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Περίληψη

Η διαδικασία τµηµατοποίησης µιας εικόνας σε διαφορετικές περιοχές ή αντικείµενα ε-
ίναι ένα κρίσιµο ϐήµα στην όραση υπολογιστών και την ανάλυση εικόνας. Τα τελευταία
χρόνια, τα µοντέλα τµηµατοποίησης εικόνας που ϐασίζονται στη ϐαθιά µάθηση έχουν επι-
δείξει αξιοσηµείωτες επιδόσεις σε διάφορα σύνολα δεδοµένων αναφοράς. Στην παρούσα µε-
λέτη, πραγµατοποιήσαµε µια ολοκληρωµένη ανάλυση διαφόρων µοντέλων τµηµατοποίησης
εικόνας τελευταίας τεχνολογίας σε διάφορα σύνολα δεδοµένων αναφοράς, συµπεριλαµβανο-
µένου του συνόλου δεδοµένων Corsican Fire. Τα µοντέλα που διερευνήθηκαν στην παρούσα
µελέτη περιλαµβάνουν τα DeepLabv3+, HRNet, HRNet+OCRNet, DDRNet, PIDNet, Swin
Transformer, BASNet, BISNet, UNET3+, Attention U-Net και EMANet. Κάθε µοντέλο έχει
µοναδικό αρχιτεκτονικό σχεδιασµό και ξεχωριστά χαρακτηριστικά, τα οποία δοκιµάζονται σε
διάφορα σύνολα δεδοµένων αναφοράς για την αξιολόγηση της απόδοσής τους. Το σύνολο δε-
δοµένων Corsican Fire είναι ένα απαιτητικό σύνολο δεδοµένων που αποτελείται από εικόνες
υψηλής ανάλυσης από δάση που έχουν ληφθεί κατά τη διάρκεια ξεσπασµάτων πυρκαγιών.
Για να ελέγξουµε την ανθεκτικότητα του µοντέλου, συµπεριλάβαµε επίσης άλλα σύνολα δε-
δοµένων αναφοράς, τα οποία χρησιµοποιούνται ευρέως στον τοµέα της κατάτµησης εικόνων.
Τα πειραµατικά µας αποτελέσµατα αποκαλύπτουν ότι τα µοντέλα Attention U-Net, EMANet
και Swin Transformer υπερτερούν των άλλων µοντέλων όσον αφορά τη συνολική ακρίβεια
τµηµατοποίησης και την ταχύτητα στο σύνολο δεδοµένων της πυρκαγιάς της Κορσικής. Ε-
πιπλέον, πραγµατοποιήσαµε µια εκτενή συγκριτική ανάλυση των µοντέλων σε άλλα σύνολα
δεδοµένων αναφοράς και τα αποτελέσµατα δείχνουν ότι κάθε µοντέλο έχει τα δυνατά και τα
αδύνατα σηµεία του, ανάλογα µε τα χαρακτηριστικά του συνόλου δεδοµένων και την εργασία
τµηµατοποίησης. Συνεπώς στη συνέχεια της παρούσας µελέτης αποδείχθηκε ότι διαφορε-
τικά µοντέλα αποδίδουν καλύτερα στην τεχνική transfer learning για την αξιολόγησή της
επίδοσής τους σε άλλα σύνολα δεδοµένων. Συνολικά, η µελέτη µας παρέχει µια ολοκλη-
ϱωµένη αξιολόγηση των σύγχρονων µοντέλων τµηµατοποίησης εικόνας σε διάφορα σύνολα
δεδοµένων αναφοράς, αναδεικνύοντας τις επιδόσεις, τα δυνατά σηµεία και τους περιορισµο-
ύς τους. Τα ευρήµατα αυτής της µελέτης µπορούν να χρησιµεύσουν ως σηµείο αναφοράς για
τους ερευνητές στον τοµέα της όρασης υπολογιστών και της ανάλυσης εικόνας και µπορούν
να ϐοηθήσουν στην ανάπτυξη αποδοτικότερων και ακριβέστερων µοντέλων τµηµατοποίησης
εικόνας.

Λέξεις Κλειδιά

Τµηµατοποίηση Εικόνας, Σηµασιολογική Τµηµατοποίηση, Τµηµατοποίηση περιπτώσε-
ων, Βαθιά Μάθηση, Πλήρως Συνελικτικά ∆ίκτυα (FCN), Συνελικτικά Νευρωνικά ∆ίκτυα
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(CNN), Αξιολόγηση Επιδόσεων, Μηχανισµοί Προσοχής, Συναρτήσεις Απώλειας, Εκπαίδευση,
∆οκιµή και Αξιολόγηση
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Abstract

The process of segmenting an image into different regions or objects is a critical step
in computer vision and image analysis. In recent years, deep learning-based image seg-
mentation models have demonstrated remarkable performance on various benchmark
datasets. In this study, we have conducted a comprehensive analysis of several state-
of-the-art image segmentation models on different benchmark datasets, including the
Corsican Fire dataset. The models investigated in this study include DeepLabv3+, HRNet,
HRNet+OCRNet, DDRNet, PIDNet, Swin Transformer, BASNet, BISNet, UNET3+, Atte-
ntion U-Net, and EMANet. Each model has a unique architectural design and distinct
features, which are tested on several benchmark datasets to evaluate their performance.
The Corsican Fire dataset is a challenging dataset that consists of high-resolution images
of forests captured during wildfire outbreaks. To test the model’s robustness, we have
also included other benchmark datasets, which are widely used in the field of image seg-
mentation. Our experimental results reveal that the Attention U-Net, EMANet and Swin
Transformer outperforms the other models in terms of overall accuracy segmentation and
speed on the Corsica fire dataset. In addition, we performed an extensive comparative
analysis of the models on other datasets data sets and the results show that each model
has its strengths and weaknesses. weak points, depending on the characteristics of the
dataset and the task segmentation task. Therefore, in the remainder of this study, it
was shown that different models perform better in the transfer learning technique for its
evaluation performance on other datasets Overall, our study provides a comprehensive e-
valuation of state-of-the-art image segmentation models on different benchmark datasets,
highlighting their performance, strengths, and limitations. The findings of this study can
serve as a benchmark for researchers in the field of computer vision and image analy-
sis and can aid in the development of more efficient and accurate image segmentation
models.

Keywords

Image Segmentation, Semantic Segmentation, Instance Segmentation, Deep Learning,
Fully Convolutional Networks (FCNs), Convolutional Neural Networks (CNNs), Performa-
nce Evaluation, Attention Mechanisms, Loss Functions, Training, and Validation, Testing,
and Evaluation
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Kefˆlaio 1

EISAGWGH

AntikeÐmeno thc paroÔsac diatrib c eÐnai h melèth montèlwn tmhmatopoÐhshc eikìnwn

se diˆfora sÔnola dedomènwn anaforˆc, qrhsimopoi¸ntac mia poikilÐa montèlwn �ajiˆc

mˆjhshc teleutaÐac teqnologÐac. Skopìc thc èreunac aut c eÐnai na diereun sei thn a-

pìdosh aut¸n twn montèlwn gia to èrgo thc tmhmatopoÐhshc eikìnac se pollaplˆ sÔnola

dedomènwn, qrhsimopoi¸ntac metrikèc ìpwc Intersection over Union (IoU), Precision, Di•

ce Loss kai Recall , mazÐ me kˆpoiec parallagèc. H tmhmatopoÐhsh eikìnwn èqei gÐnei èna

krÐsimo èrgo sthn ìrash upologist¸n lìgw thc ekjetik c aÔxhshc tou ìgkou twn dedomènwn

eikìnac kai èqei poluˆrijmec efarmogèc se diˆforouc tomeÐc. To èrgo thc tmhmatopoÐhshc

eikìnac perilambˆnei th diaÐresh miac eikìnac se pollaplˆ tm mata, ìpou kˆje tm ma

antiproswpeÔei èna diaforetikì antikeÐmeno   perioq  entìc thc eikìnac.

Sthn paroÔsa diatrib , analÔsame kai sugkrÐname thn apìdosh diafìrwn montèlwn

�ajiˆc mˆjhshc, sumperilambanomènwn twn Attention U•Net (AUNet), Boundary•Aware

Salient Object Detection (BASNet), BiSeNet, Deep Dual•Resolution Network (DDRNet),

DeepLabv3+, HRNet, HRNet+OCR, E�cient Multi•Scale Aggregation Network (EMANet),

Progressive Instance Discrimination Network (PIDNet), Swin Transformer kai U•Net 3+ .

Kˆje èna apì autˆ ta montèla èqei th monadik  tou arqitektonik , sunˆrthsh ap¸leiac kai

algìrijmo �eltistopoÐhshc. Ta sÔnola dedomènwn anaforˆc pou qrhsimopoi jhkan sthn

paroÔsa melèth antiproswpeÔoun èna eurÔ �ˆsma pragmatik¸n senarÐwn, sumperilamba-

nomènwn eikìnwn �wtiˆc �usik¸n skhn¸n, kai diafìrwn iatrik¸n eikìnwn.

Gia na axiolog soume thn apìdosh aut¸n twn montèlwn, qrhsimopoi same diˆforec me-

trikèc ìpwc IoU, Precision, Dice Loss kai Recall , mazÐ me orismènec parallagèc aut¸n twn

metrik¸n. AnalÔsame epÐshc thn epÐdrash diafìrwn uperparamètrwn sthn apìdosh kˆje

montèlou, ìpwc o �ujmìc mˆjhshc, to mègejoc �atch kai o arijmìc twn epoq¸n. Tautìqro-

na qrhsimopoi same thn teqnik  transfer learning kai analÔsame ta pleonekt ma pou

prosèfere.

Ta apotelèsmata aut c thc melèthc katadeiknÔoun ìti h apìdosh twn montèlwn �aji-

ˆc mˆjhshc poikÐllei shmantikˆ anˆloga me to sÔnolo dedomènwn kai th sugkekrimènh

ergasÐa tmhmatopoÐhshc eikìnwn. Ta eur matˆ mac parèqoun plhroforÐec sqetikˆ me

to poia montèla apodÐdoun kalˆ upì diaforetikèc sunj kec kai poia montèla eÐnai pio

katˆllhla gia sugkekrimènec efarmogèc. Epiplèon, h paroÔsa èreuna sumbˆllei sthn

anˆptuxh stibar¸n kai apodotik¸n montèlwn tmhmatopoÐhshc eikìnac, ta opoÐa mporoÔn

na qrhsimopoihjoÔn se èna eurÔ �ˆsma praktik¸n efarmog¸n.
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Sunolikˆ, h paroÔsa diatrib  parèqei mia oloklhrwmènh anˆlush twn montèlwn �a-

�iˆc mˆjhshc gia thn tmhmatopoÐhsh eikìnwn se pollaplˆ sÔnola dedomènwn anaforˆc,

qrhsimopoi¸ntac mia poikilÐa montèlwn kai metrik¸n teleutaÐac teqnologÐac. Ta apote-

lèsmata aut c thc melèthc mporoÔn na qrhsimeÔsoun wc polÔtimh phg  gia touc ereunhtèc

kai touc epaggelmatÐec ston tomèa thc ìrashc upologist¸n, parèqontac mia �ajÔterh ka-

tanìhsh twn epidìsewn twn diafìrwn montèlwn kai thc katallhlìthtˆc touc gia diˆforec

efarmogèc.

1.1 Orgˆnwsh thc diplwmatik c ErgasÐac

H paroÔsa diplwmatik  ergasÐa eÐnai organwmènh se diˆfora kefˆlaia, kajèna apì

ta opoÐa kalÔptei diaforetikèc ptuqèc tou �èmatoc thc shmasiologik c katˆtmhshc.

Sq ma 1.1: To pipeline thc pa�oÔsac diplwmatik c e�gasÐac .

To kefˆlaio 1 parèqei mia eisagwg  sto prìblhma thc shmasiologik c tmhmatopoÐhshc

kai th shmasÐa tou se diˆforec efarmogèc. Parousiˆzei epÐshc touc ereunhtikoÔc stìqouc

kai ta ereunhtikˆ erwt mata sta opoÐa stoqeÔei na apant sei h diatrib .

To kefˆlaio 2 epikentr¸netai sthn analutikìterh perigraf  tou 
ht matoc thc sh-

masiologik c tmhmatopoÐhshc, sumperilambanomènhc miac episkìphshc twn tri¸n kÔriwn

tÔpwn shmasiologik c tmhmatopoÐhshc : shmasiologik  tmhmatopoÐhsh, tmhmatopoÐhsh
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peript¸sewn kai panoptik  tmhmatopoÐhsh. Epiplèon, to kefˆlaio autì parèqei kÐnhtra

gia thn èreuna kai mia anaskìphsh twn sqetik¸n ergasi¸n ston tomèa.

Sto kefˆlaio 3 parousiˆzetai to �ewrhtikì upìbajro thc diatrib c, sumperilamba-

nomènhc thc mhqanik c mˆjhshc kai thc �ajiˆc mˆjhshc, twn neurwnik¸n diktÔwn twn

diˆforwn tÔpwn sunèlixhc, twn metasqhmatist¸n, twn mhqanism¸n prosoq c kai twn arqi-

tektonik¸n kwdikopoiht -apokwdikopoiht .

To kefˆlaio 4 perigrˆfei ta sÔnolo dedomènwn anaforˆc pou qrhsimopoi jhkan sta

peirˆmata, th �ˆsh dedomènwn purkagi¸n Corsical Fire Database th �ˆsh COVID•QU•

Ex Dataset , th �ˆsh iatrik¸n eikìnwn Kvasir•Instrument kai th �ˆsh eikìnwn kuttˆrwn

Cell kai analÔei ta qarakthristikˆ touc. To kefˆlaio autì kalÔptei epÐshc ta � mata

proepexergasÐac pou pragmatopoi jhkan sta sÔnolo dedomènwn.

To kefˆlaio 5 exhgeÐ thn efarmog  sÔgqronwn montèlwn gia th shmasiologik  ka-

tˆtmhsh sth �ˆsh dedomènwn Corsican Fire Database . Sugkekrimèna, to kefˆlaio autì

kalÔptei kai analÔei leptomer¸c ta montèla DeepLabv3+, HRNet, HRNet+OCRNet, DDR•

Net, PIDNet, Swin Transformer, BASNet, BISNet, UNET3+, Attention U•Net kai EMANet .

Sto kefˆlaio autì parousiˆzontai epÐshc oi metrikèc axiolìghshc pou qrhsimopoi jhkan

gia th sÔgkrish kai axiolìghsh twn montèlwn.

To kefˆlaio 6 parèqei mia sÔnoyh twn apotelesmˆtwn pou proèkuyan apì ta pei-

�ˆmata kai tic gn¸seic pou apokt jhkan apì autˆ. Eisˆgei kai analÔei ta proter mata

thn teqnik  transfer learning kai suzhtˆ touc periorismoÔc thc èreunac kai parèqei su-

stˆseic gia mellontikèc ergasÐec.

Tèloc, sto kefˆlaio 7 parousiˆzontai ta sumperˆsmata thc diatrib c, sumperilamba-

nomènhc thc epanadiatÔpwshc twn ereunhtik¸n stìqwn kai twn ereunhtik¸n erwthmˆtwn, thc

perÐlhyhc twn kÔriwn eurhmˆtwn kai thc sumbol c thc èreunac. To kefˆlaio autì pro-

teÐnei epÐshc pijanèc efarmogèc thc èreunac kai proteÐnei kateujÔnseic gia mellontikèc

ergasÐec.
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Perigraf  tou Probl matoc

2.1 IstorÐa thc TmhmatopoÐhshc Eikìnac

Ston tomèa thc ìrashc upologist¸n, h diadikasÐa tmhmatopoÐhshc eikìnac anafèretai

sthn katˆtmhsh miac yhfiak c eikìnac se pollaplˆ sÔnola eikonostoiqeÐwn   tmhmˆtwn.

Autì apoteleÐ mia kajierwmènh prìklhsh sthn ìrash upologist¸n ed¸ kai arketì kai-

�ì. Wstìso, h shmasiologik  tmhmatopoÐhsh antiproswpeÔei mia pio prohgmènh teqnik 

pou perilambˆnei thn tmhmatopoÐhsh miac eikìnac en¸ parˆllhla èqei mia oloklhrwmènh

katanìhsh kˆje eikonostoiqeÐou entìc thc eikìnac. Sthn ousÐa, h shmasiologik  tmhma-

topoÐhsh sunepˆgetai thn anˆlush kai thn taxinìmhsh kˆje eikonostoiqeÐou se diˆforec

kathgorÐec. 'Eqoun anaptuqjeÐ poluˆrijmoi algìrijmoi gia thn antimet¸pish autoÔ tou

polÔplokou èrgou, ìpwc o algìrijmoc Watershed , h katwflÐwsh eikìnac ( Image Thre•

sholding ), h omadopoÐhsh (clustering ) K•means kai ta Conditional Random Fields .

2.1.1 Kajorismìc KatwflÐou Eikìnac Image Thresholding

H katwflÐwsh eikìnac (23) eÐnai ènac �emeli¸dhc algìrijmoc pou qrhsimopoieÐtai gia

thn katˆtmhsh miac eikìnac diair¸ntac thn se dÔo   perissìterec kathgorÐec eikonostoiqe-

Ðwn• dhlad  , se prosk nio kai �ìnto . Sun jwc , autì epitugqˆnetai metatrèpontac p�¸ta

thn arqik  eikìna se klÐmaka tou gk�i kai sth sunèqeia efarmìzontac thn teqnik  katw-

�lÐwshc gia na lhfjeÐ mia duadik  eikìna . Sto plaÐsio aut c thc prosèggishc , h tim 

èntashc kˆ�e eikonostoiqeÐou sugkrÐnetai me mia prokajorismènh tim  katwflÐou . Eˆn

h èntash eÐnai mikrìterh apì thn tim  katwflÐou , to eikonostoiqeÐo lambˆnei thn tim  1

(leukì ), en¸ eˆn eÐnai megalÔterh , to eikonostoiqeÐo lambˆnei thn tim  0 (maÔro).

H kÔ�ia prìklhsh sthn efarmog  autoÔ tou aploÔ algorÐjmou eÐnai o kajorismìc

tou �èltistou katwflÐou . Gia aplèc efarmogèc , h tim  katwflÐou mporeÐ na oristeÐ qeiro-

kÐnhta apì ton sqediast  tou algorÐjmou . Wstìso , se senˆria pragmatikoÔ kìsmou , eÐnai

shmantikì na kajorÐzetai autìmata to kat¸fli . Mia dhmofil c teqnik  gia thn epÐteuxh

autoÔ tou stìqou eÐnai h mèjodoc Otsu (24), pou anaptÔqjhke apì ton Nobuyuki Otsu to

1979. Autìc o algìrijmoc kajorÐzei to kat¸fli elaqistopoi¸ntac th diakÔmansh thc ènta-

shc entìc thc klˆshc   , isodÔnama, megistopoi¸ntac th diakÔmansh metaxÔ twn klˆsewn .

Sugkekrimèna , o algìrijmoc anazhtˆ exantlhtikˆ to kat¸fli pou elaqistopoieÐ to stajmi-

smèno ˆjroisma twn apoklÐsewn twn dÔo klˆsewn , ìpou ta �ˆ�h eÐnai oi pijanìthtec twn

dÔo klˆsewn pou qwrÐzontai apì to kat¸fli . To kat¸fli pou prokÔptei antistoiqeÐ sthn
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elˆqisth diakÔmansh entìc thc klˆshc .

H �èltisth tim  katw�lÐou dÐnetai apì th sqèsh :

T = argmin
t

(� 2
w (t )) (2.1)

ìpou T eÐnai h �èltisth tim  katw�lÐou , � 2
w (t ) eÐnai h diakÔmansh thc èntashc entìc thc

klˆshc kai to elˆqisto lam�ˆnetai gia ìlec tic pi�anèc timèc katw�lÐou t .

H diakÔmansh entìc thc klˆshc orÐzetai wc ex c :

� 2
w (t ) = ! 0(t )� 2

0 (t ) + ! 1(t )� 2
1 (t ) (2.2)

ìpou ! 0(t ) kai ! 1(t ) eÐnai oi pijanìthtec twn dÔo klˆsewn pou diaqwrÐzontai apì to

kat¸fli t , kai � 2
0 (t ) kai � 2

1 (t ) eÐnai oi apoklÐseic aut¸n twn klˆsewn. To �èltisto kat¸fli

eÐnai autì pou elaqistopoieÐ thn endoklasmatik  diakÔmansh, to opoÐo antistoiqeÐ sto

kat¸fli pou megistopoieÐ thn endoklasmatik  diakÔmansh. Sto sq ma 2.1 apeikonÐzetai

mia perÐptwsh katwflÐwshc me qr sh thc mejìdou Otsu . Sthn arister  pleurˆ emfanÐzetai

h arqik  eikìna se klÐmaka tou gkri, en¸ sto kèntro parousiˆzetai h duadik  eikìna metˆ

thn efarmog  tou katwflÐou. Sth dexiˆ pleurˆ, parousiˆzetai to istìgramma èntashc me

to shmeiwmèno kat¸fli.

Sq ma 2.1: EpÐdeixh thc tim c katwflÐou mèsw thc qr shc thc prosèggishc Otsu

2.1.2 Conditional Random Fields

Oi mèjodoi tuqaÐwn pedÐwn(25) qrhsimopoioÔntai eurèwc sthn anˆlush eikìnwn gia th

montelopoÐhsh qwrik¸n kanonikot twn . Oi mèjodoi autoÐ eÐnai qr simoi gia ergasÐec pou

kumaÐnontai apì th meÐwsh tou �orÔbou qamhloÔ epipèdou èwc thn anagn¸rish kai thn

katˆtmhsh antikeimènwn uyhloÔ epipèdou . En¸ prohgoÔmenec ergasÐec qrhsimopoioÔsan

paragwgikˆ montèla �asismèna se tuqaÐa pedÐa Markov, ta Conditional Random Fields

(CRFs) (26) èqoun gÐnei dhmofil  lìgw thc ikanìthtˆc touc na problèpoun ˆmesa thn ka-

tˆtmhsh thc eikìnac dedomènhc thc parathroÔmenhc eikìnac . Ta CRF eÐnai apotelesmatikˆ

ergaleÐa gia diˆforec ergasÐec tmhmatopoÐhshc kai epis manshc , sumperilambanomènhc
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thc ermhneÐac optik¸n skhn¸n , h opoÐa qwrÐzei eikìnec se perioqèc shmasiologikoÔ epi-

pèdou kai anajètei etikètec klˆshc se kˆ�e perioq  . H akrib c epis mansh apaiteÐ th

sÔllhyh tìso thc pagkìsmiac ìso kai thc topik c plhroforÐac sthn eikìna .

Oi Jakob Verbeek kai Bill Triggs (27) prìteinan èna montèlo pou anaparistˆ tic eikìnec

wc orjog¸niec epifˆneiec se mÐa mìno klÐmaka , me kˆ�e epifˆneia na èqei mia kruf  eti-

kèta klˆshc . To montèlo CRF enswmat¸nei sundèseic 4� geÐtona metaxÔ twn etiket¸n patch,

kai oi perigrafeÐc uf c , qr¸matoc kai �èshc qrhsimopoioÔntai gia thn kwdikopoÐhsh tou

topikoÔ perieqomènou thc eikìnac . H uf  anaparÐstatai me th q� sh enìc 128 � diˆstatou

perigrafèa SIFT pou kbantÐzetai me èna lexikì ks = 1000 lèxewn keimènou pou majaÐnetai

me omadopoÐhshk•means ìlwn twn patches sto sÔnolo ekpaÐdeushc . H �èsh kwdikopoie-

Ðtai me thn epikˆluyh thc eikìnac me èna plègma keli¸n m � m (m = 8) kai me th q� sh

tou deÐkth tou kelioÔ sto opoÐo empÐptei to patch wc qarakthristikì �èshc . Kˆ�e patch

kwdikopoieÐtai ètsi apì t�Ða duadikˆ dianÔsmata , kajèna apì ta opoÐa èqei èna sÔnolo

enìc bit pou antistoiqeÐ sthn parathroÔmenh optik  lèxh . Oi sunart seic parat rhshc

CRF eÐnai aplèc grammikèc sunart seic aut¸n twn tri¸n dianusmˆtwn .

Oi Verbeek et al. diapÐstwsan ìti ta montèla pou �asÐ
ontai se istog�ˆmmata optik¸n

lèxewn  tan polÔ epituqhmèna gia thn kathgo�iopoÐhsh eikìnwn . 'Ela�an upìyh touc

to pagkìsmio plaÐsio , sumpe�ilam�ˆnontac suna�t seic pa�at �hshc pou �asÐ
ontai se

istog�ˆmmata twn optik¸n lèxewn twn patches touc se olìklh�h thn eikìna . O�Ðsthke èna

upì sun� kh montèlo gia tic etikètec patch pou enswmat¸nei tìso topikˆ qa�akth�istikˆ se

epÐpedopatch ìso kai pagkìsmia sugkent�wtikˆ qa�akth�istikˆ . H etikèta xi tou patch i ,

y i pou dhl¸nei to W diastasiopoihmèno sunu�asmèno duadikì diˆnusma deikt¸n twn t�i¸n

optik¸n lèxewn tou (W = ks + hh + kp) kai h pou dhl¸nei to kanonikopoihmèno istìg�amma

ìlwn twn optik¸n lèxewn thc eikìnac , dhlad  twn P patches, i y i kanonikopoihmèno gia

ˆ��oisma èna . H upì sun� kh pi�anìthta thc etikètac xi montelopoieÐtai wc ex c :

p(xi = l jyi; h ) / exp(�
WX

w =1

(� wl y iw + � wl hw l )) (2.3)

ìpou � wl ; � wl eÐnaiW � C pÐnakec suntelest¸n proc ekmˆjhsh. Prìkeitai gia ènan

pollaplasiastikì sunduasmì enìc topikoÔ taxinomht  pou �asÐzetai sthn parat rhsh

se epÐpedo khlÐdac y i kai enìc pagkìsmiou plaisÐou   prokatˆlhyhc pou �asÐzetai sto

istìgramma h se epÐpedo eikìnac.

H apìdosh twn montèlwn tmhmatopoÐhshc metr jhke sto sÔnolo dedomènwn (1) thc Mi•

crosoft Research Cambridge (MSRC), to opoÐo apoteleÐtai apì 240 eikìnec me merikèc

etikètec se epÐpedo eikonostoiqeÐou. Oi etikètec antistoiqoÔn ta eikonostoiqeÐa se mÐa a-

pì tic ennèa klˆseic , allˆ perÐpou 30% twn eikonostoiqeÐwn eÐnai qwrÐc etikètec. Gia thn

axiolìghsh twn montèlwn , qrhsimopoi jhkan 20 � 20 eikonostoiqeÐa me kènt�a anˆ 10 ei-

konostoiqeÐa. Gia na lhfjoÔn oi etikètec twn mpalwmˆtwn , ta eikonostoiqeÐa anatèjhkan

sto plhsièstero kènt�o tou mpal¸matoc . Ta mpal¸mata epitrepìtan na èqoun opoiad pote

etikèta �ainìtan metaxÔ twn eikonostoiqeÐwn touc , en¸ ta mh epishmasmèna eikonostoiqeÐa

epitrepìtan na èqoun opoiad pote etikèta . Gia na antistoiqisteÐ h katˆtmhsh se epÐpe-

do patch pÐsw sto epÐpedopixel, se kˆ�e pixel anatèjhke to perij¸rio tou patch me to
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plhsièstero kènt�o . To montèlo pou lˆmbane upìyh tìso ta topikˆ ìso kai ta pagkìsmia

sumfrazìmena kai den apèkleie ta mh epishmasmèna eikonostoiqeÐa pètuqe apìdosh 84 :9%.

To sq ma 2.2 parousiˆzei diˆfora apotelèsmata thc tmhmatopoÐhshc apì to sÔnolo

dedomènwnMSRC. Qrhsimopoi jhke èna �Ðltro Gauss gia th metepexergasÐa twn qart¸n

tmhmatopoÐhshc me exomˆlunsh twn perijwrÐwn twn eikonostoiqeÐwn kai h klÐmaka orÐsthke

sto misì thc apìstashc twn epifanei¸n.

Sq ma 2.2: ParadeÐgmata pou lambˆnontai apì to MSRC, ta opoÐa perilambˆnoun tmhma-
topoÐhsh kai epis mansh (1).

2.2 Shmasiologik  TmhmatopoÐhsh

H shmasiologik  tmhmatopoÐhsh (28) eÐnai mia ergasÐa upologistik c ìrashc pou pe-

�ilambˆnei thn apìdosh miac etikètac se kˆje eikonostoiqeÐo se mia eikìna, ìpou h etikèta

upodeiknÔei to antikeÐmeno   thn perioq  sthn opoÐa an kei to eikonostoiqeÐo. Me ˆlla

lìgia, o stìqoc thc shmasiologik c tmhmatopoÐhshc eÐnai h paragwg  enìc qˆrth tmhma-

topoÐhshc anˆ eikonostoiqeÐo pou perigrˆfei me akrÐbeia ta antikeÐmena kai tic perioqèc

se mia eikìna.

To èrgo thc shmasiologik c tmhmatopoÐhshc apoteleÐ prìklhsh, epeid  ta antikeÐmena

mporeÐ na diafèroun shmantikˆ wc proc to sq ma, to mègejoc kai thn emfˆnish kai mporeÐ

na eÐnai merik¸c kalummèna   na kalÔptontai apì ˆlla antikeÐmena sthn eikìna. Epiplèon,

oi eikìnec mporeÐ na perièqoun pollaplˆ antikeÐmena   perioqèc pou epikalÔptontai   geit-

niˆzoun metaxÔ touc, gegonìc pou kajistˆ dÔskolh thn akrib  tmhmatopoÐhsh memonwmènwn

antikeimènwn.

Gia thn antimet¸pish aut¸n twn prokl sewn, èqoun anaptuqjeÐ proseggÐseic pou �a-

sÐzontai sth �ajiˆ mˆjhsh gia th shmasiologik  katˆtmhsh. Autèc oi proseggÐseic qrh-

simopoioÔn sun jwc suneliktikˆ neurwnikˆ dÐktua (CNNs) gia na mˆjoun mia antistoÐqish

apì thn eikìna eisìdou ston qˆrth tmhmatopoÐhshc exìdou. To CNN apoteleÐtai apì mia

seirˆ strwmˆtwn pou èqoun sqediasteÐ gia na exˆgoun ìlo kai pio afhrhmèna qarakth-

�istikˆ apì thn eikìna eisìdou. H èxodoc tou CNN epexergˆzetai sth sunèqeia apì ènan

apokwdikopoiht , o opoÐoc parˆgei ton telikì qˆrth tmhmatopoÐhshc.
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'Ena apì ta �asikˆ pleonekt mata thc qr shc twn CNN gia th shmasiologik  tmhmato-

poÐhsh eÐnai h ikanìthtˆ touc na sullambˆnoun qarakthristikˆ uyhloÔ epipèdou pou eÐnai

qr sima gia th diˆkrish metaxÔ diaforetik¸n kathgori¸n antikeimènwn. Gia parˆdeigma, ta

CNN mporoÔn na mˆjoun na anagnwrÐzoun ta sq mata kai tic idiìthtec uf c twn diafìrwn

antikeimènwn, kaj¸c kai tic qwrikèc sqèseic metaxÔ twn antikeimènwn sthn eikìna.

Gia thn akrib  katˆtmhsh antikeimènwn sthn eikìna, eÐnai shmantikì na lambˆnontai

upìyh tìso ta topikˆ ìso kai ta genikˆ sumfrazìmena. To topikì plaÐsio anafèretai sth

sqèsh metaxÔ geitonik¸n eikonostoiqeÐwn, en¸ to genikì plaÐsio anafèretai sth sqèsh metaxÔ

diaforetik¸n perioq¸n thc eikìnac. Oi proseggÐseic pou �asÐzontai sth �ajiˆ mˆjhsh

gia th shmasiologik  katˆtmhsh qrhsimopoioÔn suqnˆ ènan sunduasmì teqnik¸n gia thn

katagraf  tìso twn topik¸n ìso kai twn kajolik¸n sumfrazomènwn. Autèc oi teqnikèc

perilambˆnoun th sugkèntrwsh kai ta epÐpeda suneliktik c anˆlushc pou leitourgoÔn se

diaforetikèc klÐmakec, tic sundèseic parˆleiyhc pou epitrèpoun th metˆdosh plhrofori¸n

metaxÔ diaforetik¸n epipèdwn tou diktÔou kai th sugkèntrwsh qwrik c puramÐdac, h opoÐa

katagrˆfei qarakthristikˆ se pollaplèc klÐmakec.

Oi epidìseic twn montèlwn shmasiologik c katˆtmhshc axiologoÔntai sun jwc me th

qr sh metrik¸n ìpwc h diatom  epÐ thc ènwshc (IoU), h akrÐbeia (Precision ), h Recall kai to

F1•score . Autèc oi metrikèc parèqoun èna posotikì mètro tou pìso kalˆ to montèlo eÐnai

se �èsh na tmhmatopoi sei antikeÐmena sthn eikìna. H IoU metrˆ thn epikˆluyh metaxÔ

thc problepìmenhc katˆtmhshc kai thc pragmatik c katˆtmhshc ( ground truth ), en¸ to

Precision metrˆ to lìgo twn orjˆ problepìmenwn eikonostoiqeÐwn proc to sunolikì arijmì

twn problepìmenwn eikonostoiqeÐwn. H Recall metrˆ ton lìgo twn swstˆ problefjèntwn

eikonostoiqeÐwn proc ton sunolikì arijmì eikonostoiqeÐwn �asik c al jeiac, kai to F1•

score eÐnai o armonikìc mèsoc ìroc twn Precision kai Recall .

Genikˆ, h shmasiologik  katˆtmhsh eÐnai mia dÔskolh ergasÐa upologistik c ìrashc

pou perilambˆnei thn apìdosh miac etikètac se kˆje eikonostoiqeÐo miac eikìnac. Gia th sh-

masiologik  katˆtmhsh èqoun anaptuqjeÐ proseggÐseic pou �asÐzontai sth �ajiˆ mˆjhsh

kai qrhsimopoioÔn neurwnikˆ dÐktua suneliktik c anˆlushc gia th sÔllhyh qarakthristi-

k¸n uyhloÔ epipèdou kai sumfrazomènwn. Autèc oi proseggÐseic èqoun epitÔqei korufaÐec

epidìseic se mia seirˆ apì sÔnola dedomènwn anaforˆc kai èqoun poluˆrijmec efarmogèc

se tomeÐc ìpwc h autìnomh od ghsh, h �ompotik  kai h iatrik  apeikìnish.

2.3 TmhmatopoÐhsh ParousÐac ( Instance Segmentation )

H tmhmatopoÐhsh peript¸sewn (29) eÐnai mia sÔnjeth ergasÐa upologistik c ìrashc

pou aposkopeÐ sthn tautìqronh taxinìmhsh kai tmhmatopoÐhsh kˆje memonwmènhc pe-

�Ðptwshc antikeimènou se mia eikìna. Se antÐjesh me th shmasiologik  tmhmatopoÐhsh, h

opoÐa apodÐdei mia koin  etikèta se ìla ta eikonostoiqeÐa pou an koun se mia sugkekri-

mènh kathgorÐa antikeimènwn, h tmhmatopoÐhsh peript¸sewn parˆgei monadikèc etikètec

gia kˆje perÐptwsh antikeimènou pou upˆrqei sthn eikìna. H èxodoc thc katˆtmhshc anti-

keimènwn eÐnai mia duadik  mˆska pou perigrˆfei me akrÐbeia ta ìria kˆje antikeimènou

sthn eikìna.

To èrgo thc tmhmatopoÐhshc antikeimènwn eÐnai arketˆ dÔskolo, kaj¸c apaiteÐ apì
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to montèlo na diakrÐnei me akrÐbeia metaxÔ diaforetik¸n peript¸sewn antikeimènwn pou

an koun sthn Ðdia klˆsh. Autì shmaÐnei ìti to montèlo prèpei na eÐnai se �èsh na tmhma-

topoieÐ memonwmèna antikeÐmena pou mporeÐ na èqoun diaforetikˆ megèjh, sq mata, pro-

sanatolismoÔc kai stˆseic, kaj¸c kai antikeÐmena pou mporeÐ na eÐnai merik¸c kalummèna

  na epikalÔptontai apì ˆlla antikeÐmena.

Oi proseggÐseic pou �asÐzontai sth �ajiˆ mˆjhsh èqoun apodeiqjeÐ uposqìmena gia

thn epÐlush tou probl matoc tmhmatopoÐhshc peript¸sewn. Autèc oi proseggÐseic qrhsi-

mopoioÔn sun jwc mia diadikasÐa dÔo stadÐwn pou apoteleÐtai apì thn prìtash perioq c

kai thn katˆtmhsh. Sto pr¸to stˆdio, èna dÐktuo prìtashc perioq c Region Proposal

Network (RPN) qrhsimopoieÐtai gia ton entopismì upoy fiwn perioq¸n antikeimènwn sthn

eikìna. To RPN parˆgei èna sÔnolo protˆsewn oriojethmènwn plaisÐwn pou eÐnai pijanì na

perièqoun antikeÐmena endiafèrontoc. Sto deÔtero stˆdio, èna dÐktuo tmhmatopoÐhshc qrh-

simopoieÐtai gia thn taxinìmhsh kai tmhmatopoÐhsh kˆje upoy fiac perioq c. To dÐktuo

tmhmatopoÐhshc lambˆnei tic protˆseic upoy fiwn perioq¸n pou parˆgontai apì to RPN

kai parˆgei mia mˆska tmhmatopoÐhshc se epÐpedo perÐptwshc gia kˆje prìtash.

Gia na sullˆboun tìso to topikì ìso kai to genikì plaÐsio, ta montèla tmhmatopoÐh-

shc peript¸sewn qrhsimopoioÔn sun jwc ènan sunduasmì teqnik¸n ìpwc h exagwg  qa-

�akthristik¸n pollapl¸n klimˆkwn, tic sundèseic parˆleiyhc kai ta dÐktua puramÐdwn

qarakthristik¸n. Autèc oi teqnikèc epitrèpoun sto montèlo na exˆgei qarakthristikˆ uyh-

loÔ epipèdou pou mporoÔn na �ohj soun sth diˆkrish metaxÔ diaforetik¸n peript¸sewn

antikeimènwn kai na �elti¸soun thn akrÐbeia thc katˆtmhshc parousÐac.

H apìdosh twn montèlwn tmhmatopoÐhshc parousiˆsewn axiologeÐtai sun jwc me th

qr sh metrik¸n ìpwc h Average Precision (AP) kai h Average Recall (AR) . H AP metrˆ thn

akrÐbeia thc anÐqneushc kai thc tmhmatopoÐhshc antikeimènwn, en¸ h AR metrˆ thn ika-

nìthta tou montèlou na aniqneÔei ìlec tic peript¸seic miac klˆshc antikeimènwn. Autèc oi

metrikèc qrhsimopoioÔntai sun jwc gia thn axiolìghsh thc apìdoshc twn montèlwn tmh-

matopoÐhshc antikeimènwn se sÔnola dedomènwn anaforˆc, ìpwc to COCO (30), to opoÐo

perièqei megˆlo arijmì peript¸sewn antikeimènwn se polÔplokec skhnèc.

Genikˆ, h tmhmatopoÐhsh peript¸sewn eÐnai mia dÔskolh ergasÐa upologistik c ìrashc

pou apaiteÐ apì to montèlo na diakrÐnei me akrÐbeia metaxÔ diaforetik¸n peript¸sewn anti-

keimènwn se mia eikìna. Oi proseggÐseic pou �asÐzontai sth �ajiˆ mˆjhsh èqoun epitÔqei

shmantikèc epidìseic se sÔnola dedomènwn anaforˆc. H tmhmatopoÐhsh peript¸sewn èqei

poluˆrijmec efarmogèc se tomeÐc ìpwc h autìnomh od ghsh, h �ompotik  kai h epit rh-

sh. ApaiteÐtai peraitèrw èreuna gia th �eltÐwsh thc akrÐbeiac kai thc apodotikìthtac twn

montèlwn tmhmatopoÐhshc stigmiotÔpwn kai gia thn epèktash twn dunatot twn touc ¸ste na

mporoÔn na qeirÐzontai pio sÔnjetec kai dunamikèc skhnèc.

2.4 Panoptik  TmhmatopoÐhsh

H panoptik  tmhmatopoÐhsh (31) eÐnai mia apaithtik  diadikasÐa upologistik c ìrashc

pou apaiteÐ èna montèlo gia thn tautìqronh ektèlesh shmasiologik c kai periptwsiolo-

gik c tmhmatopoÐhshc se mia eikìna. O stìqoc thc panoptik c tmhmatopoÐhshc eÐnai h

dhmiourgÐa miac eniaÐac mˆskac tmhmatopoÐhshc se epÐpedo eikìnac pou sunduˆzei tìso
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shmasiologik  ìso kai plhroforÐa perÐptwshc. Ta montèla panoptik c tmhmatopoÐhshc

qrhsimopoioÔn sun jwc mia diadikasÐa dÔo stadÐwn pou apoteleÐtai apì thn anÐqneush

antikeimènwn kai thn tmhmatopoÐhsh gia na epitÔqoun autì to èrgo. To pr¸to stˆdio

perilambˆnei th qr sh enìc diktÔou anÐqneushc antikeimènwn gia ton entopismì kai thn

taxinìmhsh diaforetik¸n peript¸sewn antikeimènwn sthn eikìna, en¸ to deÔtero stˆdio

perilambˆnei th qr sh enìc diktÔou tmhmatopoÐhshc gia th dhmiourgÐa mask¸n tmhmato-

poÐhshc se epÐpedo peript¸sewn gia kˆje entopismènh perÐptwsh antikeimènou.

'Opwc kai sthn tmhmatopoÐhsh parousÐac mia apì tic kÔriec prokl seic sthn panoptik 

tmhmatopoÐhsh eÐnai h akrib c diˆkrish metaxÔ diaforetik¸n peript¸sewn antikeimènwn

thc Ðdiac kathgorÐac. Oi proseggÐseic pou �asÐzontai sth �ajiˆ mˆjhsh, aforoÔn teqnikèc

ìpwc h sÔnthxh qarakthristik¸n kai h sunˆjroish mask¸n ¸ste na sunduˆsoun tic uyhloÔ

epipèdou shmasiologikèc plhroforÐec pou katagrˆfontai apì to shmasiologikì dÐktuo

tmhmatopoÐhshc me tic plhroforÐec se epÐpedo peript¸sewn pou katagrˆfontai apì to

dÐktuo tmhmatopoÐhshc peript¸sewn.

Gia thn axiolìghsh thc apìdoshc twn montèlwn panoptik c tmhmatopoÐhshc, qrhsimo-

poieÐtai sun jwc h metrik  Panoptic Quality (PQ) (31), h opoÐa metrˆ thn akrÐbeia tou

montèlou sth dhmiourgÐa mask¸n tmhmatopoÐhshc tìso se shmasiologikì epÐpedo ìso kai

se epÐpedo peript¸sewn. H metrik  PQ upologÐzetai wc to ginìmeno dÔo paragìntwn : thc

poiìthtac tmhmatopoÐhshc SQ, h opoÐa metrˆ thn akrÐbeia twn mask¸n tmhmatopoÐhshc

se epÐpedo paradeÐgmatoc, kai thc poiìthtac anagn¸rishc RQ, h opoÐa metrˆ thn akrÐbeia

twn shmasiologik¸n mask¸n tmhmatopoÐhshc.

H panoptik  tmhmatopoÐhsh �rÐskei poluˆrijmec efarmogèc se tomeÐc ìpwc h �ompoti-

k , h autìnomh od ghsh kai h epit rhsh. ParadeÐgmatoc qˆrin, h panoptik  tmhmatopo-

Ðhsh mporeÐ na qrhsimopoihjeÐ sth �ompotik  gia na epitrèyei sta �ompìt na plohghjoÔn

kai na allhlepidrˆsoun me to peribˆllon touc pio apotelesmatikˆ me thn akrib  anÐqneu-

sh kai ton entopismì antikeimènwn. Sto plaÐsio thc autìnomhc od ghshc, h panoptik 

tmhmatopoÐhsh mporeÐ na qrhsimopoihjeÐ gia ton entopismì kai thn parakoloÔjhsh ˆl-

lwn oqhmˆtwn kai pez¸n se pragmatikì qrìno, epitrèpontac sta autìnoma oq mata na

lambˆnoun asfalèsterec kai pio tekmhriwmènec apofˆseic. Ston tomèa thc epit rhshc, h

panoptik  tmhmatopoÐhsh mporeÐ na qrhsimopoihjeÐ gia ton entopismì kai thn parakolo-

Ôjhsh atìmwn kai antikeimènwn endiafèrontoc se peribˆllonta megˆlhc klÐmakac.

Parˆ thn prìodo pou èqei shmeiwjeÐ ston tomèa thc panoptik c tmhmatopoÐhshc, upˆr-

qoun akìmh pollˆ perij¸ria �eltÐwshc. ApaiteÐtai mellontik  èreuna gia thn anˆptuxh

akribèsterwn kai apodotikìterwn montèlwn panoptik c tmhmatopoÐhshc kai gia thn epèkta-

sh twn dunatot twn touc ¸ste na mporoÔn na qeirÐzontai pio sÔnjetec kai dunamikèc skhnèc.

Epiplèon, �a prèpei na katablhjoÔn prospˆjeiec gia na katastoÔn autˆ ta montèla pio

prositˆ kai efarmìsima se senˆria tou pragmatikoÔ kìsmou kai na antimetwpistoÔn oi

prokl seic pou sqetÐzontai me thn ekpaÐdeush kai thn anˆptuxh panoptik¸n montèlwn tmh-

matopoÐhshc megˆlhc klÐmakac se suskeuèc me periorismènouc pìrouc.
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2.5 KÐnhtro Diplwmatik c ErgasÐac

H melèth twn montèlwn tmhmatopoÐhshc eikìnwn se diˆfora sÔnola dedomènwn ana-

�orˆc apoteleÐ �asikì pedÐo èreunac ston tomèa thc ìrashc upologist¸n, me ektetamènec

epipt¸seic se èna eurÔ �ˆsma efarmog¸n. H akrib c kai apotelesmatik  tmhmatopoÐh-

sh eikìnac èqei th dunatìthta na �elti¸sei thn apìdosh autìnomwn susthmˆtwn kai na

prowj sei ton tomèa thc iatrik c apeikìnishc, metaxÔ ˆllwn pleonekthmˆtwn.

To prwtarqikì kÐnhtro pÐsw apì thn paroÔsa melèth eÐnai h �ajÔterh katanìhsh twn

dunatot twn kai twn periorism¸n twn sÔgqronwn montèlwn �ajiˆc mˆjhshc gia thn tmh-

matopoÐhsh eikìnwn. En¸ h �ajiˆ mˆjhsh èqei epideÐxei terˆstiec dunatìthtec sthn ìrash

upologist¸n, h tmhmatopoÐhsh eikìnac paramènei èna dÔskolo prìblhma. H axiolìghsh

diaforetik¸n montèlwn se diaforetikˆ sÔnola dedomènwn anaforˆc mporeÐ na parˆsqei po-

lÔtimec gn¸seic sqetikˆ me ta dunatˆ shmeÐa kai touc periorismoÔc touc, epitrèpontac thn

anˆptuxh apotelesmatikìterwn proseggÐsewn gia thn tmhmatopoÐhsh eikìnwn pou mporoÔn

na prosarmostoÔn se diaforetikoÔc tÔpouc eikìnwn kai ergasi¸n.

H prìodoc sthn tmhmatopoÐhsh eikìnwn mporeÐ epÐshc na odhg sei sthn prìodo se su-

nafeÐc tomeÐc, ìpwc h �ompotik , h autìnomh od ghsh kai h ugeionomik  perÐjalyh. H

akrib c kai apotelesmatik  tmhmatopoÐhsh eikìnac eÐnai 
wtik c shmasÐac gia thn plo gh-

sh kai thn allhlepÐdrash twn �ompìt me to peribˆllon touc kai gia thn anÐqneush kai thn

parakoloÔjhsh antikeimènwn se pragmatikì qrìno sto plaÐsio thc autìnomhc od ghshc.

Sthn ugeionomik  perÐjalyh, h tmhmatopoÐhsh eikìnwn eÐnai aparaÐthth gia ton entopismì

kai th diˆgnwsh iatrik¸n katastˆsewn, ìpwc o karkÐnoc, kai gia thn parakoloÔjhsh thc

exèlixhc thc nìsou me thn pˆrodo tou qrìnou.

Sunolikˆ, me thn kalÔterh katanìhsh twn dunatot twn kai twn periorism¸n twn sÔgqro-

nwn montèlwn tmhmatopoÐhshc eikìnac kai thn anˆptuxh akribèsterwn kai apodotikìterwn

algorÐjmwn, mporoÔme na ergastoÔme gia thn epÐlush merik¸n apì ta pio dÔskola pro-

�l mata upologistik c ìrashc thc epoq c mac kai na epitÔqoume shmantikèc proìdouc se

sunafeÐc tomeÐc.

2.6 Sunafèc 'Ergo

Se aut  thn ekten  diereÔnhsh , embajÔnoume se èna ploÔsio sÔnolo uparqìntwn ereu-

n¸n kai �ibliografÐac pou empnèei kai diamorf¸nei to antikeÐmenì mac . Estiˆzontac sto

metaÐqmio thc tmhmatopoÐhshc eikìnwn, thc axiopoÐhshc sunìlwn dedomènwn purkagiˆc kai

thc mˆjhshc metaforˆc metaxÔ tomèwn se sÔnola dedomènwn iatrik¸n eikìnwn , h èreunˆ

mac antleÐ plhroforÐec apì èna eurÔ �ˆsma ergasi¸n pou sumbˆlloun sullogikˆ ston

sÔnolo thc prospˆjeiˆc mac .

2.6.1 TmhmatopoÐhsh Eikìnac Purkagiˆc

Ston tomèa thc katˆtmhshc eikìnwn purkagiˆc , oi ereunhtèc èqoun anaptÔxei prohg-

mènec arqitektonikèc kai kainotìmec strathgikèc gia na antimetwpÐsoun tic prokl seic thc

anÐqneushc kai anˆlushc purkagi¸n . H prwtoporiak  ergasÐa (32) eisˆgei mia arqitektoni-
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k  CNN, dioqeteÔontac qwrikˆ kai �asmatikˆ qarakthristikˆ gia na epitÔqei thn anÐqneush

kai thn katˆtmhsh purkagiˆc se pragmatikì q�ìno se enaèriec eikìnec . H sumbol  touc u-

pogrammÐzei th shmasÐa thc enswmˆtwshc twn endeÐxewn plaisÐou gia thn akrib  oriojèthsh

perioq¸n purkagiˆc . Sumplhr¸nontac autì , o Gupta (33) epimeloÔntai èna exeidikeumèno

sÔnolo dedomènwn tmhmatopoÐhshc purkagiˆc kai epinooÔn èna prosarmosmèno montèlo

DeepLabv3+ (10), epideiknÔontac thn isqÔ thc ekpaÐdeushc se sugkekrimèno tomèa gia thn

epÐteuxh akriboÔc entopismoÔ kai �eltÐwshc twn orÐwn thc perioq c purkagiˆc .

2.6.2 TmhmatopoÐhsh Iatrik¸n Eikìnwn

H èreuna Medical Image Segmentation: A Review of Modern Architecture (34) pe-

�ilambˆnei ton entopismì �asik¸n perioq¸n stic iatrikèc eikìnec gia th �eltÐwsh thc di-

ˆgnwshc . H melèth epikentr¸netai se isquroÔc algorÐjmouc upologistik c ìrashc gia thn

epitˆqunsh twn diagn¸sewn , th meÐwsh tou kìstouc kai th dunatìthta taqÔterhc prìlhyhc

kai �erapeÐac asjenei¸n . H èreuna exetˆzei tic epikratoÔsec mejìdouc , sumperilambano-

mènhc thc arqitektonik c tÔpou U kai tou montèlou UNet. Autèc qrhsimopoioÔn plaÐsia

kwdikopoiht  •apokwdikopoiht  me suneptugmèna dÐktua . H melèth diereunˆ epÐshc arqi-

tektonikèc metasqhmatist¸n , qrhsimopoi¸ntac mhqanismoÔc prosoq c kai upoleimmatik 

mˆjhsh (residual learning) gia thn enÐsqush thc enswmˆtwshc plhrofori¸n . H sugkekri-

mènh ergasÐa axiologeÐ ènteka montèla pou èqoun sqediasteÐ gia thn katˆtmhsh iatrik¸n

eikìnwn kai epekteÐnetai kai se ˆllouc tomeÐc . H epaÔxhsh antimetwpÐzei ta periorismèna

iatrikˆ dedomèna enisqÔontac to mègejoc tou sunìlou dedomènwn kai thn prosarmostikìth-

ta twn montèlwn . Epiplèon , h èreuna diereunˆ thn allhlepÐdrash metaxÔ thc epaÔxhshc

dedomènwn kai twn apotelesmˆtwn , prosfèrontac plhroforÐec sqetikˆ me ton antÐktupì

thc . H melèth anadeiknÔei tic dunatìthtec twn montèlwn , kai perigrˆfei monopˆtia gia thn

enÐsqush thc tmhmatopoÐhshc iatrik¸n eikìnwn .

2.6.3 Mhqanik  Mˆ�hsh kai Do�u�o�ikèc Eikìnec

H ergasÐa Satellite image super•resolution for forest localization (35) exetˆzei thn exe-

lissìmenh sumbol  twn doruforik¸n apostol¸n , thc parat rhshc thc Ghc kai twn mejodo-

logi¸n mhqanik c mˆjhshc gia thn enisqumènh parakoloÔjhsh tou peribˆllontoc . Wstìso ,

èna empìdio ègkeitai sthn periorismènh qwrik  anˆlush twn doruforik¸n eikìnwn . Gia na

xeperasteÐ aut  h prìklhsh , h melèth axiopoieÐ ta Image Super Resolution Networks gia

na �elti¸sei thn anˆlush twn eikìnwn thlepiskìphshc . O kentrikìc stìqoc eÐnai na gÐnei

shmasiologik  katˆtmhsh me q� sh doruforik¸n eikìnwn Sentinel•1 kai Sentinel•2 (36)

gia ton entopismì dasik¸n perioq¸n . H èreuna qrhsimopoieÐ t�eic diaforetikèc arqitekto-

nikèc �aji¸n neurwnik¸n diktÔwn kai tic upobˆllei se austhr  ekpaÐdeush kai dokim  .

Epiplèon , qrhsimopoieÐtai èna �ajÔ dÐktuo upe� •anˆlushc gia thn aÔxhsh thc anˆlushc

thc eikìnac , me apotèlesma th dhmiourgÐa dÔo sunìlwn dedomènwn • arqik¸n kai upe� •

anˆlushc eikìnwn . Oi arqitektonikèc ekpaideÔontai se amfìtera ta sÔnola dedomènwn kai

axiologoÔntai se èna sÔnolo dokim¸n pou perilambˆnei tìso tic arqikèc ìso kai tic super•

resolved eikìnec . H melèth apokalÔptei ìti h arqitektonik  Swin•Transformer apodÐdei

ta pio elpidofìra apotelèsmata , me thn ekpaÐdeush sesuper•resolved eikìnec na enisqÔei
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thn apotelesmatikìthta thc montelopoÐhshc se ìlec tic arqitektonikèc . Aut  h èreuna u-

podeiknÔei tic dunatìthtec sunÔparxhc twn prohgmènwn teqnik¸n mhqanik c mˆjhshc kai

twn doruforik¸n eikìnwn gia thn antimet¸pish krÐsimwn pagkìsmiwn prokl sewn , ìpwc h

parakoloÔjhsh thc apodˆswshc .

2.6.4 Transfer Learning sthn TmhmatopoÐhsh Iat�ik¸n Eikìnwn

To pedÐo thc mˆjhshc metaforˆc xedipl¸netai wc katalutikìc parˆgontac gia th ge-

�Ôrwsh tou qˆsmatoc metaxÔ diaforetik¸n tomèwn thc iatrik c eikìnac . Oi Lee kai su-

nergˆtec (37) enorqhstr¸noun mhqanismoÔc metaforˆc gn¸shc me thn arqitektonik  enìc

p�o •ekpaideumènou HRNet (11), pou kallierg jhke gia thn katˆtmhsh pneumìnwn , se èna

sÔnolo dedomènwn katˆtmhshc kuttˆrwn . Aut  h enorq strwsh anadeiknÔei thn aprìsko-

pth antallag  majhmènwn qarakthristik¸n metaxÔ twn ergasi¸n , me apokorÔfwma th

�eltiwmènh akrÐbeia tmhmatopoÐhshc . ParomoÐwc, oi Chen kai oi sunergˆtec (38) epish-

maÐnoun tic dunatìthtec thc arqitektonik c BiSeNet (19), enorqhstr¸nontac thn armonik 

prosarmog  thc gia thn tmhmatopoÐhsh diafìrwn iatrik¸n ergaleÐwn kai dom¸n tou pne-

Ômona. H prospˆjeiˆ touc aphqeÐ th shmasÐa thc euelixÐac thc arqitektonik c kai thc

gn¸shc tou tomèa gia thn pro¸jhsh thc tmhmatopoÐhshc iatrik¸n eikìnwn .

2.6.5 Prohgmènec Arqitektonikèc gia TmhmatopoÐhsh Eikìnac

Sthn prwtoporÐa thc katˆtmhshc eikìnwn , th �èsh moirˆzontai prwtoporiakèc arqi-

tektonikèc pou anadiamorf¸noun to pedÐo thc akrÐbeiac kai thc leptomeroÔc anˆlushc .

Oi Zhang kai oi sunergˆtec (39) �wtÐzoun autì to pedÐo me to HRNet, mia arqitektonik 

emploutismènh me mia monˆda optik c anagn¸rishc qarakt rwn (OCR). Aut  h kainotomÐa

gennˆ thn ekqÔlish leptìkokkwn qarakthristik¸n , endunam¸nontac th sugq¸neush HRNet

+ OCR gia thn apokruptogrˆfhsh perÐplokwn prokl sewn tmhmatopoÐhshc se diˆfo-

�a sÔnola dedomènwn . O Swin Transformer (16) xeqwrÐzei, me ènan ierarqikì mhqanismì

auto •p�osoq c . Aut  h sugq¸neush emploutÐzei thn ikanìthta tou Swin Transformer na

sullambˆnei tìso to genikì plaÐsio ìso kai tic perÐplokec topikèc idiaiterìthtec se pe-

�Ðplokec iatrikèc ergasÐec tmhmatopoÐhshc .

2.6.6 Ubridikèc kai Sunduastikèc ProseggÐseic

O tomèac twn strathgik¸n tmhmatopoÐhshc emploutÐzetai apì to meÐgma ubridik¸n pro-

seggÐsewn kai proseggÐsewn sunìlou , ìpou diaforetikèc mèjodoi sunduˆzontai gia na dh-

miourg soun akrib  apotelèsmata . Oi Liang et al. (40) parousÐasan to UNet3+ (20), mia

tropopoihmènh èkdosh tou sqediasmoÔ UNet (41), enisqumènh me mhqanismoÔc prosoq c

kai sundèseic parˆleiyhc . Aut  h �eltÐwsh �ohjˆ to montèlo na sullˆbei tìso leptomer 

ìso kai sunolikˆ qarakthristikˆ sthn tmhmatopoÐhsh . Tautìqrona , h ergasÐa, BASNet,

�èrnei mia prosèggish pou estiˆzei sta ì�ia sthn tmhmatopoÐhsh . H euaisjhsÐa tou BASNet

(18) se sugkekrimènec domèc upogrammÐzei th shmasÐa thc plhroforÐac twn orÐwn , èna �a-

sikì stoiqeÐo gia thn epÐteuxh akrib¸n apotelesmˆtwn . Pern¸ntac sthn ptuq  tou sunìlou ,

to EmaNet (22) sunduˆzei thn teqnognwsÐa diafìrwn proseggÐsewn tmhmatopoÐhshc gia thn
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epÐteuxh exairetikˆ akrib¸n apotelesmˆtwn . Autì apodeiknÔei th dÔnamh tou sunduasmoÔ

diaforetik¸n mejìdwn gia �eltiwmènh apìdosh .

Sth dhmosÐeush me tÐtlo "Deep neural architectures for prediction in healthcare", pa-

�ousiˆzontai kainotìmec �ajièc neurwnikèc arqitektonikèc gia th diˆgnwsh asjenei¸n kai

thn exatomikeumènh axiolìghsh sthn ugeionomik  perÐjalyh , upogrammÐzontac th duna-

tìthta efarmog c touc se neuroekfulistikèc asjèneiec ìpwc h nìsoc tou Pˆrkinson (42).

Basizìmeno se autˆ ta �emèlia h dhmosÐeush "Assessment of Parkinson's Disease Based on

Deep Neural Networks", h opoÐa proteÐnei èna sÔsthma gia thn anˆlush dedomènwn iatrik c

apeikìnishc pou sqetÐzontai me th nìso tou Pˆrkinson kai th susqètis  touc me klinikèc

plhroforÐec , apodeiknÔontac thn ikanìthtˆ tou na ektimˆ me akrÐbeia thn katˆstash thc

nìsou (43). Epiplèon , to dhmosÐeuma"Machine Learning for Neurodegenerative Disorder

Diagnosis • Survey of Practices and Launch of Benchmark Dataset" upogrammÐzei th sh-

masÐa thc ègkairhc diˆgnwshc kai prosfèrei èna oloklhrwmèno arqeÐo iatrik¸n exetˆsewn

sqetik¸n me neuroekfulistikèc asjèneiec , me èmfash sth Bajiˆ Mˆjhsh . Parˆllhla pa-

�ousiˆzetai èna sÔnolo dedomènwn anaforˆc gia th nìso tou Pˆrkinson , anadeiknÔontac

peraitèrw tic dunatìthtec thc èreunˆc (44). Sto "Predicting Parkinson's Disease using La•

tent Information extracted from Deep Neural Networks", parousiˆzetai mia prosèggish gia

thn iatrik  diˆgnwsh neuroekfulistik¸n asjenei¸n me th q� sh lanjˆnousac plhroforÐac

pou exˆgetai apì �ajiˆ neurwnikˆ dÐktua . EpideiknÔetai h apotelesmatikìthta aut c thc

mejìdou sthn prìbleyh thc nìsou tou Pˆrkinson me �ˆsh dedomèna magnhtik c tomogra-

�Ðac kai sˆrwshc DaT (45). H melèth me tÐtlo "A Uni�ed Deep Learning Approach for

Prediction of Parkinson's Disease" enopoieÐ tic prospˆjeièc thc koinìthtac se èna enopoi-

hmèno plaÐsio gia thn prìbleyh thc nìsou tou Pˆrkinson me q� sh �ajiˆc mˆjhshc kai

iatrik c apeikìnishc . H prosèggish aut  deÐqnei pollˆ uposqìmenh se diˆfora iatrikˆ

peribˆllonta , tekmhri¸nontac peraitèrw thn apotelesmatikìthtˆ thc (46).

Epiplèon pa�ousiˆ
etai mia �ˆsh dedomènwn kai mia p�osèggish �a�iˆc mˆ�hshc gia

thn anÐqneush tou COVID•19, sum�ˆllontac sthn p�ospˆ�eia antimet¸pishc thc pandhmÐac

(47). To "A Large Imaging Database and Novel Deep Neural Architecture for Covid•19

Diagnosis", exakolou�eÐ na asqoleÐtai me thn p�ìklhsh tou COVID•19 anaptÔssontac mia

megˆlh sqoliasmènh �ˆsh dedomènwn gia th diˆgnwsh tou COVID•19 me �ˆsh axonikèc

tomog�a�Ðec �¸�akoc . Pa�ousiˆ
etai epÐshc h a�qitektonik  RACNet, h opoÐa upe�te�eÐ

ènanti ˆllwn �a�i¸n neu�wnik¸n diktÔwn (48). To "AI•MIA: COVID•19 Detection & Severity

Analysis through Medical Imaging", to opoÐo pa�ousiˆ
ei mia �asik  p�osèggish gia ton

2o diagwnismì Covid•19 kai eisˆgei mia sqoliasmènh �ˆsh dedomènwn gia thn anÐqneush

kai th so�a�ìthta tou COVID•19, ma
Ð me èna montèlo �a�iˆc mˆ�hshc gia thn anˆlush

(49). To "Data•Driven Covid•19 Detection Through Medical Imaging", eisˆgei mia nèa

�ˆsh dedomènwn COVID•19 kai èna montèlo �a�iˆc mˆ�hshc gia thn ak�i�  taxinìmhsh

twn axonik¸n tomog�a�i¸n . H p�osèggis  aut  epideiknÔei an¸te�ec epidìseic se sÔgk�ish

me ta upˆ�qonta montèla (50).

H èreuna "Adaptation and contextualization of deep neural network models", proteÐnei

kainotìma sust mata gia thn prosarmog  kai thn plaisÐwsh twn ekpaideumènwn DNNs,

antimetwpÐzontac 
ht mata pou sqetÐzontai me th diafˆneia kai thn apodotikìthta (51). Sto

"Deep Transparent Prediction through Latent Representation Analysis", parousiˆzetai mia
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nèa prosèggish gia thn exagwg  lanjˆnousac plhroforÐac apì ta DNNs gia diafaneÐc kai

akribeÐc problèyeic . H prosèggish aut  ��Ðskei efarmogèc se diˆforouc tomeÐc , sumpe-

�ilambanomènhc thc iatrik c apeikìnishc kai thc prìbleyhc asjenei¸n (52). H ergasÐa "A

Deep Neural Architecture for Harmonizing 3•D Input Data Analysis and Decision Making

in Medical Imaging" epikentr¸netai sthn enarmìnish thc anˆlushc twn trisdiˆstatwn iatri-

k¸n dedomènwn kai thc l yhc apofˆsewn me th q� sh thc arqitektonik c RACNet. Aut  h

kainotìmoc prosèggish enisqÔei tic dunatìthtec twn �aji¸n neurwnik¸n diktÔwn sthn iatri-

k  apeikìnish (53). To "Transparent adaptation in deep medical image diagnosis" eisˆgei

mia mèjodo gia th diafan  prosarmog  twn DNNs, epitrèpontac sunepeÐc kai axiìpistec

problèyeic se diaforetikˆ plaÐsia kai sÔnola dedomènwn . H prosèggish aut  efarmìzetai

sthn prìbleyh thc nìsou tou Pˆrkinson kai tou COVID•19 (54).

H melèth "Deep Bayesian Self•Training" kai "Capsule routing via variational bayes",

proteÐnei mejìdouc gia ton autìmato sqoliasmì dedomènwn kai th �eltÐwsh thc apodoti-

kìthtac twn diktÔwn kˆyoulac , antÐstoiqa (55) (56) (57). Ston tomèa thc anˆlushc pu-

�hnik¸n antidrast rwn , suneisfèroun oi ergasÐec "A deep learning approach to anomaly

detection in nuclear reactors" kai "Machine learning for analysis of real nuclear plant

data in the frequency domain". Autèc oi ergasÐec parousiˆzoun kainotìmec proseggÐseic

gia thn anÐqneush anwmali¸n se purhnikoÔc antidrast rec me th q� sh �ajiˆc mˆjhshc

kai mhqanik c mˆjhshc (58) (59). Epiplèon , diereunoÔntai oi melètec me tÐtlo "An au•

toencoder wavelet based deep neural network with attention mechanism for multi•step

prediction of plant growth" kai "Using deep learning to predict plant growth and yield in

greenhouse environments", parousiˆzontac efarmogèc thc �ajiˆc mˆjhshc sthn prìbleyh

thc anˆptuxhc kai thc apìdoshc twn �ut¸n se elegqìmena peribˆllonta (60) (61).

Gia thn anagn¸rish thc èkfrashc tou pros¸pou h dhmosÐeush "MixAugment & Mixup:

Augmentation Methods for Facial Expression Recognition" parousiˆzei to MixAugment,

mia nèa strathgik  epaÔxhshc dedomènwn pou upertereÐ twn  dh uparqous¸n mejìdwn

sto qeirismì diaforetik¸n ekfrˆsewn pros¸pou (62). Akìma , to "Abaw: Valence•arousal

estimation, expression recognition, action unit detection & emotional reaction intensity e•

stimation challenges", perilambˆnei ektetamèna s¸mata kai prokl seic pou sqetÐzontai me

thn anˆlush sunaisjhmatik c sumperiforˆc (63). Tèloc ulopoihmènec efarmogèc se pro-

�l mata anˆlushc eikìnwn kai allhlepÐdrashc an��¸pou •upologist  (64�68). apotèloÔn

kainìtomec ergasÐec ston tomèa thc Teqnit c NohmosÔnhc .

2.6.7 SÔnoyh kai MellontikoÐ OrÐzontec

Exetˆ
ontac prosektikˆ autèc tic diaforetikèc suneisforèc , apoktoÔme mia �ajÔterh

katanìhsh tou t�ìpou me ton opoÐo exelÐssetai h tmhmatopoÐhsh eikìnwn . Autèc oi diafo-

�etikèc idèec mac �ohjoÔn sthn prospˆjeiˆ mac na diereun soume kai na dieurÔnoume tic

dunatìthtec tmhmatopoÐhshc eikìnwn . To èrgo mac �asÐzetai sta �emèlia twn gn¸sewn pou

apokt jhkan apì prohgoÔmenec èreunec .
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Jewrhtikì Upìbajro

3.1 Mhqanik  mˆjhsh & Bajiˆ mˆjhsh

3.1.1 Mhqanik  mˆjhsh

H mhqanik  mˆjhsh (69) eÐnai ènac klˆdoc thc teqnht c nohmosÔnhc (AI) pou epitrèpei

stouc upologistèc na majaÐnoun apì dedomèna kai na kˆnoun problèyeic   apofˆseic qw-

�Ðc na eÐnai �htˆ programmatismènoi. Stìqoc thc mhqanik c mˆjhshc eÐnai h anˆptuxh

algorÐjmwn kai montèlwn pou mporoÔn na entopÐzoun autìmata motÐba kai idèec sta dedo-

mèna kai na kˆnoun problèyeic   apofˆseic me �ˆsh autˆ ta motÐba. Upˆrqoun treic kÔrioi

tÔpoi mhqanik c mˆjhshc : mˆjhsh me epÐbleyh, mˆjhsh qwrÐc epÐbleyh kai enisqutik 

mˆjhshc (70). H mˆjhsh me epÐbleyh eÐnai o pio sunhjismènoc tÔpoc mhqanik c mˆjhshc

kai perilambˆnei thn ekpaÐdeush enìc montèlou se èna sÔnolo dedomènwn me etikètec, ìpou

h metablht  exìdou   stìqoc eÐnai gnwst . Sth sunèqeia, to montèlo dokimˆzetai se nèa,

ˆgnwsta dedomèna gia na axiologhjeÐ h apìdos  tou. ParadeÐgmata epiblepìmenhc mˆjh-

shc perilambˆnoun thn taxinìmhsh eikìnwn, thn anagn¸rish �wn c kai thn epexergasÐa

�usik c gl¸ssac.

H mˆjhsh qwrÐc epÐbleyh, apì thn ˆllh pleurˆ, perilambˆnei thn ekpaÐdeush enìc mo-

ntèlou se èna mh epishmasmèno sÔnolo dedomènwn, ìpou h metablht  exìdou   stìqoc den

eÐnai gnwst . To montèlo qrhsimopoieÐtai sth sunèqeia gia ton entopismì motÐbwn kai plhro-

�ori¸n sta dedomèna, ìpwc h omadopoÐhsh   h meÐwsh thc diastatikìthtac. ParadeÐgmata

mˆjhshc qwrÐc epÐbleyh perilambˆnoun thn anÐqneush anwmali¸n, thn tmhmatopoÐhsh thc

agorˆc kai thn exagwg  qarakthristik¸n.

H enisqutik  mˆjhsh eÐnai ènac tÔpoc mhqanik c mˆjhshc pou epikentr¸netai sthn

ekpaÐdeush montèlwn ¸ste na lambˆnoun apofˆseic me �ˆsh thn anatrofodìthsh   tic a-

ntamoibèc. QrhsimopoieÐtai suqnˆ se katastˆseic ìpou to apotèlesma miac apìfashc eÐnai

abèbaio   h �èltisth apìfash mporeÐ na allˆxei me thn pˆrodo tou qrìnou. ParadeÐgmata

enisqutik c mˆjhshc perilambˆnoun th �ompotik , ta paiqnÐdia kai ta sust mata elègqou.

H diadikasÐa thc mhqanik c mˆjhshc xekinˆ sun jwc me th sullog  kai ton kajarismì

twn dedomènwn. Autì to � ma eÐnai 
wtik c shmasÐac, kaj¸c h poiìthta twn dedomènwn

mporeÐ na ephreˆsei shmantikˆ thn apìdosh tou montèlou. AfoÔ kajaristoÔn kai proetoi-

mastoÔn ta dedomèna, sth sunèqeia qwrÐzontai se èna sÔnolo ekpaÐdeushc kai èna sÔnolo

dokim c. To sÔnolo ekpaÐdeushc qrhsimopoieÐtai gia thn ekpaÐdeush tou montèlou, en¸ to
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sÔnolo dokim c qrhsimopoieÐtai gia thn axiolìghsh thc apìdoshc tou montèlou.

To epìmeno � ma eÐnai h epilog  enìc katˆllhlou montèlou kai algorÐjmou gia thn

ekˆstote ergasÐa. Upˆrqoun pollˆ diaforetikˆ montèla kai algìrijmoi, ìpwc ta dèntra

apofˆsewn, ta tuqaÐa dˆsh, ta neurwnikˆ dÐktua kai oi mhqanèc dianusmˆtwn upost rixhc.

H epilog  tou montèlou kai tou algorÐjmou exartˆtai apì ton tÔpo tou probl matoc, thn

poluplokìthta twn dedomènwn kai touc diajèsimouc pìrouc. AfoÔ epilegeÐ to montèlo,

sth sunèqeia ekpaideÔetai sto sÔnolo ekpaÐdeushc. O stìqoc thc ekpaÐdeushc eÐnai na

�rejoÔn oi kalÔterec parˆmetroi gia to montèlo pou �a elaqistopoi soun to sfˆlma sto

sÔnolo ekpaÐdeushc. Sth sunèqeia, to montèlo axiologeÐtai sto sÔnolo dokim¸n gia na me-

trhjeÐ h apìdos  tou kai na diasfalisteÐ ìti den prosarmìzetai uperbolikˆ sta dedomèna

ekpaÐdeushc. AfoÔ to montèlo ekpaideuteÐ kai axiologhjeÐ, mporeÐ sth sunèqeia na qrhsi-

mopoihjeÐ gia thn pragmatopoÐhsh problèyewn se nèa, ajèata dedomèna. Autì anafèretai

suqnˆ wc sumpèrasma   anˆptuxh. To montèlo mporeÐ na anaptuqjeÐ se diˆforec efarmo-

gèc, ìpwc h taxinìmhsh eikìnwn, h anagn¸rish omilÐac   h epexergasÐa �usik c gl¸ssac.

H mhqanik  mˆjhsh perilambˆnei èna eurÔ �ˆsma efarmog¸n kai èqei efarmosteÐ se di-

ˆforouc klˆdouc, ìpwc h ugeionomik  perÐjalyh, h qrhmatooikonomik , oi sugkoinwnÐec

kai h metapoÐhsh. Gia parˆdeigma, sthn ugeionomik  perÐjalyh, h mhqanik  mˆjhsh

èqei qrhsimopoihjeÐ gia thn anˆptuxh montèlwn pou mporoÔn na problèyoun ta apote-

lèsmata twn asjen¸n, na entopÐsoun pijanoÔc kindÔnouc gia thn ugeÐa kai na sundrˆmoun

sthn iatrik  diˆgnwsh. Sta qrhmatooikonomikˆ, h mhqanik  mˆjhsh èqei efarmosteÐ gia

ton entopismì ajèmitwn sunallag¸n, thn prìbleyh twn tim¸n twn metoq¸n kai ton ento-

pismì pijan¸n ependutik¸n eukairi¸n. H mhqanik  mˆjhsh èqei epÐshc qrhsimopoihjeÐ

gia th �eltÐwsh thc apotelesmatikìthtac twn susthmˆtwn metafor¸n, ìpwc ta autokino-

Ômena oq mata, h prìbleyh kai �eltistopoÐhsh thc kukloforÐac kai h �eltistopoÐhsh

thc efodiastik c. Sth �iomhqanÐa, h mhqanik  mˆjhsh èqei axiopoihjeÐ gia th �eltisto-

poÐhsh twn diadikasi¸n paragwg c, th �eltÐwsh tou poiotikoÔ elègqou kai thn prìbleyh

�lab¸n tou exoplismoÔ. Sunolikˆ, h mhqanik  mˆjhsh eÐnai èna isqurì ergaleÐo pou mpo-

�eÐ na �ohj sei touc organismoÔc na lambˆnoun kalÔterec apofˆseic kai na �elti¸noun

tic drasthriìthtèc touc. Kaj¸c parˆgontai ìlo kai perissìtera dedomèna, h mhqanik 

mˆjhsh �a suneqÐsei na apoteleÐ �asikì ergaleÐo gia touc organismoÔc pou epijumoÔn

na apokt soun gn¸seic kai na �elti¸soun tic epidìseic touc. Wstìso, eÐnai shmantikì na

shmeiwjeÐ ìti h mhqanik  mˆjhsh den stereÐtai twn prokl se¸n thc. Orismènec apì tic

prokl seic perilambˆnoun thn prostasÐa thc idiwtik c 
w c kai thn asfˆleia twn dedo-

mènwn, hjikoÔc problhmatismoÔc kai thn anˆgkh gia megˆlec posìthtec dedomènwn uyhl c

poiìthtac. MÐa apì tic kÔriec prokl seic thc mhqanik c mˆjhshc eÐnai h idiwtikìthta kai

h asfˆleia twn dedomènwn. Kaj¸c ta montèla mhqanik c mˆjhshc ekpaideÔontai se me-

gˆlo ìgko dedomènwn, eÐnai 
wtik c shmasÐac ta dedomèna autˆ na prostateÔontai kai na

diathroÔntai empisteutikˆ. Autì mporeÐ na apotelèsei idiaÐterh prìklhsh ìtan prìkeitai

gia euaÐsjhta dedomèna, ìpwc proswpikèc plhroforÐec   oikonomikˆ dedomèna. Oi orga-

nismoÐ prèpei na diasfalÐzoun ìti diajètoun katˆllhlec diadikasÐec diaqeÐrishc dedomènwn

gia thn prostasÐa apì parabiˆseic dedomènwn kai mh exousiodothmènh prìsbash se dedo-

mèna. Mia ˆllh prìklhsh thc mhqanik c mˆjhshc eÐnai oi hjikoÐ problhmatismoÐ. Kaj¸c

ta montèla mhqanik c mˆjhshc qrhsimopoioÔntai gia th l yh apofˆsewn kai problèyewn,
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eÐnai shmantikì na diasfalisteÐ ìti autèc oi apofˆseic kai oi problèyeic eÐnai dÐkaiec kai

amerìlhptec. Autì mporeÐ na apotelèsei idiaÐterh prìklhsh ìtan prìkeitai gia euaÐsjhta

dedomèna, ìpwc dedomèna pou sqetÐzontai me th �ul , to �Ôlo   to epÐpedo eisod matoc.

Oi organismoÐ prèpei na diasfalÐzoun ìti ta montèla touc den diaiwnÐzoun akoÔsia tic u-

pˆrqousec prokatal yeic kai diakrÐseic. Tèloc, h mhqanik  mˆjhsh apaiteÐ megˆlo ìgko

dedomènwn uyhl c poiìthtac. H apìdosh twn montèlwn mhqanik c mˆjhshc exartˆtai se

megˆlo �ajmì apì thn poiìthta kai thn posìthta twn dedomènwn sta opoÐa ekpaideÔontai.

QwrÐc epark  dedomèna, endèqetai na eÐnai problhmatikì na ekpaideutoÔn montèla pou

eÐnai akrib  kai axiìpista. Epiplèon, ta dedomèna prèpei na kajaristoÔn kai na upostoÔn

proepexergasÐa gia na diasfalisteÐ ìti eÐnai apallagmèna apì sfˆlmata kai asunèpeiec.

Autì mporeÐ na eÐnai mia qronobìra kai apaithtik  se pìrouc diadikasÐa. Sunolikˆ, h

mhqanik  mˆjhsh eÐnai èna isqurì mèso pou mporeÐ na �ohj sei touc organismoÔc na

lambˆnoun kalÔterec apofˆseic kai na �elti¸noun tic drasthriìthtèc touc. Wstìso, eÐnai

shmantikì na gnwrÐzoume tic prokl seic kai touc periorismoÔc thc mhqanik c mˆjhshc

kai na diajètoume katˆllhlec diadikasÐec gia thn antimet¸pish aut¸n twn prokl sewn.

Me th swst  prosèggish kai touc katˆllhlouc pìrouc, oi organismoÐ mporoÔn na axio-

poi soun me epituqÐa ta ofèlh thc mhqanik c mˆjhshc, elaqistopoi¸ntac parˆllhla touc

kindÔnouc.

3.1.2 Bajiˆ Mˆjhsh

H �ajiˆ mˆjhsh (71) eÐnai èna upopedÐo thc mhqanik c mˆjhshc pou qrhsimopoieÐ �a-

�iˆ neurwnikˆ dÐktua gia th montelopoÐhsh kai thn epÐlush sÔnjetwn problhmˆtwn. H

ènnoia thc �ajiˆc mˆjhshc èqei tic �Ðzec thc ston tomèa thc teqnht c nohmosÔnhc kai èqei

apokt sei �agdaÐa dhmotikìthta ta teleutaÐa qrìnia lìgw thc ikanìthtˆc thc na epitug-

qˆnei korufaÐec epidìseic se èna eurÔ �ˆsma ergasi¸n, ìpwc h taxinìmhsh eikìnwn, h

anagn¸rish omilÐac kai h epexergasÐa �usik c gl¸ssac.

Ta �ajiˆ neurwnikˆ dÐktua, gnwstˆ kai wc montèla �ajiˆc mˆjhshc, apoteloÔntai a-

pì pollaplˆ str¸mata diasundedemènwn teqnht¸n neur¸nwn, ìpou kˆje str¸ma lambˆnei

eÐsodo apì to prohgoÔmeno str¸ma kai parˆgei èxodo gia to epìmeno str¸ma. H arqitekto-

nik  twn �aji¸n neurwnik¸n diktÔwn touc epitrèpei na majaÐnoun kai na exˆgoun autìmata

qarakthristikˆ apì akatèrgasta dedomèna eisìdou kai na ekteloÔn polÔplokouc mh gram-

mikoÔc metasqhmatismoÔc. Autì èrqetai se antÐjesh me ta paradosiakˆ montèla mhqanik c

mˆjhshc, ta opoÐa sun jwc apaitoÔn qeirokÐnhth sqedÐash qarakthristik¸n.

Ta montèla �ajiˆc mˆjhshc mporoÔn na ekpaideutoÔn me diaforetikoÔc trìpouc, a-

nˆloga me thn ekˆstote efarmog . Endeiktikˆ, h mˆjhsh me epÐbleyh eÐnai h pio sunhji-

smènh mèjodoc pou qrhsimopoieÐtai gia thn ekpaÐdeush montèlwn �ajiˆc mˆjhshc, ìpou to

montèlo ekpaideÔetai se èna sÔnolo dedomènwn me etikètec kai o stìqoc eÐnai na elaqisto-

poihjeÐ h diaforˆ metaxÔ thc problepìmenhc exìdou kai thc pragmatik c exìdou. 'Allec

mèjodoi ekpaÐdeushc perilambˆnoun th mˆjhsh qwrÐc epÐbleyh, ìpou to montèlo ekpai-

deÔetai se èna mh epishmasmèno sÔnolo dedomènwn, kai thn enisqutik  mˆjhsh, ìpou to

montèlo majaÐnei na lambˆnei apofˆseic me �ˆsh thn anatrofodìthsh   tic antamoibèc.

Epiplèon, h �ajiˆ mˆjhsh èqei efarmosteÐ gia thn epÐteuxh korufaÐwn epidìsewn se èna
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eurÔ �ˆsma efarmog¸n, ìpwc h taxinìmhsh eikìnwn, h anagn¸rish omilÐac kai h epexerga-

sÐa �usik c gl¸ssac. Sthn taxinìmhsh eikìnwn, gia parˆdeigma, ta montèla �ajiˆc mˆjh-

shc èqoun qrhsimopoihjeÐ gia ton autìmato entopismì antikeimènwn kai skhn¸n se eikìnec

kai gia thn epÐteuxh epidìsewn pou eÐnai sugkrÐsimec   kai an¸terec apì tic anjr¸pinec e-

pidìseic. Sthn anagn¸rish omilÐac, montèla �ajiˆc mˆjhshc èqoun qrhsimopoihjeÐ gia thn

autìmath metagraf  omilÐac kai gia thn epÐteuxh epidìsewn pou eÐnai sugkrÐsimec   kai

an¸terec apì tic paradosiakèc mejìdouc anagn¸rishc omilÐac. Sthn epexergasÐa �usik c

gl¸ssac, montèla �ajiˆc mˆjhshc èqoun qrhsimopoihjeÐ gia thn autìmath katanìhsh kai

paragwg  �usik c gl¸ssac kai gia thn epÐteuxh epidìsewn sugkrÐsimwn   kai an¸terwn

apì tic paradosiakèc mejìdouc epexergasÐac �usik c gl¸ssac.

Epiprosjètwc, h �ajiˆ mˆjhsh eÐnai ènac taqèwc exelissìmenoc tomèac kai nèec te-

qnikèc kai arqitektonikèc anaptÔssontai me taqÔtatouc �ujmoÔc. Ta teleutaÐa qrìnia, h

èreuna èqei epikentrwjeÐ sthn anˆptuxh pio sÔnjetwn kai isqur¸n arqitektonik¸n, ìpwc

ta suneliktikˆ neurwnikˆ dÐktua, ta epanalambanìmena neurwnikˆ dÐktua kai ta dÐktua

metasqhmatismoÔ. Akìmh, èqoun anaptuqjeÐ nèec teqnikèc gia thn ekpaÐdeush montèlwn �a-

�iˆc mˆjhshc, ìpwc h mˆjhsh metaforˆc kai h prosarmog  se tomeÐc, gia th �eltÐwsh thc

apìdoshc twn montèlwn �ajiˆc mˆjhshc se nèec ergasÐec kai tomeÐc.

Genikˆ, h �ajiˆ mˆjhsh eÐnai èna isqurì mèso to opoÐo dÔnatai na qrhsimopoihjeÐ

gia thn epÐlush enìc eurèoc �ˆsmatoc problhmˆtwn kai èqei th dunatìthta na �èrei epa-

nˆstash se polloÔc klˆdouc. Wstìso, ìpwc kai h mhqanik  mˆjhsh eÐnai shmantikì na

shmeiwjeÐ ìti h �ajiˆ mˆjhsh den eÐnai apallagmènh apì tic prokl seic thc, ìpwc h a-

nˆgkh gia megˆlec posìthtec dedomènwn uyhl c poiìthtac, h poluplokìthta twn montèlwn

kai oi upologistikoÐ pìroi pou apaitoÔntai gia thn ekpaÐdeush kai thn anˆptuxh montèlwn

�ajiˆc mˆjhshc. Parˆ tic prokl seic autèc, h �ajiˆ mˆjhsh anamènetai na suneqÐsei

na diadramatÐzei shmantikì �ìlo ston tomèa thc teqnht c nohmosÔnhc kai �a suneqÐsei na

odhgeÐ sthn anˆptuxh nèwn kai sunarpastik¸n efarmog¸n.

3.2 Suneliktikˆ Neurwnikˆ DÐktua (SNN)

Ta Convolutional Neural Networks (CNNs) (72) eÐnai ènac tÔpoc �ajÔ neurwnikoÔ di-

ktÔou pou èqei sqediasteÐ eidikˆ gia thn epexergasÐa dedomènwn pou èqoun topologÐa pou

moiˆzei me plègma, ìpwc eikìnec, �Ðnteo kai hqhtikˆ s mata. Ta SNN apoteloÔntai apì

pollaplˆ epÐpeda, ìpou kˆje epÐpedo efarmìzei èna sÔnolo �Ðltrwn sta dedomèna eisìdou

kai parˆgei ènan qˆrth qarakthristik¸n wc èxodo. Ta �Ðltra majaÐnontai katˆ th diˆrkeia

thc ekpaÐdeushc kai eÐnai sqediasmèna gia thn autìmath exagwg  shmantik¸n qarakthri-

stik¸n apì ta dedomèna eisìdou.

To pr¸to str¸ma enìc SNN, gnwstì kai wc str¸ma eisìdou, lambˆnei ta akatèrgasta

dedomèna eisìdou, ìpwc mia eikìna. Ta epìmena str¸mata, gnwstˆ kai wc str¸mata suneli-

ktik c anˆlushc, efarmìzoun èna sÔnolo �Ðltrwn sta dedomèna eisìdou kai parˆgoun ènan

qˆrth qarakthristik¸n wc èxodo. Autˆ ta �Ðltra majaÐnontai katˆ th diˆrkeia thc ekpa-

Ðdeushc kai eÐnai sqediasmèna gia thn autìmath exagwg  ousiastik¸n qarakthristik¸n apì

ta dedomèna eisìdou. Ta �Ðltra eÐnai sun jwc mikrˆ kai qwrikˆ topikˆ, gegonìc pou touc

epitrèpei na sullambˆnoun topikˆ motÐba sta dedomèna eisìdou. Ta �Ðltra efarmìzontai
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sta dedomèna eisìdou qrhsimopoi¸ntac mia diadikasÐa gnwst  wc sunèlixh, ìpou to �Ðltro

metakineÐtai sta dedomèna eisìdou kai to ginìmeno teleÐac metaxÔ tou �Ðltrou kai twn dedo-

mènwn eisìdou upologÐzetai se kˆje �èsh. To apotèlesma thc sunèlixhc eÐnai ènac qˆrthc

qarakthristik¸n, o opoÐoc eÐnai mia anaparˆstash twn dedomènwn eisìdou pou eÐnai pio

afhrhmènh kai sumpag c apì ta arqikˆ dedomèna eisìdou.

Sq ma 3.1: Dusidiˆstath Sunèlixh

Ta epÐpeda suneliktik c anˆlushc akoloujoÔntai apì epÐpeda sugkèntrwshc, ta o-

poÐa qrhsimopoioÔntai gia na mei¸soun th qwrik  anˆlush twn qart¸n qarakthristik¸n

kai na aux soun thn anjektikìthta twn qart¸n qarakthristik¸n se mikrèc enallagèc twn

dedomènwn eisìdou. O pio sunhjismènoc tÔpoc sugkèntrwshc eÐnai h sugkèntrwsh megÐstou

(max pooling) , ìpou h mègisth tim  miac mikr c upoperioq c tou qˆrth qarakthristi-

k¸n lambˆnetai wc h tim  exìdou gia thn en lìgw upoperioq . Aut  h leitourgÐa mei¸nei

apotelesmatikˆ ta deÐgmata tou qˆrth qarakthristik¸n kai kajistˆ epÐshc touc qˆrtec

qarakthristik¸n pio anjektikoÔc se mikrèc allagèc twn dedomènwn eisìdou.

Sq ma 3.2: H leitourgÐa tou Max Pooling (2).

Metˆ ta str¸mata sugkèntrwshc, oi qˆrtec qarakthristik¸n pernoÔn sth sunèqeia a-

pì pl rwc sundedemèna str¸mata, ta opoÐa qrhsimopoioÔntai gia thn pragmatopoÐhsh

twn telik¸n problèyewn. Autˆ ta str¸mata eÐnai parìmoia me ta pl rwc sundedemèna

str¸mata sta paradosiakˆ neurwnikˆ dÐktua kai qrhsimopoioÔntai gia thn ekmˆjhsh miac

mh grammik c sunˆrthshc pou antistoiqÐzei touc qˆrtec qarakthristik¸n stic problèyeic

exìdou.

Ta pl rwc suneliktikˆ neurwnikˆ dÐktua (FCNs) (3) eÐnai mia epèktash twn CNNs, kai

èqoun sqediasteÐ gia na epexergˆzontai dedomèna opoioud pote megèjouc, ìqi mìno enìc
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stajeroÔ megèjouc ìpwc sta CNNs. Autì epitugqˆnetai me thn antikatˆstash twn pl rwc

sundedemènwn strwmˆtwn me suneliktikˆ str¸mata, gegonìc pou epitrèpei sto dÐktuo na e-

pexergˆzetai dedomèna opoioud pote megèjouc kai na diathreÐ stajerì arijmì paramètrwn.

Aut  h arqitektonik  eÐnai idiaÐtera qr simh gia ergasÐec ìpwc h shmasiologik  katˆtmh-

sh, ìpou o stìqoc eÐnai na apodojeÐ mia shmasiologik  etikèta se kˆje eikonostoiqeÐo miac

eikìnac.

Sq ma 3.3: Ta pl rwc suneliktikˆ dÐktua, eÐnai mia arqitektonik  pou qrhsimopoieÐtai
kurÐwc gia th shmasiologik  katˆtmhsh (3).

Sta FCN, ta teleutaÐa str¸mata tou CNN antikajÐstantai apì 1 � 1 suneliktikˆ str¸ma-

ta, ta opoÐa qrhsimopoioÔntai gia th meÐwsh tou arijmoÔ twn qart¸n qarakthristik¸n kai

thn aÔxhsh thc qwrik c anˆlushc twn qart¸n qarakthristik¸n. Autì epitugqˆnetai me th

qr sh miac teqnik c pou onomˆzetai metasuntetagmènh sunèlixh, gnwst  kai wc aposum-

�olismìc, ìpwc �aÐnetai sto sq ma 3.4, h opoÐa auxˆnei th qwrik  anˆlush twn qart¸n

qarakthristik¸n me th qr sh enìc sunìlou �Ðltrwn pou majaÐnontai katˆ th diˆrkeia thc

ekpaÐdeushc.

Tèloc , h èxodoc tou teleutaÐou str¸matoc pernˆei mèsa apì mia sunˆrthsh energopo-

Ðhshcsoftmax (73), h opoÐa parˆgei ènan qˆrth pijanot twn gia kˆ�e klˆsh . H klˆsh me

thn uyhlìterh pijanìthta gia kˆ�e eikonostoiqeÐo epilègetai wc telik  prìbleyh .

SunoyÐzontac, ta CNN kai ta FCN eÐnai isqurèc arqitektonikèc pou èqoun sqediasteÐ

eidikˆ gia thn epexergasÐa dedomènwn pou èqoun topologÐa pou moiˆzei me plègma, ìpwc

eikìnec, �Ðnteo kai hqhtikˆ s mata. Ta CNN apoteloÔntai apì pollaplˆ epÐpeda, ìpou

kˆje epÐpedo efarmìzei èna sÔnolo �Ðltrwn sta dedomèna eisìdou kai parˆgei ènan qˆrth

qarakthristik¸n wc èxodo. Ta �Ðltra majaÐnontai katˆ th diˆrkeia thc ekpaÐdeushc kai

eÐnai sqediasmèna gia thn autìmath exagwg  ousiastik¸n qarakthristik¸n apì ta dedomèna

eisìdou. Ta FCN eÐnai mia epèktash twn CNN kai èqoun sqediasteÐ gia na epexergˆzontai

dedomèna opoioud pote megèjouc antikajist¸ntac ta pl rwc sundedemèna str¸mata me

suneliktikˆ str¸mata, gegonìc pou epitrèpei sto dÐktuo na diathreÐ stajerì arijmì para-

mètrwn en¸ epexergˆzetai dedomèna opoioud pote megèjouc. Autèc oi arqitektonikèc èqoun
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Sq ma 3.4: H arqitektonik  twn pl rwc suneliktik¸n diktÔwn gia shmasiologik  tmhmato-
poÐhsh mazÐ me tic suneliktikèc kai aposugkentrwtikèc sunist¸sec (4).

epitÔqei korufaÐec epidìseic se èna eurÔ �ˆsma ergasi¸n, ìpwc h taxinìmhsh eikìnwn, h

anÐqneush antikeimènwn kai h shmasiologik  katˆtmhsh.

3.3 Recurrent Neural Networks

Ta epanalambanìmena neurwnikˆ dÐktua (RNN) eÐnai ènac tÔpoc teqnhtoÔ neurwnikoÔ

diktÔou pou mporeÐ na epexergˆzetai diadoqikˆ dedomèna diathr¸ntac plhroforÐec apì

prohgoÔmenec eisìdouc. 'Eqoun efarmosteÐ me epituqÐa se diˆforouc tomeÐc ìpwc h epe-

xergasÐa �usik c gl¸ssac, h anagn¸rish omilÐac kai h prìbleyh qronoseir¸n.

Se uyhlì epÐpedo , èna RNN epexe�gˆ
etai mia akolou�Ða eisìdwn x = x1 ; x2 ; : : : ; xT

kai pa�ˆgei mia akolou�Ða exìdwn y = y1 ; y2 ; : : : ; yT . H �asik  idèa enìc RNN eÐnai na

q�hsimopoieÐ èna diˆnusma k�u� c katˆstashc ht gia na sullˆ�ei plh�o�o�Ðec apì tic

p�ohgoÔmenec eisìdouc sthn akolou�Ða kai na q�hsimopoi sei aut  thn k�u�  katˆstash

gia na upologÐsei thn epìmenh èxodo sthn akolou�Ða . H k�u�  katˆstash enhme�¸netai se

kˆ�e q�onikì � ma me �ˆsh thn t�èqousa eÐsodo kai thn p�ohgoÔmenh k�u�  katˆstash :

ht = f (xt; ht � 1) (3.1)

ìpou f eÐnai mia mh grammik  sunˆrthsh pou antistoiqÐzei thn eÐsodo kai thn prohgo-

Ômenh kruf  katˆstash se mia nèa kruf  katˆstash. H èxodoc se kˆje qronikì � ma

upologÐzetai sth sunèqeia wc sunˆrthsh thc trèqousac kruf c katˆstashc :

yt = g(ht ) (3.2)

ìpou g eÐnai mia mh grammik  sunˆrthsh pou antistoiqÐzei thn kruf  katˆstash sthn

èxodo.

'Ena apì ta �asikˆ pleonekt mata twn RNN eÐnai h ikanìthtˆ touc na qeirÐzontai ako-

loujÐec eisìdou aujaÐretou m kouc , kaj¸c h kruf  katˆstash sullambˆnei plhroforÐec
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apì ìlec tic prohgoÔmenec eisìdouc thc akoloujÐac . Wstìso , mia shmantik  prìklhsh

sthn ekpaÐdeush twn RNNs eÐnai to prìblhma thc exafˆnishc   thc ekrhktik c klÐshc

(gradient descent), to opoÐo emfanÐzetai ìtan oi klÐseic pou qrhsimopoioÔntai gia thn e-

nhmèrwsh twn paramètrwn tou diktÔou gÐnontai polÔ mikrèc   polÔ megˆlec , kajist¸ntac

dÔskolh thn ekmˆjhsh makroprìjesmwn exart sewn .

Gia thn antimet¸pish autoÔ tou probl matoc, èqoun protajeÐ diˆforec parallagèc twn

RNNs, sumperilambanomènwn twn arqitektonik¸n Long Short•Term Memory (LSTM) kai

Gated Recurrent Unit (GRU) (5), oi opoÐec qrhsimopoioÔn exeidikeumènouc mhqanismoÔc

pÔrwshc gia ton èlegqo thc �o c twn plhrofori¸n entìc tou diktÔou.

Ta dÐktua LSTM apoteloÔntai apì kÔtta�a mn mhc pou mpo�oÔn na apo�hkeÔoun kai

na anaktoÔn plh�o�o�Ðec gia megˆlec q�onikèc pe�iìdouc . Se kˆ�e q�onikì � ma , ta

Sq 'hma 3.5: Diˆg�amma miac Monˆdac Mak�ˆc B�aqup�ì�esmhc Mn mhc (LSTM) (5).

pe�ieqìmena tou kuttˆ�ou enhme�¸nontai me �ˆsh thn t�èqousa eÐsodo , thn p�ohgoÔmenh

k�u�  katˆstash kai èna sÔnolo dianusmˆtwn pÔlhc pou elègqoun th �o  twn plh�o�o�i¸n

mèsa kai èxw apì to kÔtta�o :

i t = � (Wxi xt + Whi ht � 1 + bi ) (3.3)

f t = � (Wxf xt + Whf ht � 1 + bf ) (3.4)

ot = � (Wxoxt + Whoht � 1 + bo) (3.5)

c̃t = tanh (Wxcxt + Whcht � 1 + bc) (3.6)

ct = f t � ct � 1 + i t � c̃t (3.7)

ìpou � eÐnai h sigmoeid c sunˆrthsh (73), tanh eÐnai h sunˆrthsh uperbolik c efapto-

mènhc kai i t , f t kai ot eÐnai oi pÔlec eisìdou , l �hc kai exìdou , antÐstoiqa.

Ta dÐktua GRU eÐnai pa�ìmoia me ta LSTM, allˆ q�hsimopoioÔn mik�ìte�o a�i�mì

dianusmˆtwn elègqou gia ton èlegqo thc �o c twn plh�o�o�i¸n entìc tou diktÔou . Se kˆ�e

q�onikì � ma , to dÐktuo upologÐ
ei èna sÔnolo pul¸n enhmè�wshc kai epana�o�ˆc , oi

opoÐec ka�o�Ð
oun pìso apì thn p�ohgoÔmenh k�u�  katˆstash kai thn t�èqousa eÐsodo

q�hsimopoioÔntai gia ton upologismì thc nèac k�u� c katˆstashc .

zt = � (Wxzxt + Whz ht � 1 + bz) (3.8)

r t = � (Wxr xt + Whr ht � 1 + br ) (3.9)

44 Diplwmatik  ErgasÐa



3.4 Atrous Convolution

Sq 'hma 3.6: Diˆg�amma miac monˆdac Gated Recurrent Unit (GRU) (5).

h̃t = tanh (Wxh xt + Whr (r t � ht � 1) + bh ) (3.10)

ht = (1 � zt ) � ht � 1 + zt � h̃t (3.11)

H èxodoc se kˆ�e q�onikì � ma upologÐ
etai sth sunèqeia me �ˆsh thn t�èqousa k�u� 

katˆstash :

yt = g(ht )

ìpou g eÐnai mia mh g�ammik  sunˆ�thsh . Sunolikˆ , h a�qitektonik  RNN eÐnai èna isqu�ì

e�galeÐo gia thn epexe�gasÐa diadoqik¸n dedomènwn , me thn ikanìthta na sullam�ˆnei

mak�oq�ìniec exa�t seic kai na qei�Ð
etai akolou�Ðec eisìdou au�aÐ�etou m kouc . Oi

pa�allagèc LSTM kai GRU twn RNN èqoun deÐxei idiaÐte�a uposqìmena apotelèsmata se

diˆ�o�ec e�a�mogèc kai èqoun gÐnei h sun �hc epilog  gia pollèc e�gasÐec epexe�gasÐac

akolou�i¸n . Se ìrouc majhmatik¸n sunart sewn, h �asik  arqitektonik  RNN mporeÐ na

diatupwjeÐ wc ex c :

ht = f (xt ; ht � 1) = tanh (Wxh xt + Whh ht � 1 + bh ) yt = g(ht ) (3.12)

ìpou Wxh , Whh , kai bh eÐnai o pÐnakac �ar¸n kai to diˆnusma prokatˆlhyhc gia

ton upologismì thc kruf c katˆstashc, f eÐnai h sunˆrthsh metˆbashc, kai g eÐnai h

sunˆrthsh exìdou.

3.4 Atrous Convolution

To atrous convolution (6), epÐshc gnwstì wc dilated convolution, eÐnai mia teqnik  pou

qrhsimopoieÐtai gia thn aÔxhsh tou dektikoÔ pedÐou enìc neurwnikoÔ diktÔou me suneli-

ktikì sÔsthma (CNN) qwrÐc aÔxhsh tou arijmoÔ twn paramètrwn . To atrous convolution

epitugqˆnetai me thn eisagwg  ken¸n metaxÔ twn stoiqeÐwn tou pur na sunèlixhc , gegonìc

pou epitrèpei ston pur na na kalÔptei megalÔterh perioq  tou qˆrth qarakthristik¸n

eisìdou , diathr¸ntac stajerì ton arijmì twn paramètrwn .

Sthn paradosiak  sunèlixh , o pur nac sunèlixhc efarmìzetai ston qˆrth qarakth-

�istik¸n eisìdou me olÐsjhsh pˆnw ston qˆrth qarakthristik¸n kai upologismì tou dot

product metaxÔ tou pur na kai thc epikaluptìmenhc perioq c tou qˆrth qarakthristik¸n .

Aut  h diadikasÐa èqei wc apotèlesma th meÐwsh thc qwrik c anˆlushc tou qˆrth qara-
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kthristik¸n . Sto atrous convolution, o pur nac efarmìzetai ston qˆrth qarakthristik¸n

eisìdou eisˆgontac kenˆ metaxÔ twn stoiqeÐwn tou pur na , gegonìc pou auxˆnei to mègejoc

tou dektikoÔ pedÐou qwrÐc na mei¸netai h qwrik  anˆlush tou qˆrth qarakthristik¸n .

Sq ma 3.7: ParadeÐgmata mhqanism¸n atrous convolution me diaforetikoÔc �ujmoÔc diasto-
l c, sta opoÐa ta kìkkina tetrˆgwna antiproswpeÔoun tic �èseic twn paramètrwn tou pur na
(6).

To mègejoc twn ken¸n , gnwstì kai wc �ujmìc diastol c , mporeÐ na �ujmisteÐ gia ton

èlegqo tou megèjouc tou dektikoÔ pedÐou . 'Enac �ujmìc diastol c 1 antistoiqeÐ se pa-

�adosiak  sunèlixh , en¸ ènac �ujmìc diastol c megalÔteroc apì 1 antistoiqeÐ se atrous

convolution. 'Oso megalÔteroc eÐnai o �ujmìc diastol c , tìso megalÔtero eÐnai to dektikì

pedÐo kai tìso mikrìteroc o arijmìc twn paramètrwn . Autì epitrèpei th sÔllhyh mega-

lÔterou plaisÐou apì ton pur na sunèlixhc , gegonìc pou mporeÐ na eÐnai epwfelèc gia

efarmogèc ìpwc h katˆtmhsh eikìnwn kai h anÐqneush antikeimènwn ìpou to plaÐsio eÐnai

shmantikì .

Sq ma 3.8: Autì to sq ma apeikonÐ
ei thn ènnoia tou mhqanismoÔ atrous convolution se èna
monodiˆstato pe�i�ˆllon . Sto (a), ènac qˆ�thc qa�akth�istik¸n eisìdou qamhl c anˆlushc
upo�ˆlletai se tupik  sunèlixh gia thn exagwg  a�ai¸n qa�akth�istik¸n . Sto (� ), ènac
qˆ�thc qa�akth�istik¸n eisìdou uyhl c anˆlushc upo�ˆlletai se atrous convolution me
�u�mì r=2 gia na katasteÐ dunat  h exagwg  pukn¸n qa�akth�istik¸n (7).

To atrous convolution mporeÐ na ulopoihjeÐ me diaforetikoÔc t�ìpouc , anˆloga me th

sugkekrimènh ergasÐa kai thn eidik  arqitektonik  tou CNN. 'Enac apì touc pio sunhji-
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smènouc t�ìpouc ulopoÐhshc tou atrous convolution eÐnai h q� sh tou str¸matoc atrous

convolutional layer, to opoÐo eÐnai mia parallag  tou paradosiakoÔ str¸matoc convo•

lutional layer pou èqei th dunatìthta na �ujmÐzei to �ujmì diastol c . To st�¸ma atrous

convolutional layer mporeÐ na ulopoihjeÐ me th q� sh tupopoihmènwn �ibliojhk¸n CNN,

ìpwc h TensorFlow (74) kai h PyTorch (75), kai mporeÐ na qrhsimopoihjeÐ sth �èsh twn

paradosiak¸n strwmˆtwn sunèlixhc se mia arqitektonik  CNN. 'Enac ˆlloc t�ìpoc ulopo-

Ðhshc thc atrous convolution eÐnai h q� sh thc enìthtac atrous spatial pyramid pooling

(ASPP) (7). H enìthta ASPP eÐnai mia teqnik  pou sunduˆzei pollaplˆ str¸mata atrous

convolutional layers me diaforetikoÔc �ujmoÔc diastol c gia na sullˆbei diaforetikèc

klÐmakec plaisÐou ston qˆrth qarakthristik¸n eisìdou . O mhqanismìc ASPP mporeÐ na

qrhsimopoihjeÐ sto tm ma kwdikopoiht  miac arqitektonik c CNN gia na aux sei to pe-

�ieqìmeno pou sullambˆnei to CNN kai na �elti¸sei thn apìdos  tou se ergasÐec ìpwc h

katˆtmhsh eikìnwn .

Sq ma 3.9: To ASPP,suntomografÐa tou Atrous Spatial Pyramid Pooling, qrhsimopoieÐ diˆfo-
�a parˆllhla �Ðltra me diaforetikoÔc �ujmoÔc gia thn taxinìmhsh tou kentrikoÔ eikonostoi-
qeÐou(pou �aÐnetai me portokalÐ q�¸ma ), ekmetalleuìmeno ta qarakthristikˆ pollapl¸n
klimˆkwn (multi•scale features). Ta diaforetikˆ qr¸mata katadeiknÔoun èna apotelesmati-
kì Field•Of•Views (7).

Epiplèon , h sunèlixh Atrous mporeÐ na sunduasteÐ me ˆllec teqnikèc , ìpwc h anÔywsh

(upsampling) kai h sunènwsh (concatenation), gia na dhmiourghjeÐ èna apotelesmatikì

dÐktuo gia shmasiologik  katˆtmhsh kai katˆtmhsh paradeigmˆtwn , autì gÐnetai me th

q� sh thc sunèlixhc Atrous sto tm ma kwdikopoiht  tou diktÔou , akoloujoÔmenh apì

epÐpeda anÔywshc kai sunènwshc sto tm ma apokwdikopoiht  tou diktÔou . Aut  h pro-

sèggish eÐnai gnwst  wc Atrous spatial pyramid pooling (ASPP) kai qrhsimopoieÐtai eurèwc

se arqitektonikèc teleutaÐac teqnologÐac , ìpwc to DeepLabV3 (76) kai to DeepLabV3+

(10).

3.5 MhqanismoÐ Attention

O mhqanismìc attention eÐnai mia teqnik  pou qrhsimopoieÐtai sta neurwnikˆ dÐktua

gia thn epilektik  estÐash se orismèna tm mata twn dedomènwn eisìdou. Epitrèpei sto

montèlo na stajmÐzei th shmasÐa twn diafìrwn stoiqeÐwn twn dedomènwn eisìdou kai na

parˆgei èna stajmismèno ˆjroisma twn dedomènwn eisìdou, to opoÐo qrhsimopoieÐtai wc
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eÐsodoc gia to epìmeno epÐpedo. Oi mhqanismoÐattention èqoun qrhsimopoihjeÐ eurèwc se

poikÐlec ergasÐec, ìpwc h epexergasÐa �usik c gl¸ssac, h dhmiourgÐa lezˆntac eikìnac

kai h anagn¸rish omilÐac.

Upˆrqoun diˆforoi tÔpoi mhqanism¸n attention , o kajènac me ta dikˆ tou qarakth-

�istikˆ kai pleonekt mata. MÐa apì tic �asikìterec morfèc prosoq c eÐnai h additive

attention , gnwst  kai wc Bahdanau attention , h opoÐa parousiˆsthke sthn dhmosÐeush

"Neural Machine Translation by Jointly Learning to Align and Translate" (77) twn Bahda•

nau et al. to 2014. H additive attention qrhsimopoieÐtai gia ton upologismì twn �ar¸n

attention metaxÔ twn stoiqeÐwn thc akoloujÐac eisìdou qrhsimopoi¸ntac ènan sunduasmì

twn tim¸n twn stoiqeÐwn eisìdou kai enìc sunìlou majhsiak¸n paramètrwn pou onomˆzontai

attention weights . Ta attention �ˆrh upologÐzontai me th qr sh enìc neurwnikoÔ diktÔou

trofodìthshc proc ta emprìc kai qrhsimopoioÔntai gia th dhmiourgÐa enìc stajmismènou

ajroÐsmatoc twn stoiqeÐwn eisìdou, to opoÐo sth sunèqeia qrhsimopoieÐtai wc eÐsodoc gia

to epìmeno epÐpedo. O mhqanismìc Bahdanau attention eÐnai mia dhmofil c prosèggish

sth �ajiˆ mˆjhsh gia ergasÐec akoloujÐac proc akoloujÐa, ìpwc h mhqanik  metˆfrash.

O tÔpoc gia ton upologismì twn �ar¸n Bahdanau attention eÐnai o ex c :

a t = softmax (vT
a � tanh (Wa � h t + Ua St � 1 + ba )) (3.13)

ct =
TX

i=1

a t;i � h i (3.14)

ìpou :

ˆ ht eÐnai ht -ost  kruf  katˆstash tou kwdikopoiht  (encoder)

ˆ st � 1 eÐnai h prohgoÔmenh kruf  katˆstash tou apokwdikopoiht  (decoder)

ˆ Wa , Ua , va kai ba eÐnai majhsiakèc parˆmetroi tou mhqanismoÔ attention .

ˆ � t eÐnai èna diˆnusma �ar¸n prosoq c epÐ twn kruf¸n katastˆsewn tou kwdikopoih-

t , to opoÐo upologÐzetai qrhsimopoi¸ntac mia sunˆrthsh softmax pou efarmìzetai

se èna sunduasmì thc trèqousac kruf c katˆstashc tou apokwdikopoiht  st � 1 kai

kˆje kruf c katˆstashc tou kwdikopoiht  hi .

ˆ ct eÐnai to diˆnusma plaisÐou sto qronikì � ma t , to opoÐo eÐnai èna stajmismèno

ˆjroisma twn kruf¸n katastˆsewn tou kwdikopoiht  me �ˆsh ta �ˆrh prosoq c � t

Mia ˆllh morf  prosoq c eÐnai h dot•product attention , epÐshc gnwst  wc Scaled Dot•

Product Attention , h opoÐa parousiˆsthke sthn ergasÐa "Attention Is All You Need" (8) twn

Vaswani et al. to 2017. Autìc o mhqanismìc attention upologÐzei ta �ˆrh lambˆnontac

to ginìmeno metaxÔ twn stoiqeÐwn eisìdou kai twn �ar¸n kai sth sunèqeia klimak¸nei to

ginìmeno me thn tetragwnik  �Ðza thc diˆstashc twn stoiqeÐwn eisìdou. Autìc o mhqanismìc

prosoq c eÐnai upologistikˆ pio apodotikìc apì ton mhqanismì additive attention kai

qrhsimopoieÐtai se transformer montèla (8). Dedomènou enìc sunìlou erwthmˆtwn Q 2

Rn � dk , kleidi¸n K 2 Rm � dk kai tim¸n V 2 Rm � dv , o mhqanismìc prosoq c upologÐzei èna
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Sq ma 3.10: Scaled Dot•Product Attention (8) .

sÔnolo apotelesmˆtwn prosoq c a (i; j ) metaxÔ kˆje erwt matoc Q(i ) kai kleidioÔ K (j) wc

ex c :

a (i; j ) =
Q(i ) � K (j)

p
dk

(3.15)

ìpou � sumbolÐzei thn prˆxh tou ginomènou, dk eÐnai h diastatikìthta twn kleidi¸n kai
p

dk eÐnai ènac parˆgontac klimˆkwshc pou exasfalÐzei ìti ta ginomèna teleÐac den eÐnai

polÔ megˆla. Oi �ajmologÐec prosoq c kanonikopoioÔntai sth sunèqeia me th qr sh miac

sunˆrthshc softmax, h opoÐa odhgeÐ se èna sÔnolo �ar¸n w (i; j ) pou ajroÐzoun sto 1:

w (i; j ) = softmax (a (i; j )) (3.16)

To stajmismèno ˆjroisma twn tim¸n V upologÐzetai sth sunèqeia qrhsimopoi¸ntac ta �ˆrh

prosoq c wc ex c :

output (i ) =
X

j

w (i; j ) � V (j) (3.17)

ìpou to ˆjroisma lambˆnetai se ìla ta kleidiˆ j . O mhqanismìc prosoq c me klimakwtì

tetragwnikì ginìmeno mporeÐ na ulopoihjeÐ qrhsimopoi¸ntac prˆxeic pollaplasiasmoÔ

pinˆkwn, ìpou ta erwt mata, ta kleidiˆ kai oi timèc anaparÐstantai wc pÐnakec Q, K kai V ,

antÐstoiqa, kai oi �ajmologÐec kai ta �ˆrh prosoq c upologÐzontai qrhsimopoi¸ntac tic

sunart seic tetragwnikoÔ ginomènou kai softmax pou efarmìzontai se autoÔc touc pÐnakec.

Sugkekrimèna, oi �ajmologÐec prosoq c upologÐzontai wc ex c :

A =
Q � K T

p
dk

(3.18)

ìpou T sumbolÐzei thn prˆxh metatìpishc kai ta �ˆrh upologÐzontai me th sunˆrthsh

softmax pou efarmìzetai stic grammèc tou A. Sth sunèqeia, to stajmismèno ˆjroisma twn
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tim¸n upologÐzetai me pollaplasiasmì pinˆkwn :

output = softmax (A) � V (3.19)

ìpou h sunˆrthsh softmax efarmìzetai stic grammèc tou A kai o pollaplasiasmìc tou

pÐnaka pragmatopoieÐtai metaxÔ twn �ar¸n pou prokÔptoun kai tou pÐnaka tim¸n V.

Mia ˆllh morf  mhqanismoÔ attention eÐnai hmulti•head attention , h opoÐa qrhsimo-

poieÐtai gia ton upologismì pollapl¸n �ar¸n attention gia ta stoiqeÐa eisìdou qrhsimo-

poi¸ntac pollaplˆ sÔnola �ar¸n attention . O mhqanismìc multi•head attention epitrèpei

sto montèlo na parakoloujeÐ diaforetikˆ mèrh twn dedomènwn eisìdou se diaforetikèc

�èseic, gegonìc pou mporeÐ na eÐnai epwfelèc gia ergasÐec ìpwc h epexergasÐa �usik c

gl¸ssac, ìpou h seirˆ twn stoiqeÐwn sta dedomèna eisìdou eÐnai shmantik . O multi•head

attention qrhsimopoieÐtai epÐshc se montèla transformer , ìpou qrhsimopoieÐtai gia ton

upologismì self•attention metaxÔ twn stoiqeÐwn thc akoloujÐac eisìdou. Dedomènwn twn

pinˆkwn Q, K kai V , me touc antÐstoiqouc pÐnakec �ar¸n Wq, Wk kai Wv , mporoÔme na

orÐsoume thn prosoq  pollapl¸n kefal¸n me H kefalèc prosoq c wc ex c :

MultiHead (Q; K; V ) = Concat (head 1 ; head 2 ; :::; head H )Wo (3.20)

ìpou to kˆje head orÐzetai wc :

head i = Attention (QWq; i; KW k;i ; VWv;i ) (3.21)

and Attention ic defined as:

Attention (Q; K; V ) = softmax (
QK T

p
dk

)V (3.22)

ìpou dk eÐnai h diastatikìthta twn dianusmˆtwn kleidi¸n kai to softmax efarmìzetai

anˆ seirˆ.

Stic parapˆnw exis¸seic , Concat dhl¸nei th sunènwsh katˆ m koc thc diˆstashc twn

qarakthristik¸n , kai Wo eÐnai ènac majhsiakìc pÐnakac �ar¸n pou efarmìzetai sth su-

nènwsh thc exìdou . Oi pÐnakec Q, K kai V mporoÔn na �ewrhjoÔn wc ta erwt mata ,

ta kleidiˆ kai oi timèc , antÐstoiqa, tou mhqanismoÔ prosoq c , kai oi Wq, Wk kai Wv e-

Ðnai pÐnakec �ˆ�ouc pou touc probˆlloun se ènan koinì q¸�o . O mhqanismìc prosoq c

pollapl¸n kefal¸n epitrèpei sto montèlo na parakoloujeÐ tautìqrona diaforetikˆ mè�h

thc eisìdou , �elti¸nontac thn ikanìthtˆ tou na sullambˆnei sÔnjeta motÐba sta dedomèna .

Ektìc apì autoÔc touc tÔpouc prosoq c , upˆrqoun kai ˆllec parallagèc , ìpwc o mhqani-

smìc sparse attention, o opoÐoc èqei sqediasteÐ gia na estiˆzei se èna uposÔnolo stoiqeÐwn

sta dedomèna eisìdou , kai o mhqanismìc axial attention, o opoÐoc èqei sqediasteÐ gia na

estiˆzei se sugkekrimènec perioqèc sta dedomèna eisìdou . Autèc oi parallagèc kai ˆllec

anaptÔqjhkan gia na �elti¸soun thn apìdosh tou mhqanismoÔ prosoq c gia thn epÐlush

pio sugkekrimènwn ergasi¸n .

Oi mhqanismoÐ prosoq c èqoun apodeiqjeÐ apotelesmatikoÐ se èna eurÔ �ˆsma ergasi-

¸n , ìpwc h epexergasÐa �usik c gl¸ssac , h dhmiourgÐa lezˆntac eikìnac kai h anagn¸rish
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Sq 'hma 3.11: O mhqanismìc Multi•Head Attention apoteleÐtai apì diˆ�o�a epÐpeda attention
pou leitou�goÔn pa�ˆllhla (8).

omilÐac. 'Eqoun qrhsimopoihjeÐ gia th �eltÐwsh thc apìdoshc diafìrwn arqitektonik¸n

neurwnik¸n diktÔwn , ìpwc ta epanalambanìmena neurwnikˆ dÐktua (RNN) kai ta sunelikti-

kˆ neurwnikˆ dÐktua (CNN). Oi mhqanismoÐ prosoq c anamènetai na suneqÐsoun na odhgoÔn

tic exelÐxeic ston tomèa thc mhqanik c mˆjhshc kai thc teqnht c nohmosÔnhc . Mia ˆllh

shmantik  ptuq  twn mhqanism¸n prosoq c eÐnai h ermhneusimìthta . Oi mhqanismoÐ pro-

soq c mporoÔn na apeikonistoÔn wc qˆrtec �ermìthtac , oi opoÐoi deÐqnoun tic perioqèc twn

dedomènwn eisìdou stic opoÐec estiˆzei to montèlo . AutoÐ oi qˆrtec �ermìthtac mporoÔn

na qrhsimopoihjoÔn gia na katanohjeÐ p¸c to montèlo lambˆnei tic apofˆseic tou kai na

entopistoÔn tuqìn pijanˆ sfˆlmata . Autì to qarakthristikì ermhneusimìthtac kajistˆ

ton mhqanismì prosoq c èna isqurì ergaleÐo gia thn aposfalmˆtwsh kai thn anˆlush

neurwnik¸n diktÔwn .

Sunep¸c , oi mhqanismoÐ p�osoq c eÐnai mia teqnik  pou q�hsimopoieÐtai sta neu�wnikˆ

dÐktua gia thn epilektik  estÐash se o�ismèna tm mata twn dedomènwn eisìdou . Epit�èpoun

sto montèlo na sta�mÐ
ei th shmasÐa twn dia�ì�wn stoiqeÐwn twn dedomènwn eisìdou kai na

pa�ˆgei èna sta�mismèno ˆ��oisma twn dedomènwn eisìdou , to opoÐo q�hsimopoieÐtai wc

eÐsodoc gia to epìmeno epÐpedo. Upˆ�qoun diˆ�o�oi tÔpoi mhqanism¸n p�osoq c , ìpwc

o additive attention, o dot•attention kai o multi•head attention. 'Eqoun q�hsimopoih�eÐ

eu�èwc se diˆ�o�ec e�gasÐec , ìpwc h epexe�gasÐa �usik c gl¸ssac , h dhmiou�gÐa le
ˆntac

eikìnac kai h anagn¸�ish omilÐac , kai anamènetai na suneqÐsoun na odhgoÔn tic exelÐxeic

ston tomèa thc mhqanik c mˆ�hshc kai thc teqnht c nohmosÔnhc .

3.6 Transformers

Oi transformers eÐnai ènac tÔpoc arqitektonik c neurwnik¸n diktÔwn pou èqei sqedia-

steÐ eidikˆ gia ergasÐec epexergasÐac �usik¸n glwss¸n , ìpwc h glwssik  metˆfrash , h

sÔnoyh keimènou kai h apˆnthsh erwt sewn . H arqitektonik  �asÐzetai sto montèlo tou

transformer, to opoÐo parousiˆsthke sthn ergasÐa "Attention Is All You Need" (8) twn Va•

swani kai sun . to 2017. To montèlo transformer apoteleÐtai apì ènan kwdikopoiht  kai
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ènan apokwdikopoiht  , ìpou o kwdikopoiht c qrhsimopoieÐtai gia thn kwdikopoÐhsh thc

akoloujÐac eisìdou kai o apokwdikopoiht c gia th dhmiourgÐa thc akoloujÐac exìdou .

Tìso o kwdikopoiht c ìso kai o apokwdikopoiht c apoteloÔntai apì mia stoÐba panomoi-

ìtupwn strwmˆtwn , kajèna apì ta opoÐa apoteleÐtai apì dÔo epimèrouc str¸mata : ènan

mhqanismì multi•head self•attention kai èna pl �wc sundedemèno katˆ �èsh dÐktuo tro-

�odìthshc p�oc ta emprìc (position•wise fully connected feed•forward network.). O mh-

qanismìc multi•head self•attention eÐnai to �asikì stoiqeÐo tou montèlou transformer kai

qrhsimopoieÐtai gia ton upologismì twn �ar¸n prosoq c (attention weights) metaxÔ twn

stoiqeÐwn thc akoloujÐac eisìdou . Ta �ˆ�h prosoq c upologÐzontai qrhsimopoi¸ntac ènan

sunduasmì twn �èsewn twn stoiqeÐwn eisìdou , twn tim¸n touc kai enìc sunìlou majhsiak¸n

paramètrwn pou onomˆzontai �ˆ�h prosoq c . Ta �ˆ�h prosoq c qrhsimopoioÔntai gia th

stˆjmish thc shmasÐac kˆ�e stoiqeÐou thc akoloujÐac eisìdou kai qrhsimopoioÔntai gia th

dhmiourgÐa enìc stajmismènou ajroÐsmatoc twn stoiqeÐwn eisìdou , to opoÐo sth sunèqeia

qrhsimopoieÐtai wc eÐsodoc gia to epìmeno epÐpedo. To pl �wc sundedemèno dÐktuo trofo-

dìthshc p�oc ta emprìc me �ˆsh th �èsh qrhsimopoieÐtai gia thn peraitèrw epexergasÐa

thc exìdou tou mhqanismoÔ multi•head self•attention kai apoteleÐtai apì dÔo grammiko-

Ôc metasqhmatismoÔc me mia sunˆrthsh energopoÐhshc ReLU (73) endiˆmesa . To dÐktuo

feed•forward (78) epitrèpei sto montèlo na aux sei th qwrhtikìthtˆ tou kai na mˆ�ei pio

sÔnjetec anaparastˆseic twn dedomènwn eisìdou . To montèlo tou transformer qrhsimopoieÐ

epÐshc mia teqnik  pou onomˆzetai kwdikopoÐhsh �èshc (positional encoding) (79), h opo-

Ða qrhsimopoieÐtai gia thn enswmˆtwsh thc �èshc kˆ�e stoiqeÐou sthn akoloujÐa eisìdou

sto montèlo . H kwdikopoÐhsh �èshc prostÐjetai stic enswmat¸seic eisìdou kai qrhsimo-

poieÐtai gia na parèqei sto montèlo mia aÐsjhsh thc sqetik c �èshc twn stoiqeÐwn sthn

akoloujÐa eisìdou . Autì epitrèpei sto montèlo na katano sei th seirˆ twn stoiqeÐwn sthn

akoloujÐa eisìdou , h opoÐa eÐnai 
wtik c shmasÐac gia tic ergasÐec epexergasÐac �usik c

gl¸ssac . 'Ena apì ta kÔ�ia pleonekt mata tou montèlou transformer eÐnai h ikanìthtˆ tou

na qeirÐzetai akoloujÐec eisìdou metablhtoÔ m kouc . Autì epitugqˆnetai me ton mhqanismì

autoprosoq c (self•attention), o opoÐoc epitrèpei sto montèlo na parakoloujeÐ diaforetikˆ

tm mata thc akoloujÐac eisìdou se diaforetikèc �èseic katˆ th diadikasÐa kwdikopoÐhshc .

Epiplèon , o mhqanismìc autoprosoq c mporeÐ na parallhlisteÐ , gegonìc pou epitrèpei ta-

qÔtero upologismì kai ekpaÐdeush . 'Ena ˆllo pleonèkthma tou montèlou transformer eÐnai

h ikanìthtˆ tou na parˆgei akoloujÐec exìdou metablhtoÔ m kouc . Autì epitugqˆnetai apì

ton apokwdikopoiht  , o opoÐoc qrhsimopoieÐ thn kwdikopoihmènh akoloujÐa eisìdou kai

ton mhqanismì prosoq c gia na parˆgei thn akoloujÐa exìdou . To montèlo transformer

apoteleÐ mia isqur  arqitektonik  neurwnikoÔ diktÔou pou èqei sqediasteÐ eidikˆ gia er-

gasÐec epexergasÐac �usik c gl¸ssac . H ikanìthta tou montèlou na qeirÐzetai akoloujÐec

eisìdou metablhtoÔ m kouc , h ikanìthtˆ tou na parallhlÐzei ton upologismì tou mhqani-

smoÔ autoprosoq c kai h q� sh thc kwdikopoÐhshc �èshc eÐnai merikoÐ apì touc lìgouc

gia touc opoÐouc eÐnai tìso epituqhmèno . To montèlo transformer èqei epitÔqei shmantikèc

epidìseic se èna eurÔ �ˆsma ergasi¸n epexergasÐac �usik c gl¸ssac kai anamènetai na

suneqÐsei na odhgeÐ tic exelÐxeic ston tomèa thc epexergasÐac �usik c gl¸ssac .
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Sq ma 3.12:
Transformer model me positional encoding (8).

3.7 Encoder•Decoder

O kwdikopoiht c •apokwdikopoiht c (encoder•decoder) (9) eÐnai mia arqitektonik  �a-

�iˆc mˆjhshc pou qrhsimopoieÐtai sun jwc sthn ìrash upologist¸n gia diˆforec ergasÐec

epexergasÐac eikìnac , ìpwc h katˆtmhsh eikìnac , h anÐqneush antikeimènwn kai h taxi-

nìmhsh eikìnwn . H arqitektonik  Encoder•Decoder apoteleÐtai apì dÔo mè�h : èna dÐktuo

kwdikopoiht  pou exˆgei sqetikˆ qarakthristikˆ apì thn eikìna eisìdou kai èna dÐktuo

apokwdikopoiht  pou parˆgei thn prìbleyh exìdou .

To dÐktuo kwdikopoiht  eÐnai sun jwc èna �ajÔ suneliktikì neurwnikì dÐktuo (CNN)

pou eÐnai upeÔjuno gia thn exagwg  qarakthristik¸n uyhloÔ epipèdou apì thn eikìna

eisìdou . H eikìna eisìdou pernˆei apì diˆfora epÐpeda suneliktikoÔ diktÔou , ìpou kˆ�e

epÐpedo efarmìzei èna sÔnolo majhsiak¸n �Ðltrwn sthn eÐsodo gia thn exagwg  sqetik¸n

qarakthristik¸n . H èxodoc kˆ�e str¸matoc pernˆ sth sunèqeia apì mia sunˆrthsh ener-

gopoÐhshc ìpwc h ReLU (Recti�ed Linear Unit) gia thn eisagwg  mh grammikìthtac sto

dÐktuo. H èxodoc tou teleutaÐou str¸matoc tou diktÔou kwdikopoiht  eÐnai mia sumpie-

smènh anaparˆstash thc eikìnac eisìdou pou diathreÐ tic pio sqetikèc plhroforÐec gia tic

epìmenec ergasÐec.
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To dÐktuo apokwdikopoiht  , apì thn ˆllh pleurˆ , eÐnai upeÔjuno gia th dhmiourgÐa

thc prìbleyhc exìdou me �ˆsh ta qarakthristikˆ pou exˆgontai apì to dÐktuo kwdiko-

poiht  . To dÐktuo apokwdikopoiht  apoteleÐtai sun jwc apì mia seirˆ aposumbolik¸n

strwmˆtwn , ta opoÐa eÐnai epÐshc gnwstˆ wc metatopismèna sumbolikˆ str¸mata   str¸ma-

ta anodik c sumbol c . Autˆ ta str¸mata ekteloÔn thn antÐstrofh leitourgÐa twn sune-

liktik¸n strwmˆtwn , ìpou epekteÐnoun ton qˆrth qarakthristik¸n auxˆnontac tic qwrikèc

tou diastˆseic . To dÐktuo apokwdikopoiht  qrhsimopoieÐ epÐshc sundèseic parˆkamyhc ,

oi opoÐec epitrèpoun sto dÐktuo apokwdikopoiht  na èqei prìsbash sta qarakthristikˆ

qamhlìterou epipèdou pou exˆgontai apì to dÐktuo kwdikopoiht  . Oi sundèseic parˆlei-

yhc ulopoioÔntai sun jwc me th sunènwsh twn qart¸n qarakthristik¸n exìdou tou diktÔou

kwdikopoiht  sthn eÐsodo tou antÐstoiqou str¸matoc apokwdikopoiht  . To dÐktuo apokw-

dikopoiht  efarmìzei epÐshc mia sunˆrthsh energopoÐhshc sthn èxodo kˆ�e str¸matoc ,

sun jwc mia sigmoeid    softmax sunˆrthsh , gia na parˆgei thn prìbleyh exìdou . Gia

parˆdeigma , sthn katˆtmhsh eikìnac , h prìbleyh exìdou eÐnai ènac qˆrthc pijanot twn

anˆ eikonostoiqeÐo , ìpou se kˆ�e eikonostoiqeÐo apodÐdetai mia pijanìthta na an kei se

mia sugkekrimènh klˆsh   antikeÐmeno .

Sq ma 3.13: H arqitektonik  tou montèlou kwdikopoiht -apokwdikopoiht  pou proteÐnetai
sthn dhmosÐeush (9), sthn opoÐa to dÐktuo apoteleÐtai apì dÔo kÔria mèrh : èna dÐktuo kwdi-
kopoiht  kai èna dÐktuo apokwdikopoiht .

To dÐktuo kwdikopoiht  �aÐnetai sthn arister  pleurˆ tou sq matoc 3.13 kai apotele-

Ðtai apì èna anakukloÔmeno neurwnikì dÐktuo (RNN) me pollaplˆ epÐpeda . H akoloujÐa

eisìdou trofodoteÐtai ston kwdikopoiht  èna sÔmbolo kˆ�e �orˆ , me kˆ�e sÔmbolo na

anaparÐstatai wc èna diˆnusma pragmatik¸n arijm¸n . Se kˆ�e qronikì � ma , to RNN

enhmer¸nei thn kruf  tou katˆstash me �ˆsh to t�èqon sÔmbolo eisìdou kai thn proh-

goÔmenh kruf  tou katˆstash . H telik  kruf  katˆstash tou RNN qrhsimopoieÐtai wc

anaparˆstash stajeroÔ m kouc thc akoloujÐac eisìdou , h opoÐa sth sunèqeia metabibˆze-

tai sto dÐktuo apokwdikopoÐhshc .

To dÐktuo apokwdikopoiht  �aÐnetai sth dexiˆ pleurˆ tou sq matoc 3.13 kai apotele-

Ðtai epÐshc apì èna anadromikì neurwnikì dÐktuo me pollaplˆ epÐpeda . O apokwdikopoi-

ht c lambˆnei thn anaparˆstash stajeroÔ m kouc thc akoloujÐac eisìdou pou parˆgetai

apì ton kwdikopoiht  wc arqik  kruf  katˆstash kai parˆgei thn akoloujÐa exìdou èna

sÔmbolo kˆ�e �orˆ . Se kˆ�e qronikì � ma , to RNN enhmer¸nei thn kruf  tou katˆstash

me �ˆsh thn trèqousa mˆrka eisìdou kai thn prohgoÔmenh kruf  tou katˆstash kai sth

sunèqeia parˆgei mia katanom  pijanìthtac pˆnw stic pijanèc mˆrkec exìdou qrhsimopoi-

¸ntac mia sunˆrthsh softmax. To sÔmbolo exìdou me thn uyhlìterh pijanìthta epilègetai
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wc to epìmeno sÔmbolo sthn akoloujÐa exìdou kai h diadikasÐa epanalambˆnetai èwc ìtou

dhmiourghjeÐ to sÔmbolo tou tèlouc thc akoloujÐac .

To montèlo kwdikopoiht  •apokwdikopoiht  ekpaideÔetai apì ˆk�o se ˆk�o qrhsimo-

poi¸ntac mia parallag  tou algorÐjmou opisjodiˆdoshc pou onomˆzetai opisjodiˆdosh

mèsw q�ìnou (BPTT) (80). Katˆ th diˆrkeia thc ekpaÐdeushc , to montèlo majaÐnei na a-

ntistoiqÐzei akoloujÐec eisìdou se akoloujÐec exìdou elaqistopoi¸ntac mia sunˆrthsh a-

p¸leiac diastauroÔmenhc entropÐac metaxÔ twn problepìmenwn akolouji¸n exìdou kai twn

akolouji¸n stìqou .

'Estw ìti èqoume mia akolou�Ða phg c m kouc T kai mia akolou�Ða stìqou m kouc

L. O kwdikopoiht c dèqetai wc eÐsodo thn akolou�Ða phg c kai pa�ˆgei èna sta�e�oÔ

m kouc diˆnusma plaisÐou c, to opoÐo anapa�istˆ thn akolou�Ða eisìdou , wc ex c : Gia kˆ�e

q�onikì � ma t sthn akolou�Ða phg c , o kwdikopoiht c paÐ�nei to diˆnusma eisìdou xt kai

to pe�nˆei mèsa apì èna RNN enìc st�¸matoc me k�u�ì mège�oc h . H k�u�  katˆstash

tou RNN sto q�onikì � ma t sum�olÐ
etai me ht :

ht = f (xt; ht � 1)

To telikì diˆnusma plaisÐou c upologÐzetai wc sunˆrthsh twn kruf¸n katastˆsewn tou

RNN se ìla ta qronikˆ � mata . 'Enac sun jhc t�ìpoc upologismoÔ tou c eÐnai na qrh-

simopoihjeÐ h telik  kruf  katˆstash hT tou kwdikopoiht  RNN, an kai mporoÔn na

qrhsimopoihjoÔn kai ˆllec mèjodoi :

c = g(h1 ; : : : ; hT )

O apokwdikopoiht c sth sunèqeia qrhsimopoieÐ to diˆnusma peribˆllontoc c kai thn proh-

goumènwc paragìmenh akoloujÐa stìqou (  èna eidikì sÔmbolo ènarxhc akoloujÐac ) gia

na parˆgei to epìmeno sÔmbolo stìqou se kˆ�e qronikì � ma . Sugkekrimèna , o apo-

kwdikopoiht c leitourgeÐ wc ex c : Gia kˆ�e qronikì � ma l sthn akoloujÐa stìqou , o

apokwdikopoiht c lambˆnei wc eÐsodo thn prohgoÔmenh èxodo y l � 1 (  èna eidikì sÔmbolo

ènarxhc thc akoloujÐac ) kai to diˆnusma plaisÐou c. O apokwdikopoiht c pernˆ autèc

tic eisìdouc mèsw enìc RNN enìc str¸matoc me krufì mègejoc h . H kruf  katˆstash tou

RNN sto qronikì � ma l sumbolÐzetai mesl :

sl = f (yl � 1; c; sl � 1)

O apokwdikopoiht c pa�ˆgei to sÔm�olo exìdou y l pe�n¸ntac thn k�u�  katˆstash sl

mèsw enìc st�¸matoc softmax:

y l = softmax (Wsl + b)

Oi parˆmetroi tou kwdikopoiht  kai tou apokwdikopoiht  RNN, kaj¸c kai oi parˆmetroi

tou str¸matoc softmax, ekpaideÔontai apì koinoÔ gia na elaqistopoi soun thn ap¸leia

diastauroÔmenhc entropÐac metaxÔ thc problepìmenhc akoloujÐac stìqou kai thc pragma-
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tik c akoloujÐac stìqou .

Encoder : ht = f (xt; ht � 1)c = g(h1 ; : : : ; hT ) (3.23)

Decoder : sl = f (yl � 1; c; sl � 1)y l = softmax (Wsl + b) (3.24)

'Ena apì ta kÔ�ia pleonekt mata thc a�qitektonik c kwdikopoiht  •apokwdikopoiht  eÐnai

h ikanìthtˆ thc na katag�ˆ�ei tìso thn pagkìsmia ìso kai thn topik  plh�o�o�Ða plaisÐou

apì thn eikìna eisìdou . To dÐktuo kwdikopoiht  sullam�ˆnei to pagkìsmio plaÐsio thc

eikìnac me thn exagwg  qa�akth�istik¸n uyhloÔ epipèdou pou eÐnai sqetikˆ me tic epìmenec

e�gasÐec, en¸ to dÐktuo apokwdikopoiht  sullam�ˆnei to topikì plaÐsio q�hsimopoi¸ntac

sundèseic pa�ˆleiyhc gia thn p�ìs�ash sta qa�akth�istikˆ qamhlìte�ou epipèdou pou

pe�ièqoun leptome�eÐc plh�o�o�Ðec gia thn eikìna .

'Ena ˆllo pleonèkthma thc arqitektonik c kwdikopoiht  •apokwdikopoiht  eÐnai h i-

kanìthtˆ thc na qeirÐzetai eisìdouc diaforetik¸n megej¸n . Dedomènou ìti to dÐktuo kw-

dikopoiht  kai to dÐktuo apokwdikopoiht  ulopoioÔntai sun jwc wc pl �wc suneliktikˆ

neurwnikˆ dÐktua , mporoÔn na epexergˆzontai eikìnec opoioud pote megèjouc , kajist¸ntac

thn arqitektonik  katˆllhlh gia ergasÐec ìpwc h katˆtmhsh eikìnwn ìpou oi eikìnec ei-

sìdou mporeÐ na èqoun diaforetikèc diastˆseic .

Upˆ�qoun diˆforec parallagèc thc arqitektonik c kwdikopoiht  •apokwdikopoiht  ,

ìpwc to U•Net, to SegNet kai to Fully Convolutional Network (FCN). To U•Net eÐnai mia

dhmofil c arqitektonik  kwdikopoiht  •apokwdikopoiht  pou qrhsimopoieÐtai eurèwc se

ergasÐec tmhmatopoÐhshc eikìnwn. H arqitektonik  U•Net apoteleÐtai apì èna surrikno-

Ômeno monopˆti, to opoÐo eÐnai to dÐktuo kwdikopoiht  , kai èna epekteinìmeno monopˆti , to

opoÐo eÐnai to dÐktuo apokwdikopoiht  . To sustaltikì monopˆti apoteleÐtai apì diˆfora

epÐpeda suneliktik c epexergasÐac , to kajèna apì ta opoÐa akoloujeÐtai apì èna epÐpedo

mègisthc sugkèntrwshc , to opoÐo mei¸nei tic qwrikèc diastˆseic tou qˆrth qarakthristi-

k¸n . To epektatikì monopˆti apoteleÐtai apì diˆfora aposumbolikˆ str¸mata , kajèna

apì ta opoÐa akoloujeÐtai apì mia sunènwsh me ton antÐstoiqo qˆrth qarakthristik¸n apì

to sustaltikì monopˆti . H arqitektonik  U•Net qrhsimopoieÐ epÐshc sundèseic parˆleiyhc

metaxÔ twn monopati¸n sustol c kai epèktashc , epitrèpontac sto dÐktuo apokwdikopo-

Ðhshc na èqei prìsbash sta qarakthristikˆ qamhlìterou epipèdou pou exˆgontai apì to

dÐktuo kwdikopoÐhshc .

H arqitektonik  kwdikopoiht  •apokwdikopoiht  eÐnai mia isqur  arqitektonik  �ajiˆc

mˆjhshc pou èqei qrhsimopoihjeÐ eurèwc sthn ìrash upologist¸n gia diˆforec ergasÐec

epexergasÐac eikìnac . H arqitektonik  apoteleÐtai apì èna dÐktuo kwdikopoiht  pou e-

xˆgei sqetikˆ qarakthristikˆ apì thn eikìna eisìdou kai èna dÐktuo apokwdikopoiht 

pou parˆgei thn prìbleyh exìdou me �ˆsh ta exagìmena qarakthristikˆ . H arqitektoni-

k  kwdikopoiht  •apokwdikopoiht  eÐnai ikan  na sullambˆnei plhroforÐec tìso gia to

pagkìsmio ìso kai gia to topikì plaÐsio apì thn eikìna eisìdou kai mporeÐ na qeiristeÐ

eisìdouc diaforetik¸n megej¸n , kajist¸ntac thn katˆllhlh gia èna eurÔ �ˆsma ergasi-

¸n epexergasÐac eikìnac . To dÐktuo kwdikopoiht  exˆgei sqetikˆ qarakthristikˆ apì thn

eikìna eisìdou , en¸ to dÐktuo apokwdikopoiht  parˆgei thn prìbleyh exìdou me �ˆsh
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ta exagìmena qarakthristikˆ . H arqitektonik  eÐnai ikan  na sullˆbei tìso pagkìsmiec

ìso kai topikèc plhroforÐec plaisÐou apì thn eikìna eisìdou kai mporeÐ na qeiristeÐ ei-

sìdouc diaforetik¸n megej¸n . Oi diˆforec parallagèc thc arqitektonik c kwdikopoiht  •

apokwdikopoiht  , ìpwc to U•Net (41), SegNet (81), kai FCN (3), prosfèroun diaforeti-

koÔc sumbibasmoÔc ìson aforˆ thn upologistik  poluplokìthta , thn akrÐbeia kai thn

apodotikìthta , kajist¸ntac shmantik  thn epilog  thc katˆllhlhc arqitektonik c gia th

sugkekrimènh ergasÐa . Oi diaforetikèc parallagèc thc arqitektonik c prosfèroun dia-

�oretikˆ trade•o�s, kai eÐnai shmantikì na epilègetai h katˆllhlh arqitektonik  gia th

sugkekrimènh ergasÐa .

3.8 Transfer Learning

To transfer learning ston tomèa thc �ajiˆc mˆjhshc aforˆ mia isqur  teqnik  gia thn

enÐsqush thc apìdoshc tou montèlou . Axiopoi¸ntac p�o •ekpaideumèna montèla , ta opoÐa

èqoun ekpaideuteÐ se sÔnola dedomènwn megˆlhc klÐmakac , To transfer learning epitrèpei

thn exagwg  genik¸n anaparastˆsewn qarakthristik¸n . Autèc oi anaparastˆseic perilam-

�ˆnoun uyhloÔ epipèdou afairèseic kai prìtupa pou mporoÔn na efarmostoÔn se èna

eurÔ �ˆsma ergasi¸n . H enswmˆtwsh tou transfer learning parèqei pollˆ �asikˆ pleo-

nekt mata , kajist¸ntac to aparaÐthto ergaleÐo sto parˆdeigma thc �ajiˆc mˆjhshc . 'Ena

shmantikì pleonèkthma tou transfer learning eÐnai h ikanìthtˆ tou na antimetwpÐzei thn èl-

leiyh dedomènwn kai to uyhlì kìstoc epis manshc . H apìkthsh epishmasmènwn dedomènwn

gia mia e�gasÐa •stìqo mporeÐ na eÐnai mia dÔskolh kai qronobìra diadikasÐa . To transfer

learning metriˆzei autìn ton periorismì axiopoi¸ntac th gn¸sh pou apokt jhke apì mia

ergasÐa proèleushc kai metafèrontˆc thn sthn e�gasÐa •stìqo . To p�o •ekpaideumèno mo-

ntèlo sullambˆnei �asikˆ qarakthristikˆ kai motÐba apì thn e�gasÐa •phg  , epitrèpontac

sto montèlo na genikeÔei kalˆ sthn e�gasÐa •stìqo akìmh kai ìtan eÐnai diajèsima periori-

smèna dedomèna me etikètec. Autì to pleonèkthma mei¸nei shmantikˆ ton �ìrto thc sullo-

g c dedomènwn kai tou sqoliasmoÔ , exoikonom¸ntac pì�ouc kai q�ìno . Epiplèon , h teqnik 

transfer learning epitaqÔnei th diadikasÐa ekpaÐdeushc kai �elti¸nei th sÔgklish . Ta p�o •

ekpaideumèna montèla èqoun  dh mˆ�ei anaparastˆseic �emeliwd¸n qarakthristik¸n kai

motÐbwn apì terˆstiec posìthtec dedomènwn . Qrhsimopoi¸ntac autèc tic anaparastˆseic wc

arqikèc paramètrouc , To transfer learning epitrèpei sto montèlo na xekin sei me èna exai-

�etikˆ apotelesmatikì shmeÐo arqikopoÐhshc . Aut  h arqikopoÐhsh ìqi mìno epitaqÔnei

th diadikasÐa ekpaÐdeushc allˆ kai enisqÔei th sÔgklish , me apotèlesma th �eltÐwsh thc

apodotikìthtac . O mhqanismìc autìc eÐnai idiaÐtera epwfel c se peript¸seic ìpou to p�o •

ekpaideumèno montèlo kai h e�gasÐa •stìqoc moirˆzontai parìmoia upokeÐmena prìtupa  

domèc. Aut  h eujugrˆmmish epitrèpei sto p�o •ekpaideumèno montèlo na sullˆbei sqetikèc

plhroforÐec pou mporoÔn na metaferjoÔn sthn e�gasÐa •stìqo , odhg¸ntac se �eltiwmènh

apìdosh . H ikanìthta tou montèlou na exˆgei shmantikˆ kai diakritikˆ qarakthristikˆ

apì thn ergasÐa proèleushc dieukolÔnei thn exagwg  gn¸shc eidikˆ gia thn ergasÐa katˆ

th diˆrkeia thc teleiopoÐhshc   thc exagwg c qarakthristik¸n . Wc apotèlesma , to montèlo

mporeÐ na prosarmosteÐ kai na exeidikeuteÐ apotelesmatikˆ sthn e�gasÐa •stìqo , axiopoi-

¸ntac thn prohgoÔmenh gn¸sh tou kai estiˆzontac parˆllhla stic apoqr¸seic pou aforoÔn
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eidikˆ thn ergasÐa . Epiplèon , to transfer learning parèqei mia odì gia ta montèla na geni-

keÔoun kalˆ se ajèata dedomèna kai nèec ergasÐec . To p�o •ekpaideumèno montèlo èqei  dh

mˆ�ei isqurèc anaparastˆseic apì èna eurÔ �ˆsma dedomènwn . Aut  h eureÐa èkjesh epi-

trèpei sto montèlo na sullˆbei �asikˆ qarakthristikˆ pou uperbaÐnoun sugkekrimènouc

tomeÐc   ergasÐec. Katˆ sunèpeia , ìtan èrqetai antimètwpo me nèa , ajèata dedomèna , to

montèlo mporeÐ na axiopoi sei tic anaparastˆseic pou èqei mˆ�ei gia na kˆnei akribeÐc

problèyeic kai taxinom seic . Aut  h ikanìthta genÐkeushc apoteleÐ polÔtimo pleonèkth-

ma, kaj¸c mei¸nei ton kÐnduno uperbolik c prosarmog c kai enisqÔei thn eurwstÐa kai thn

prosarmostikìthta tou montèlou se diˆfora senˆria . SunoyÐzontac, to transfer learning

sth �ajiˆ mˆjhsh prosfèrei pl �oc pleonekthmˆtwn . AnakoufÐzei apì tic prokl seic pou

sqetÐzontai me thn èlleiyh dedomènwn kai to kìstoc epis manshc , axiopoi¸ntac th gn¸sh

apì mia arqik  ergasÐa . H epanaqrhsimopoÐhsh p�o •ekpaideumènwn montèlwn wc shmeÐa

arqikopoÐhshc epitaqÔnei th diadikasÐa ekpaÐdeushc kai �elti¸nei th sÔgklish . Epiplèon ,

h ikanìthta sÔllhyhc gn¸shc pou aforˆ sugkekrimènh ergasÐa , diathr¸ntac parˆllhla

th genik  gn¸sh , sumbˆllei sthn prosarmostikìthta kai tic dunatìthtec genÐkeushc tou

montèlou . Axiopoi¸ntac th dÔnamh thc mˆjhshc metaforˆc , ta montèla �ajiˆc mˆjhshc

mporoÔn na epitÔqoun uyhlìterec epidìseic , eurwstÐa kai apodotikìthta , kajist¸ntac thn

aparaÐthth teqnik  se diˆforec efarmogèc .
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Kefˆlaio 4

Benchmarks

To pa�ìn ke�ˆlaio analÔei sÔnola dedomènwn pou q�hsimopoi �hkan sthn ekpaÐdeush

thc pa�oÔsac diat�i� c . Epilèxame ènan sunduasmì sunìlwn dedomènwn ston tomèa thc

tmhmatopoÐhshc eikìnwn , ta opoÐa dia�o�opoioÔntai wc p�oc to skopì , to mège�oc tic

diastˆseic kai to sq ma twn eikìnwn touc , ¸ste na pa�ousiasteÐ mÐa oloklh�wmènh melèth

gÔ�w apì ta montèla kai thn epÐdosh touc sto kˆ�e dataset.

4.1 Bˆsh dedomènwn Corsican Fire

H �ˆsh dedomènwn purkagi¸n thc Corsican Fire (82) anaptÔqjhke gia na kalÔyei thn

anˆgkh miac oloklhrwmènhc sullog c eikìnwn purkagi¸n ˆg�iac ghc . Perilambˆnei èna

poikÐlo sÔnolo eikìnwn apì diˆforec topojesÐec se ìlo ton kìsmo , oi opoÐec èqoun lhfjeÐ

apì diaforetikoÔc ereunhtèc kai etaÐrouc . H �ˆsh dedomènwn perilambˆnei eikìnec tìso

se morf  NIR ìso kai se RGB, ìlec se morf  PNG. H �ˆsh dedomènwn dhmiourg jhke

gia p�¸th �orˆ to 2017, anagnwrÐzontac thn èlleiyh miac dhmìsia diajèsimhc sullog c

eikìnwn purkagi¸n ˆg�iac ghc megˆlhc klÐmakac kai me stìqo na apotelèsei èna exelis-

sìmeno apojet rio anoiktoÔ k¸dika gia suneisforèc . H �ˆsh dedomènwn epilèqjhke gia

thn ektetamènh sullog  kalˆ sqoliasmènwn eikìnwn , pou perilambˆnei èna eurÔ �ˆsma

purkagi¸n kai periballìntwn , sumperilambanomènwn dedomènwnNIR kai RGB kaj¸c kai

qeirokÐnhtwn mask¸n tmhmatopoÐhshc . Oi eikìnec thc �ˆshc dedomènwn èqoun lhfjeÐ ku-

�Ðwc apì UAV, allˆ perilambˆnoun epÐshc kˆpoiec pou èqoun lhfjeÐ apì to èdafoc . H

sugkekrimènh �ˆsh dedomènwn purkagi¸n apoteleÐ polÔtimo pì�o gia ereunhtèc kai epag-

gelmatÐec pou ergˆzontai ston tomèa thc anˆlushc purkagi¸n , thc thlepiskìphshc kai thc

epexergasÐac eikìnwn.

Stic epìmenec upoenìthtec , h �ˆsh dedomènwn �a analujeÐ kai �a qarakthristeÐ perai-

tèrw .

4.1.1 Anˆlush twn qarakthristik¸n tou sunìlou dedomènwn

H �ˆsh dedomènwn Corsican Fire apoteleÐ mia sullog  eikìnwn uyhl c anˆlushc pou

l ��hkan katˆ th diˆ�keia dia�ì�wn pu�kagi¸n . To sÔnolo dedomènwn pe�ilam�ˆnei

sunolikˆ 1135 eikìnec RGB, apì tic opoÐec 634 eikìnec sunodeÔontai epÐshc apì dedomèna

NIR (eggÔc upè�u��hc aktino�olÐac ). Autèc oi 634 eikìnec el ��hsan apì mia kˆme�a JAI

AD•080GE, h opoÐa eÐnai gnwst  gia thn uyhl  euais�hsÐa thc kai thn exai�etik  poiìthta
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Sq ma 4.1: Corsican Fire Database

eikìnac . Oi eikìnec autèc apoteloÔn mè�oc pènte dia�o�etik¸n akolou�i¸n �Ðnteo , ka�emÐa

apì tic opoÐec katag�ˆ�ei èna dia�o�etikì sum�ˆn pu�kagiˆc .

Epiplèon , h �ˆsh dedomènwn gia tic purkagièc thc Korsik c perilambˆnei 419 diafo-

�etikˆ megèjh eikìnwn . To sq ma 4.2 apeikonÐzei tic 10 pio koinèc diastˆseic twn eikìnwn

sto sÔnolo dedomènwn. H epikrˆthsh enìc sugkekrimènou megèjouc eikìnac mporeÐ na a-

podojeÐ sto gegonìc ìti kai oi 634 eikìnec pou l fjhkan apì thn kˆmera JAI AD•080GE

èqoun thn Ðdia diˆstash 1024 � 768. Aut  h sunèpeia sto mègejoc thc eikìnac dieukolÔnei

thn epexergasÐa kai thn anˆlush tou sunìlou dedomènwn .

4.1.2 P�oepexe�gasÐa thc �ˆshc dedomènwn Corsican Fire Database

Apo�asÐsthke h proepexergasÐa olìklhrou tou sunìlou dedomènwn me thn perikop 

deigmˆtwn diˆstashc 256 � 256 kai 128 � 128, antÐstoiqa, qwrÐc epikˆluyh apì tic 1135 ei-

kìnec . H apìfash aut  el fjh lìgw pijan¸n problhmˆtwn sumbatìthtac pou prokÔptoun
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4.2 SÔnolo DedomènwnCOVID•QU•Ex

Sq ma 4.2: Ta 10 korufaÐa megèjh eikìnwn pou emfanÐzontai suqnìtera sth �ˆsh dedo-
mènwn.

se orismènec arqitektonikèc ìtan h diˆstash eisìdou den eÐnai dÔnamh tou dÔo . Opoiad po-

te diˆstash mikrìterh aplˆ aporrÐfjhke . Epiplèon , perikìphkan tautìqrona oi mˆskec

thc �asik c al jeiac kai oi eikìnec NIR, me apotèlesma na prokÔyoun 87.672 deÐgma-

ta . Autˆ ta deÐgmata sth sunèqeia eurethriˆsthkan se mia �ˆsh dedomènwn SQLite me thn

antÐstoiqh perikop  ground truth kai NIR, ¸ste na eÐnai dunat  h apotelesmatikìterh

peri ghsh . Kaj¸c h paroÔsa melèth epikentr¸netai sthn katˆtmhsh kai ìqi sthn anÐqneu-

sh , eikìnec qwrÐc eikonostoiqeÐa �wtiˆc afairèjhkan apì to sÔnolo dedomènwn , akìmh kai

an apoteloÔn shmantikì posostì twn eikìnwn , ìpwc �aÐnetai sthn eikìna 4.3. Epiplèon ,

apokleÐsthkan epÐshc deÐgmata me anepark  arijmì eikonostoiqeÐwn ìtan h �wtiˆ eÐqe pe-

�ikopeÐ kontˆ sta ì�ia . Gia ton prosdiorismì autoÔ tou kat¸terou orÐou ston arijmì twn

eikonostoiqeÐwn, ta deÐgmata exetˆsthkan qeirokÐnhta , auxˆnontac stadiakˆ thn tim  autoÔ

tou kat¸terou orÐou èwc ìtou entopisteÐ mia perioq  �wtiˆc pou �ainìtan shmantik  . 'Olec

oi eikìnec me ligìtera apì 20 eikonostoiqeÐa �wtiˆc exairèjhkan apì to sÔnolo dedomènwn ,

af nontac 47.520 deÐgmata gia peraitèrw anˆlush .

Prokeimènou na apofeuqjeÐ h uperbolik  prosarmog  kai na katasteÐ dunat  h a-

krib c axiolìghsh tou montèlou, qrhsimopoieÐtai mia sumbatik  mèjodoc diaqwrismoÔ twn

dedomènwn se trÐa uposÔnola, dhlad  èna sÔnolo ekpaÐdeushc, èna sÔnolo epikÔrwshc

kai èna sÔnolo dokim c. Autˆ ta uposÔnola dhmiourgoÔntai me analogÐec 0.7, 0.15 kai

0.15, antÐstoiqa.

4.2 SÔnolo Dedomènwn COVID•QU•Ex

To sÔnolo dedomènwnCOVID•QU•Ex (83), to opoÐo katartÐsthke apì ereunhtèc tou Pa-

nepisthmÐou tou Katˆr , apoteleÐ qr simo ergaleÐo gia ˆtoma pou ergˆzontai sthn katˆtmh-

sh eikìnwn , idÐwc sto plaÐsio twn anapneustik¸n asjenei¸n . Me 33.920 eikìnec aktinogra-

�Ðac �¸rakoc , sumperilambanomènwn perissìterwn apì 11.000 peript¸sewn COVID•19,

to sÔnolo dedomènwn parèqei ˆfjono ulikì gia th duadik  tmhmatopoÐhsh eikìnwn . E-
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Kefˆlaio 4. Benchmarks

Sq ma 4.3: H empeirik  ajroistik  katanom  twn deigmˆtwn �asÐzetai ston arijmì twn eiko-
nostoiqeÐwn �wtiˆc pou perièqoun.

piplèon , oi mˆskec tmhmatopoÐhshc pneumìnwn pou parèqontai me to sÔnolo dedomènwn

parèqoun peraitèrw upost rixh gia thn anˆptuxh montèlwn mhqanik c mˆjhshc gia thn au-

tìmath anÐqneush kai diˆgnwsh anapneustik¸n asjenei¸n . Sunolikˆ , to sÔnolo dedomènwn

COVID•QU•Ex prosfèrei mia oloklhrwmènh sullog  eikìnwn aktinografÐac �¸rakoc u-

yhl c poiìthtac , oi opoÐec eÐnai �è�aio ìti �a apodeiqjoÔn qr simec gia èna eurÔ �ˆsma

ereunhtik¸n skop¸n , sumperilambanomènhc thc duadik c katˆtmhshc eikìnwn .

4.3 SÔnolo Dedomènwn Kvasir•Instrument

To sÔnolo dedomènwnKvasir•Instrument (84), èna sÔnolo dedomènwn, mia akìmh pro-

sj kh sth gkˆma thc iatrik c apeikìnishc kai thc anˆlushc thc gastrenterik c endo-

skìphshc . Oi gastrenterikèc pajologÐec apaitoÔn perÐplokec diadikasÐec pou perilam-

�ˆnoun qeirourgikˆ ergaleÐa gia ergasÐec ìpwc o èlegqoc , oi �ioyÐec kai oi ektomèc . W-

stìso , h apousÐa oloklhrwmènhc parakoloÔjhshc kai anˆlushc katˆ th diˆrkeia kai metˆ

apì autèc tic diadikasÐec èqei wc apotèlesma thn ap¸leia 
wtik c shmasÐac plhrofori¸n ,

sumperilambanomènwn twn orÐwn thc nìsou , twn anaptuxiak¸n gn¸sewn kai twn diastˆsewn

twn ektomhmènwn perioq¸n . Autì to kenì gn¸sewn empodÐzei thn apotelesmatik  parako-

loÔjhsh kai periplèkei thn epanektÐmhsh metˆ th �erapeÐa , parousiˆzontac shmantikèc

prokl seic tìso gia touc asjeneÐc ìso kai gia touc epaggelmatÐec tou iatrikoÔ klˆdou .

AntimetwpÐzontac autˆ ta 
ht mata , to sÔnolo dedomènwn Kvasir•Instrument perilambˆnei

590 sqolastikˆ shmeiologikˆ karè pou apeikonÐzoun mia poikilÐa ergaleÐwn diadikasi¸n

gastrenterik c nìsou , ìpwc dagkˆnec , mpalìnia , labÐdec �ioyÐac kai ˆlla . Gia na diasfa-

listeÐ aparˆmillh akrÐbeia , to sÔnolo dedomènwn enswmat¸nei epakrib¸c epexergasmènec

mˆskec �asik c al jeiac kai plaÐsia oriojèthshc , austhrˆ epikurwmèna apì dÔo diake-

krimènouc empeirogn¸monec thc endoskìphshc . Eidikìtera , h sugkritik  axiolìghsh me

th q� sh autoÔ tou sunìlou dedomènwn dÐnei th dunatìthta stouc ereunhtèc na sumbˆloun
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4.4 Cell Dataset

Sq ma 4.4: COVID•QU•Ex Database

shmantikˆ sthn prìodo thc autìmathc endoskopik c diagnwstik c kai �erapeutik c tmh-

matopoÐhshc ergaleÐwn gia thn endoskìphsh tou gastrenterikoÔ swl na . Wc ek toÔtou,

to sÔnolo dedomènwn Kvasir•Instrument ìqi mìno dieukolÔnei thn oloklhrwmènh anˆlush

kai thn akrib  parakoloÔjhsh , allˆ kai proˆgei èna peribˆllon pou eunoeÐ thn èreuna

aiqm c se autìn ton kaÐrio iatrikì klˆdo .

4.4 Cell Dataset

To sÔnolo dedomènwnCELL (85) apoteleÐ mia leptomer¸c epimelhmènh sullog  eikìnwn

mikroskopÐac �jorismoÔ pou apokalÔptei to perÐploko topÐo twn kuttarik¸n ontot twn .

ApoteloÔmenh apì mia ploÔsia sullog  1328 eikìnwn , kˆ�e mÐa apì tic opoÐec sundu-

ˆzetai me prosoq  me thn antÐstoiqh mˆska , to sÔnolo autì twn dedomènwn apoteleÐ thn

pemptousÐa tou gohteutikoÔ sÔmpantoc thc kuttarik c mikroskopÐac . H gènesh tou deÐkth

anaforˆc CELL ��Ðskei tic �Ð
ec thc sth dhmosÐeush me tÐtlo "Multi•Domain Adversarial

Learning". To sugkekrimèno dataset sumpukn¸nei tic polÔpleurec periplokèc kai ta du-

namikˆ qarakthristikˆ pou enupˆrqoun stic kuttarikèc domèc . Sto plaÐsio autoÔ tou

sunìlou dedomènwn upˆrqei h dunatìthta na kallierghjeÐ prwtoporiak  èreuna kai na

katalÔsei metasqhmatistikèc anakalÔyeic se mia seirˆ apì episthmonikoÔc klˆdouc .
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