tèloc, gia lìgouc sÔgkrishc, exetˆzetai h perÐptwsh enìc Naive Neural Network , dh-

lad  enìc aploÔ neurwnikoÔ diktÔou to opoÐo den ekpaideÔetai me th diaforik  exÐswsh

kÐnhshc kai exartˆtai apokleistikˆ apì ta dedomèna ekpaÐdeushc. Qrhsimopoi jhkan 30

dedomèna ekpaÐdeushc me eÔroct = [0; 1].Ta parakˆtw apotelèsmata aforoÔn 1000 epo-

qèc. EÐnai emfanèc pwc to aplì neurwnikì dÐktuo ekpaideÔetai taqÔtera, allˆ adunateÐ na

parèqei orjèc problèyeic se qronikˆ shmeÐa ektìc tou eÔrouc twn dedomènwn ekpaÐdeushc.

Problèyeic se diaforetikˆ stˆdia thc ekpaÐdeushc �aÐnontai sta Sq mata 4.18, 4.19, 4.20

en¸ h exèlixh thc sunˆrthshc ap¸leiac �aÐnetai sto Sq ma 4.21.

Sq ma 4.18: Prìbleyh tou montèlou sto 1/4 twn epoq¸n ekpaÐdeushc.

Sq ma 4.19: Prìbleyh tou montèlou sto 1/2 twn epoq¸n ekpaÐdeushc
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4.1.1 Monobˆjmio sÔsthma upì apl  aposbennÔmenh talˆntwsh

Sq ma 4.20: Prìbleyh tou montèlou sto sÔnolo twn epoq¸n ekpaÐdeushc

Sq ma 4.21: Diˆgramma ap¸leiac dedomènwn ekpaÐdeushc sunart sei twn epoq¸n ekpaÐdeu-
shc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

4.1.2 Monobˆjmio sÔsthma upì Armonik  Diègersh

Se aut  thn efarmog  analÔetai èna SDOF sÔsthma to opoÐo upìkeitai se exanagka-

smènh talˆntwsh, ìpwc �aÐnetai sto sq ma 4.22.

Sq ma 4.22: Perigraf  probl matoc

Idiìthtec Montèlou Idiìthtec Diègershc
m = 1[t ] u (0) = 0

k = 4� 2 [kN=m ] �u (0) = 0
T = 1[sec]; ! n = 1[rad ] p0 = 10 [kN=m ]; ! p = 2! n

� = 2% ! p = 2! n

PÐnakac 4.2: Idiìthtec montèlou

H exwterik  dÔnamh eÐnai mia sunˆrthsh thc morf c p(t ) = p0sin (! p t ) ìpou p0 h tim 

tou plˆtouc thc dÔnamhc kai ! p h suqnìthta diègershc. H diaforik  exÐswsh pou dièpei thn

exanagkasmènh armonik  talˆntwsh enìc sust matoc me apìsbesh dÐnetai apì th sqèsh :

mü + c �u + ku = p0 sin(! p t ); (4.3)

Gia thn perÐptwsh enìc monobˆjmiou sust matoc me apìsbesh, h lÔsh dÐnetai apì th sqèsh :

u (t ) = e� �! n t [A cos(! D t ) + B sin(! D t )]|                             {z                             }
transient

+
h
C sin(! p t ) + D cos(! p t )

i

|                            {z                            }
steady state

(4.4)

ìpou oi suntelestèc C; D prosdiorÐzontai mèsw thc sqèshc 4.3 en¸ oi A kai B kajorÐzontai

me �ˆsh tic arqikèc sunj kec. Gia thn eidik  perÐptwsh mhdenik¸n arqik¸n sunjhk¸n, oi

suntelestèc dÐnontai apì tic parakˆtw sqèseic :

C =

p0

k

�
1 �

� ! p

! n

�2
�

�
1 �

� ! p

! n

�2
�2

+
h
2�

� ! p

! n

�i 2
(4.5)

D =
p0

k

h
� 2�

� ! p

! n

�i

�
1 �

� ! p

! n

�2
�2

+
h
2�

� ! p

! n

�i 2
(4.6)

A = � D (4.7)

B =
A� � C

� ! p

! n

�

p
1 � � 2

(4.8)
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4.1.2 Monobˆjmio sÔsthma upì Armonik  Diègersh

Sq ma 4.23: Arqitektonik  diktÔou gia prìbleyh thc apìkrishc monobˆjmiou sust matoc
upì armonik  diègersh : 4 krufˆ epÐpeda kai 128 neur¸nec anˆ epÐpedo

H ekpaÐdeush pragmatopoieÐtai me 10000 epoqèc qwrÐc pragmatikˆ dedomèna kai me

2000 shmeÐa ekpaÐdeushc thc diaforik c exÐswshc ( PINN Collocation points ). Problèyeic

se diˆfora stˆdia thc ekpaÐdeushc �aÐnontai sta Sq mata 4.24, 4.25 kai 4.26. H exèlixh

twn ìrwn ap¸leiac apeikonÐzetai sta Sq mata 4.27, 4.28, 4.29 kai 4.30.

Sq ma 4.24: Prìbleyh tou montèlou sto 1/4 twn epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sq ma 4.25: Prìbleyh tou montèlou sto 1/2 twn epoq¸n ekpaÐdeushc

Sq ma 4.26: Prìbleyh tou montèlou sto sÔnolo twn epoq¸n ekpaÐdeushc
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4.1.2 Monobˆjmio sÔsthma upì Armonik  Diègersh

Sq ma 4.27: Diˆgramma ap¸leiac thc diaforik c exÐswshc sunart sei twn epoq¸n ekpa-
Ðdeushc

Sq ma 4.28: Diˆgramma ap¸leiac arqik c metatìpishc sunart sei twn epoq¸n ekpaÐdeushc
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sq ma 4.29: Diˆgramma ap¸leiac arqik c taqÔthtac sunart sei twn epoq¸n ekpaÐdeushc

Sq ma 4.30: Sunolikì diˆgramma ap¸leiac sust matoc sunart sei twn epoq¸n ekpaÐdeushc

56



4.1.3 Monobˆjmio SÔsthma upì Seismik  Diègersh

4.1.3 Monobˆjmio SÔsthma upì Seismik  Diègersh

Se aut  thn efarmog  analÔetai h perÐptwsh talˆntwshc pou prokÔptei se èna mono-

�ˆjmio sÔsthma me ta parakˆtw qarakthristikˆ, to opoÐo upìkeitai se seismik  diègersh.

Idiìthtec Montèlou
m = 1[t ]

k = 4� 2 [kN=m ]
T = 1[sec]; ! n = 1[rad ]

� = 2%

PÐnakac 4.3: Idiìthtec montèlou

H diaforik  exÐswsh kÐnhshc enìc SDOF sust matoc upì seismik  diègersh dÐnetai

apì :

Mü (t ) + C �u (t ) + Ku (t ) = � Müg(t ) (4.9)

H lÔsh anaforˆc, sthn prokeimènh perÐptwsh, �a prokÔyei me epÐlush thc diaforik c

exÐswshc me th mèjodo arijmhtik c olokl rwshc Newmark . Gia thn exwterik  diègersh,

epilègetai to epitaqunsiogrˆfhma apì to seismì tou Northridge tou 1994, [32] kai ana-

lÔontai ta pr¸ta 10 deuterìlepta thc diègershc.

Ta krufˆ epÐpeda ( hidden layers ) tou neurwnikoÔ diktÔou eÐnai èxi , me 128 neur¸nec

to kajèna. H anˆlush pragmatopoieÐtai arqikˆ gia 2000 shmeÐa ekpaÐdeushc thc diafo-

�ik c exÐswshc ( PINN Collocation Points ) gia 70000 epoqèc . Sta Sq mata 4.32, 4.33 kai

4.34 apotup¸netai h prìodoc thc ekpaÐdeushc, en¸ sta Sq mata 4.35, 4.36, 4.37, 4.38

apotup¸netai h exèlixh twn ìrwn thc ap¸leiac.

Sq ma 4.31: Arqitektonik  diktÔou gia prìbleyh thc apìkrishc monobˆjmiou sust matoc
upì seismik  diègersh : 6 krufˆ epÐpeda- 128 neur¸nec anˆ epÐpedo
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Kefˆlaio 4. EFARMOGES KAI DIEREUNHSH

Sq ma 4.32: Prìbleyh tou montèlou sto 1/4 twn epoq¸n ekpaÐdeushc

Sq ma 4.33: Prìbleyh tou montèlou sto 1/2 twn epoq¸n ekpaÐdeushc
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4.1.3 Monobˆjmio SÔsthma upì Seismik  Diègersh

Sq ma 4.34: Prìbleyh tou montèlou sto sÔnolo twn epoq¸n ekpaÐdeushc

Sq ma 4.35: Diˆgramma ap¸leiac thc diaforik c exÐswshc sunart sei twn epoq¸n ekpa-
Ðdeushc
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Sq ma 4.36: Diˆgramma ap¸leiac arqik c metatìpishc sunart sei twn epoq¸n ekpaÐdeushc

Sq ma 4.37: Diˆgramma ap¸leiac arqik c taqÔthtac sunart sei twn epoq¸n ekpaÐdeushc
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4.1.3 Monobˆjmio SÔsthma upì Seismik  Diègersh

Sq ma 4.38: Sunolikì diˆgramma ap¸leiac sust matoc sunart sei twn epoq¸n ekpaÐdeushc
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Ta apotelèsmata thc prìbleyhc den eÐnai apìluta akrib  opìte epanalambˆnetai h ek-

paÐdeush gia 100.000 epoqèc , diathr¸ntac stajerèc ìlec tic upìloipec paramètrouc. Sta

Sq mata 4.39, 4.40 kai 4.41 apotup¸netai h prìodoc thc ekpaÐdeushc, en¸ sta Sq mata

4.42, 4.43, 4.44, 4.45 apotup¸netai h exèlixh twn ìrwn thc ap¸leiac. ParathreÐtai ìti h

prìbleyh den �elti¸jhke me thn aÔxhsh twn epoq¸n ekpaÐdeushc. Endèqetai h duskolÐa

tou montèlou sthn akrib  prìbleyh thc seismik c diègershc na ègkeitai sthn plhj¸ra

diaforetik¸n suqnot twn tou s matoc thc apìkrishc.

Sq ma 4.39: Prìbleyh tou montèlou sto 1/4 twn epoq¸n ekpaÐdeushc
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