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Chapter 1

Introduction

The object of this work is to study image segmentation across various reference

datasets, utilizing two state•of•the•art deep learning models, Segment Anything Model

(SAM) and CLIPSeg. The aim is to explore the performance of these models for the task of

image segmentation across multiple datasets, employing metrics such as Intersection over

Union (IoU) and Dice Loss. Image segmentation has become a critical task in computer

vision due to the exponential growth of image data volume and has numerous applica•

tions in various domains. Image segmentation involves dividing an image into multiple

segments, where each segment represents a di�erent object or region within the image.

Each of these models has its unique architecture and has been praised for their per•

formance, especially when it comes to zero•shot image segmentation tasks. The reference

datasets represent a wide range of real•world scenarios, from images of natural and ur•

ban scenes, to �re and medical images. Also the impact of di�erent hyperparameters on

the performance of each model was analyzed, such as learning rate, batch size, and the

number of epochs. Additionally, back•propagation techniques were utilized to �ne•tune

the models when needed.

The results of this study demonstrate that the performance of these models varies

signi�cantly depending on the dataset and the speci�c image segmentation task. The

�ndings provide insights into which model performs better under di�erent conditions and

which datasets pose di�culties to them. These conclusions can serve as a resource for

researchers, to see the models in action and understand which parts of them need to be

improved or changed, based on the segmentation task at hand.

The code used for the experiments section can be found at Github.

1.1 Structure of the thesis

The following thesis is organized in chapters:

ˆ Chapter 6 focuses on certain concepts that serve as theoretical background.

ˆ Chapter 7 analyses models used as well as the methodology that was followed.

ˆ In Chapter 8 the datasets used in this work are presented.

ˆ Chapter 9 presents the segmentation experiments along with their results.
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ˆ Chapter 10 contains the �nal conclusions drawn from the experiments, along with

suggestions for future work.
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Chapter 2

Eisagwg 

To antikeÐmeno aut c thc ergasÐac eÐnai h melèth thc tmhmatopoÐhshc eikìnac se diˆ-

�ora sÔnola ana�o�ˆc , qrhsimopoi¸ntac dÔo prohgmèna montèla �ajiˆc mˆ�hshc , to

Segment Anything Model (SAM) kai to CLIPSeg. O stìqoc eÐnai na exetasteÐ h apìdosh

aut¸n twn montèlwn gia thn ergasÐa thc tmhmatopoÐhshc eikìnac se pollaplˆ sÔnola de-

domènwn, qrhsimopoi¸ntac met�ikèc ìpwc h Intersection over Union (IoU) kai to Dice Loss

. H tmhmatopoÐhsh eikìnac eÐnai èna shmantikì kommˆti thc ì�ashc upologist¸n lìgw

thc ekjetik c aÔxhshc tou ìgkou dedomènwn eikìnwn kai èqei poluˆrijmec efarmogèc se

diˆforouc tomeÐc . H tmhmatopoÐhsh eikìnac perilambˆnei th diaÐresh miac eikìnac se pol-

laplˆ tm mata , ìpou kˆ�e tm ma antiproswpeÔei èna diaforetikì antikeÐmeno   perioq 

mèsa sthn eikìna .

Kˆ�e èna apì autˆ ta montèla èqei thn monadik  tou arqitektonik  kai èqei diakri-

�eÐ gia thn apìdos  tou , eidikˆ ìtan p�ìkeitai gia ergasÐec tmhmatopoÐhshc eikìnwn mh-

denik c ekpaÐdeushc . Ta sÔnola dedomènwn ana�o�ˆc antiproswpeÔoun mia eureÐa gkˆma

pragmatik¸n sena�Ðwn , apì eikìnec �usik¸n kai astik¸n skhn¸n , èwc eikìnec �wtiˆc kai

iatrikèc eikìnec . EpÐshc, analÔ�hke h epÐdrash diafìrwn uperparamètrwn sthn apìdosh

kˆ�e montèlou , ìpwc h suntelest c mˆ�hshc (learning rate), batch size kai o arijmìc twn

epoq¸n . Epiplèon , qrhsimopoi jhkan teqnikèc anad�om c (back•propagation) gia thn ek

nèou �Ô�mish twn montèlwn ìpou apaitoÔntan .

Ta apotelèsmata aut c thc melèthc deÐqnoun ìti h apìdosh aut¸n twn montèlwn poikÐllei

shmantikˆ anˆloga me to sÔnolo dedomènwn kai th sugkekrimènh ergasÐa tmhmatopoÐhshc

eikìnac . Ta eur mata pa�èqoun eishg seic sqetikˆ me poio montèlo apodÐdei kalÔte�a

upì diaforetikèc sunj kec kai poia sÔnola dedomènwn touc p�okaloÔn duskolÐec . Autˆ

ta sumperˆsmata mpo�oÔn na leitourg soun wc phg  gn¸shc . Parathr¸ntac ta montèla

se d�ˆsh , ènac ereunht c mpo�eÐ na katano sei poia mè�h touc qreiˆzetai na �eltiwjoÔn  

na allˆxoun , �ˆsei thc ergasÐac tmhmatopoÐhshc pou antimetwpÐzoun .

O k¸dikac pou q�hsimopoi �hke gia ta pei�ˆmata aut c thc douleiˆc ��Ðsketai sto

Github.

2.1 Dom  thc e�gasÐac

H dom  thc e�gasÐac èqei wc ex c :

ˆ To Ke�ˆlaio 6 estiˆ
ei sto �ew�htikì upì�a��o thc e�gasÐac .
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ˆ To Ke�ˆlaio 7 analÔei ta montèla pou q�hsimopoi �hkan kai th me�odologÐa pou

akolou� �hke .

ˆ Sto Ke�ˆlaio 8 pa�ousiˆ
ontai ta sÔnola dedomènwn pou q�hsimopoi �hkan .

ˆ To Kefˆlaio 9 perilambˆnei ta peirˆmata pou èginan kai ta apotelèsmata pou

p�oèkuyan apì autˆ .

ˆ To Kefˆlaio 10 perièqei ta telikˆ sumperˆsmata kai protˆseic gia mellontik 

douleiˆ .
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Chapter 3

Montèla kai SÔnola Dedomènwn

O skopìc thc enìthtac aut c eÐnai h pa�ousÐash twn montèlwn kai twn sunìlwn de-

domènwn pou �a qrhsimopoihjoÔn sth sunèqeia aut c thc douleiˆc .

3.1 Montèla

3.1.1 SAM

To SAM (Segment Anything Model [6]), èna montèlo �ajiˆc mˆ�hshc sqediasmèno gia

ergasÐec shmasiologik c tmhmatopoÐhshc eikìnwn . QarakthrÐzetai apì thn ikanìthtˆ tou

na diaqwrÐzei eikìnec se diaforetikèc klˆseic   kathgorÐec , katano¸ntac tic qw�ikèc sqèseic

metaxÔ diafìrwn antikeimènwn entìc thc eikìnac kai to gegonìc ìti epit�èpei th diadrastik 

anÐqneush me entolèc. H prosèggish tou SAM eÐnai anˆlogh me ton t�ìpo me ton opoÐo ˆlla

foundation montèla qrhsimopoioÔntai , gia pa�ˆdeigma , ìpwc to CLIP eÐnai o sustadopoi-

ht c keimènou •eikìnac tou sust matoc dhmiou�gÐac eikìnac DALL•E.

Oi dhmiou�goÐ tou SAM ka�iè�wsan mia e�gasÐa tmhmatopoÐhshc pou eÐnai epa�k¸c

p�osa�mìsimh ¸ste na leitou�g sei wc mia axiìpisth p�oekpaÐdeush kai na dieukolÔnei

diˆ�o�ec metèpeita e�gasÐec . Aut  h e�gasÐa apaiteÐ èna montèlo ikanì gia dunamikèc

entolèc kai dhmiou�gÐac mˆskwn se p�agmatikì q�ìno , epit�èpontac th diad�astik  q� sh .

Gia thn apotelesmatik  ekpaÐdeush tou montèlou apait �hke p�ìs�ash se èna ektetamèno

kai poikÐlo sÔnolo dedomènwn , to opoÐo den  tan dia�èsimo sth klÐmaka pou q�eiˆ
ontan

oi dhmiou�goÐ. Gia na antimetwpisteÐ autìc o pe�io�ismìc , oi sugg�a�eÐc anaptÔssoun mia

st�athgik  "mhqan c dedomènwn". Autì pe�ilam�ˆnei mia kuklik  disdikasÐa , ìpou to

montèlo �oh�ˆ sth sullog  dedomènwn , kai sth sunèqeia , ta nèa dedomèna �elti¸noun kai

teleiopoioÔn to Ðdio to montèlo .

3.1.2 PA•SAM

To SAM èqei epideÐxei th dunatìthta na pa�ˆgei pollaplèc pi�anèc mˆskec , me megˆlh

ak�Ð�eia , gia tuqaÐec eikìnec q�hsimopoi¸ntac entolèc , upodhl¸nontac ètsi th shmantik 

tou epÐd�ash sthn exèlixh e�gasi¸n tmhmatopoÐhshc eikìnac . Oi epìmenec p�ospˆ�eiec

è�eunac epèkteinan tic e�a�mogèc tou SAM se diˆ�o�ouc tomeÐc kai apokˆluyan touc

pe�io�ismoÔc tou sto na epitÔqei uyhl c poiìthtac apotelèsmata anÐqneushc , idiaÐte�a

em�aneÐc sta g�ammikˆ ì�ia mˆskac gia sÔn�eta antikeÐmena ìpwc gia pa�ˆdeigma �akètec
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tènic. Epomènwc, upˆ�qei mia isqu�  anˆgkh na sqediasteÐ èna dÐktuo pou na eÐnai ikanì

na pa�èqei sto SAM apeu�eÐac leptome�eÐc plh�o�o�Ðec gia na �elti¸sei ton aniqneut 

mˆskac .

Me autì upìyh , ègine mia prospˆjeia na antimetwpisteÐ aut  h p�ìklhsh me thn

dhmiou�gÐa tou Prompt Adapter Segment Anything Model (PA•SAM [10]). Autì to dÐktuo

èqei sqediasteÐ gia na exereunˆ a�è�aiec perioqèc entìc eikìnwn kai na enswmat¸nei plhro-

�orÐec qamhl c anˆlushc se puknèc kai a�aièc entolèc , �elti¸nontac ètsi th dunatìthta tou

SAM na mˆjei leptomèreiec . Gia na to petÔqei autì , proteÐnetai ènac antˆptorac entol¸n o

opoÐoc skopì èqei thn exì�uxh perissìterwn plhrofori¸n apì dÔskola shmeÐa twn eikìnwn .

AntÐjeta apì touc sumbatikoÔc antˆptorec , autìc o antˆptorac estiˆzei sth �eltistopoÐhsh

twn qarakthristik¸n twn entol¸n antÐ twn qarakthristik¸n thc eikìnac , epitrèpontac thn ex-

agwg  leptomer¸n plhrofori¸n sqetikˆ me thn perioq  estÐashc tou diktÔou . Tèloc , katˆ

th diˆ�keia thc ekpaÐdeushc , to PA•SAM pag¸nei to SAM kai ekpaideÔei apokleistikˆ ton

antˆptora entol¸n , diathr¸ntac ètsi thn arqik  ikanìthta tmhmatopoÐhshc antikeimènwn

tou SAM en¸ pa�ˆgei mˆskec anÐqneushc uyhl c poiìthtac .

3.1.3 MedSAM

H anˆgkh gia kajolikˆ montèla sthn iatrik  tmhmatopoÐhsh eikìnwn auxˆnetai , kaj¸c

h tmhmatopoÐhsh eÐnai mia �emeli¸dhc ergasÐa ston klˆdo , pou ed¸ kai kai�ì epiteleÐ-

tai me mh autìmato t�ìpo . Montèla , pou ekpaideÔontai mÐa �o�ˆ kai efarmìzontai se

diˆforec ergasÐec tmhmatopoÐhshc , upìsqontai auxhmènh euelixÐa kai pijan¸c pio ax-

iìpista apotelèsmata se diˆfora iatrikˆ senˆ�ia tmhmatopoÐhshc . Wstìso , h prosar-

mog  twn montèlwn , ìpwc to SAM, gia thn anˆlush iatrik¸n eikìnwn antimetwpÐzei prokl -

seic lìgw twn shmantik¸n diafor¸n metaxÔ twn �usik¸n eikìnwn stic opoÐec ekpaideÔthke

kai twn iatrik¸n eikìnwn pou exetˆzontai . To MedSAM epidi¸kei na leitourg sei wc o

�asikìc lÐ�oc gia thn kajolik  tmhmatopoÐhsh iatrik¸n eikìnwn . 'Ena kaÐ�io stoiqeÐo sth

dhmiou�gÐa enìc tètoiou montèlou �rÐsketai sthn ikanìthtˆ tou na prosarmosteÐ se èna

eu�Ô �ˆsma eikonografik¸n sunjhk¸n , anatomik¸n dom¸n kai pajologik¸n parallag¸n .

Gia na antimetwpÐsei aut n thn p�ìklhsh , oi dhmiourgoÐ sunèlexan prosektikˆ èna megˆlo

kai poikÐlo sÔnolo dedomènwn anÐqneushc iatrik¸n eikìnwn pou apoteleÐtai apì 1.570.263


eÔgh eikìnac •mˆskac . Autì to sÔnolo dedomènwn ekteÐnetai se 10 eikonografikèc mejì-

douc, perilambˆnei pˆnw apì 30 tÔpouc karkÐnou kai enswmat¸nei diˆfora p�wtìkolla

eikìnwn . Autì to ektetamèno sÔnolo dedomènwn exoplÐzei to MedSAM me mia periektik 

katanìhsh twn iatrik¸n eikìnwn , kalÔptontac èna eu�Ô �ˆsma anatomi¸n kai �la�¸n se

diaforetikèc mejìdouc , me skopì na eÐnai se �èsh to montèlona genikeÔsei se opoiad pote

iatrik  pe�Ðptwsh kai an q�eiasteÐ na diaqeiristeÐ .

3.1.4 CLIP

To CLIP (Contrastive Language•Image Pre•training) eÐnai to p�¸to sunduastikì (se

aut n thn pe�Ðptwsh sunduˆzetai ì�ash kai keÐmeno ) montèlo pou asqoleÐtai me thn up-

ologistik  ì�ash kai kuklo�ì�hse apì to OpenAI. Mpo�eÐ na qrhsimopoi sei �usik 

gl¸ssa gia na problèyei to pio sqetikì apìspasma miac eikìnac , qw�Ðc na �eltistopoieÐtai
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apeujeÐac gia thn e�gasÐa .[7]

Sthn èreunˆ touc , oi suggrafeÐc antimet¸pisan to kenì sthn katanìhsh thc sumper-

iforˆc twn taxinomht¸n eikìnwn pou ekpaideÔontai me �usik  gl¸ssa epÐ eureÐac klÐ-

makac. Qrhsimopoi¸ntac dhmìsia diajèsima dedomèna apì to diadÐktuo , dhmioÔrghsan

èna nèo sÔnolo dedomènwn pou perilambˆnei 400 ekatommÔria 
eÔgh eikìnac •keÐmenou. H

melèth exètase thn klimakwsimìthta tou CLIP ekpaideÔontac mia sei�ˆ apì okt¸ montèla

pou kalÔptoun mia eureÐa gkˆma upologistik¸n pì�wn . Parìmoia me thn oikogèneia tou

GPT, to CLIP epèdeixe th dunatìthta na ekteleÐ poikÐlec ergasÐec katˆ thn proekpaÐdeush ,

sumperilambanomènhc thc gew •topo�èthshc kai thc anagn¸rishc d�ˆshc .

Gia na axiolog soun tic dunatìthtec tou CLIP, oi ereunhtèc dokÐmasan thn apìdosh

tou se perissìtera apì 30 upˆrqonta sÔnola dedomènwn pou den gn¸�i
e . Entupwsiakˆ ,

to CLIP èdeixe antagwnistikìthta me prohgoÔmena montèla pou eÐqan ekpaideuteÐ gia sug-

kekrimènec ergasÐec.

IdiaÐte�a , h melèth epes mane ìti ta montèla mhdenik c ekpaÐdeushc (zero•shot) tou

CLIP epideiknÔoun megalÔte�h anjektikìthta se sÔgkrish me isodÔnama montèla pou ek-

paideÔthkan me �ˆsh to ImageNet, upogrammÐzontac th shmasÐa thc axiolìghshc twn mon-

tèlwn se ˆgnwsta sÔnola dedomènwn .

3.1.5 CLIPSeg

H p�ìklhsh thc genÐkeushc se mh �ew�h�ènta dedomèna eÐnai ousi¸dhc gia diˆ�o�ec

e�a�mogèc sthn teqnht  nohmosÔnh . En¸ oi ˆn��wpoi xeqw�Ð
oun se aut n thn e�gasÐa , ta

sust mata ì�ashc duskoleÔontai . H tmhmatopoÐhsh eikìnac apaiteÐ apì ta montèla na

exˆgoun p�o�lèyeic gia kˆ�e pixel, anexa�t twc tou ti pa�ousiˆ
etai sthn eikìna , allˆ ta

klasikˆ montèla shmasiologik c tmhmatopoÐhshc eÐnai pe�io�ismèna stic kathgo�Ðec pou

ekpaideÔthkan .

Me autì upìyh , dhmiou�g �hke to montèlo CLIPSeg [8] wc èna euèlikto ergaleÐo

pou mpo�eÐ na diaqwrÐsei �ˆsei e�wt sewn keimènou   eikìnwn . QrhsimopoieÐ èna proek-

paideumèno montèlo CLIP wc �ˆsh kai èna leptì sunjetikì epÐpedo shmasiologik c anÐqneushc

(apokwdikopoiht  ) gia na epexergasteÐ tic upodeÐxeic se keÐmeno kai eikìnec. O apok-

wdikopoiht c ekpaideÔetai gia na sqetÐ
ei tic upodeÐxeic pou dÐnontai sto CLIP me thn exag-

wg  shmasiologik c tmhmatopoÐhshc , elaqistopoi¸ntac tuqìn p�okatal yeic tou sunìlou

dedomènwn kai diathr¸ntac tic exairetikèc probleptikèc ikanìthtec tou CLIP.

H melèth q�hsimopoieÐ to montèlo CLIP san �ˆsh tou kai to epekteÐnei me ènan mik�ì ,

pa�amet�ikˆ apotelesmatikì apokwdikopoiht  (transformer decoder).

3.2 SÔnola Dedomènwn

3.2.1 COVID•QU•Ex

Mia omˆda ereunht¸n apì to Panepist mio tou Katˆ� kai to Panepist mio tou Ntakˆ

tou Mpangklantèc , ma
Ð me sune�gˆtec touc apì to Pakistˆn kai th MalaisÐa se sunergasÐa

me iatroÔc dhmioÔrghsan mia �ˆsh dedomènwn me eikìnec aktinografÐac tou �¸�aka gia

�etikˆ kroÔsmata COVID•19 ma
Ð me eikìnec PneumonÐac[13]. Autì to sÔnolo dedomènwn
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gia COVID•19 apoteleÐtai apì 33.920 eikìnec aktinografÐac tou �¸�aka , sumperilam-

�anomènwn: 11.956 COVID•19, 11.263 mh•k�ousmˆtwn COVID ( Kanonik    Bakthriak 

PneumonÐa) kai 10.701 Kanonik¸n , ma
Ð me mˆskec dhmiourghmènec apì iatroÔc gia kˆ�e

aktinografÐa . Autì kajistˆ to COVID•QU•Ex to megalÔte�o pou dhmiou�g �hke potè

sÔnolo dedomènwn me mˆskec pneÔmona.

To sÔnolo dedomènwnCOVID•QU•Ex apoteleÐtai apì mik�ìte�a sÔnola dedomènwn pou

qrhsimopoi jhkan se prohgoÔmenec ergasÐec pou kuklo�ì�hsan apì autˆ ta panepist mia ,

ta opoÐa mpo�oÔn na �rejoÔn ed¸ [14] kai ed¸ [15].

Gia touc skopoÔc aut c thc ergasÐac , dedomènwn twn periorismènwn pì�wn pou eÐnai

diajèsimoi , qrhsimopoi jhke èna uposÔnolo tou sunìlou dedomènwn COVID•QU•Ex, pou

onomˆzetai QaTa•COV19 Dataset, sthn teleutaÐa tou èkdosh . ApoteleÐtai apì 9258 ak-

tinografÐec �¸�aka COVID•19 kai ˆllec tìsec mˆskec . Apì autèc , oi 7.145 aktinografÐec

apoteloÔn to sÔnolo ekpaÐdeushc , pou qrhsimopoieÐtai gia skopoÔc ekpaÐdeushc . Tic

upìloipec 2.113 aktinografÐec apoteloÔn to sÔnolo dokim c , pou qrhsimopoieÐtai gia

skopoÔc axiolìghshc .

3.2.2 Electron Microscopy

To sÔnolo dedomènwn Hlekt�onik c Mik�oskopÐac antip�oswpeÔei èna tm ma 5x5x5 mm

pou p�oè�qetai apì thn pe�ioq  CA1 tou ippokˆmpou tou egke�ˆlou , antistoiqoÔntac

se ènan ìgko 1065x2048x1536. Ta dedomèna eÐnai t�isdiˆstata wc p�oc ton ìgko kai

pa�èqontai wc stoÐ�a apì a�qeÐa TIF.

To sÔnolo dedomènwn diai�eÐtai se dÔo upo•sÔnola . Kˆ�e èna apoteleÐtai apì 165

�Ôlla 768x1024 thc stoÐ�ac eikìnwn . To sÔnolo pou q�hsimopoi �hke gia ekpaÐdeush

eÐnai to epˆnw mè�oc thc stoÐ�ac en¸ to kˆtw mè�oc q�hsimopoi �hke gia dokim  . Gia na

eÐnai pio eÔkola diaqei�Ðsimec, tic metat�èyame se 1980 eikìnec 256x256. Epiplèon , epeid 

oi eikìnec an kan se èna megalÔte�o �Ôllo , to apotèlesma  tan ìti to sÔnolo dedomènwn

pe�ieÐqe eikìnec pou den eÐqan mitoqìnd�ia . Autèc oi eikìnec den �a �oh�oÔsan katˆ th

dokim  kai thn ekpaÐdeush tou montèlou , opìte �ilt�ˆ��hkan gia na mhn p�okalèsoun

p�o�l mata .

H dhmiou�gÐa autoÔ tou sunìlou dedomènwn ku�Ðwc upokin jhke apì thn anˆgkh gia

thn ak�i�  tomogrˆfhsh twn mitoqondrÐwn , pou eÐnai domèc endiafèrontoc gia neuroepist -

monec.

3.2.3 CityScapes

To Cityscapes eÐnai èna sÔnolo dedomènwn megˆlhc klÐmakac pou sqediˆsthke gia thn

ekpaÐdeush kai dokim  montèlwn gia th shmasiologik  mˆ�hsh sthn antÐlhyh astik¸n

skhn¸n . Dhmiou�g �hke apì èna poikÐlo sÔnolo stereoskopik¸n �Ðnteo apì 50 diafore-

tikèc pìleic , me5000 annotations uyhl c poiìthtac se epÐpedo pixel. To sÔnolo dedomènwn

uperbaÐnei prohgoÔmenec prospˆjeiec ìson a�o�ˆ to mègejoc , ton ploÔto twn annotations,

thn poikilÐa twn skhn¸n kai thn poluplokìthta . H melèth pa�èqei mia leptomer  anˆlush

twn qarakthristik¸n tou sunìlou dedomènwn kai mia axiolìghsh thc apìdoshc diafìrwn

proseggÐsewn teleutaÐac teqnologÐac. Aut  h prosèggish eÐnai 
wtik c shmasÐac gia thn
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katanìhsh polÔplokwn astik¸n d�ìmwn kai th �eltÐwsh thc anÐqneushc antikeimènwn sth

�ajiˆ mˆ�hsh . [16]

H melèth eÐqe wc stìqo thn katagraf  thc uyhl c metablhtìthtac twn exwterik¸n

astik¸n skhn¸n qrhsimopoi¸ntac mia me�odologÐa egg�a� c kai anagn¸rishc dedomènwn .

Apokt jhkan arketèc ekatontˆdec qiliˆdec ka�è apì èna kinoÔmeno ìqhma gia arketoÔc

m nec se 50 pìleic , ku�Ðwc sth GermanÐa kai tic geitonikèc q¸�ec . Oi ais�ht �ec topo-

�et jhkan pÐsw apì to parmprÐz kai par gagan eikìnec uyhl c dunamik c eÔ�ouc (HDR)

me16 bits grammik  �ˆ�ouc qr¸matoc . Gia na diasfalisteÐ h ak�Ð�eia thc �ajmonìmhshc ,

oi ereunhtèc epanèlaban th �ajmonìmhsh p�in apì kˆ�e sunedrÐa egg�a� c . Tèloc , oi

dhmiourgoÐ  jelan na exasfalÐsoun ìti to sÔnolo dedomènwn �a  tan ìso to dunatìn pio

poikÐlo . Gia to skopì autì , epèlexan qeirokÐnhta ta ka�è tou sunìlou dedomènwn , gia na

diasfalÐsoun ènan megˆlo arijmì dunamik¸n antikeimènwn katˆ th diˆ�keia diafìrwn epo-

q¸n kai kai�ik¸n sunjhk¸n . Eidikìtera , pa�ath� �hke ìti to CityScapes èqei megalÔte�o

mèso arijmì dunamik¸n antikeimènwn anˆ ka�è apì opoiod pote ˆllo parìmoio sÔnolo

dedomènwn pou  tan diajèsimo dhmosÐwc p�in apì autì .

3.2.4 Corsican Fires

To "Fire project" pou diex q�h sto ergast rio "Epist mec gia to Peribˆllon " UMR CNRS

6134 SPE • Panepist mio thc Korsik c eÐnai afierwmèno sto montelopoÐhsh kai sthn peira-

matik  melèth twn purkagi¸n �lˆsthshc . Sto plaÐsio aut c thc èreunac , dhmiou�g �hke

h Korsikanik  Bˆsh Dedomènwn Purkagi¸n [17].

H �ˆsh dedomènwn pe�ilam�ˆnei eikìnec PNG pu�kagi¸n apì ìlo ton kìsmo . To è�go

xekÐnhse to2017 me stìqo th mèt�hsh mèsw thc ì�ashc twn gewmet�ik¸n qa�akth�istik¸n

twn pu�kagi¸n se èna nhsÐ ìpwc h Ko�sik  , to opoÐo èqei euais�hsÐa stic pu�kagièc lìgw

tou mesogeiakoÔ klÐmatoc kai thc �lˆsths c tou . Apì tìte , h �ˆsh dedomènwn èqei gÐnei

mia sullog  anoiqtoÔ k¸dika eikìnwn pu�kagi¸n , me mia eu�eÐa gkˆma tÔpwn pu�kagi¸n

kai �lˆsthshc , ka�¸c kai metadedomèna pou kumaÐnontai apì thn GPS �èsh thc eikìnac

kai thn ¸�a thc l yhc mèq�i tic qei�okÐnhta dhmiou�ghmènec mˆskec twn pu�kagi¸n entìc

aut¸n twn eikìnwn . Shmei¸netai ìti h �wtog�a�ik  mhqan  pou q�hsimopoi �hke gia th

l yh twn eikìnwn sth �ˆsh dedomènwn  tan mia "JAI AD•080GE".

Lìgw thc uyhl c poiìthtac kai anˆlushc (1024x768) twn eikìnwn , �ewr jhke �èltisto

na qwristoÔn oi eikìnec kai oi antÐstoiqec mˆskec touc se mik�ìte�ec eikìnec (256x256).

To apotèlesma tou sunìlou dedomènwn apoteloÔntan apì perissìterec apì 87.672 di-

aforetikèc eikìnec qw�Ðc kamÐa epikˆluyh . Autì ègine gia na diasfalisteÐ ìti den �a

up rqan probl mata sumbatìthtac me ta montèla pou qrhsimopoi jhkan . Dedomènwn twn

periorismènwn pì�wn aut c thc ergasÐac , qrhsimopoi jhkan ligìte�ec eikìnec wc sÔnolo

ekpaÐdeushc.
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Chapter 4

Pei�ˆmata kai Apotelèsmata

4.1 SÔnolo dedomènwn City Scapes

To p�¸to sÔonolo dedomènwn epilèq�hke lìgw thc omoiìthtˆc tou se �ematologÐa me

ta sÔnola dedomènwn pou qrhsimopoi jhkan gia thn ekpaÐdeush twn montèlwn pou qrhsi-

mopoioÔntai . H idèa eÐnai ìti kai ta dÔo montèla �a p�èpei na apodÐdoun kalˆ se èna sÔnolo

dedomènwn pou apeikonÐ
ei astikˆ peribˆllonta kai parìmoiec klˆseic (ktÐ�ia , ˆnjrwpoi ,

autokÐnhta klp ). Autì eÐnai autì pou dokimˆzetai se autì to peÐ�ama .

4.1.1 SAM

Xekin¸ntac , axÐ
ei na dokimasteÐ h Autìmath Dhmiou�gÐa Mˆskac tou SAM . An ta

apotelèsmata pou parousiˆzontai sto [6] eÐnai ak�i�  , anamènetai na epitÔqei kalˆ sko�

IoU katˆ thn prìbleyh mask¸n gia èna tètoio sÔnolo dedomènwn , akìma kai qw�Ðc kˆpoia

pe�aitè�w ekpaÐdeush stic eikìnec . 'Otan exˆgontai lÐga paradeÐgmata tou Autìmatou

DhmiourgoÔ Mˆskac se d�ˆsh (9.1), eÐnai amèswc emfanèc ìti prospajeÐ na dhmiourg sei

mˆskec me megalÔte�h leptomèreia apì autèc pou parousiˆzontai apì touc dhmiourgoÔc

tou sunìlou dedomènwn . Gia pa�ˆdeigma , katˆ th dhmiou�gÐa miac mˆskac gia èna ktÐ�io ,

prospajeÐ na diakrÐnei kai mik�ìte�a tm matˆ tou , ìpwc ta pa�ˆ�u�a   oi mp�ostinèc

pì�tec tou . Katˆ th dhmiou�gÐa miac mˆskac gia ènan d�ìmo , diakrÐnei epÐshc tic gram-

mèc tou pezodromÐou kai oÔtw kajex c . Autì sumbaÐnei lìgw tou t�ìpou me ton opoÐo

ekpaideÔthke wc mè�oc thc mhqan c dedomènwn Segment Anything kai exaitÐac tou opoÐou

to sÔnolo dedomènwn SA•1B katèlhxe na èqei tìso megˆlo arijmì mask¸n anˆ eikìna .

Pa�ˆ tic �ainomenikˆ diaforetikèc proseggÐseic metaxÔ twn mask¸n kai twn problepì-

menwn mask¸n, diapist¸jhke ìti to SAM epètuqe uyhlì sko� . To montèlo diaqwrÐzei tic

eikìnec me megalÔte�h leptomèreia epeid  dhmiou�g �hke me to skeptikì na apo�eÔgei thn

asˆ�eia , allˆ mpo�eÐ na diakrÐnei ìti oi troqoÐ eÐnai mè�oc miac megalÔte�hc mˆskac pou

antiproswpeÔei èna autokÐnhto , ta pa�ˆ�u�a eÐnai mè�oc miac megalÔte�hc mˆskac pou an-

tiproswpeÔei èna ktÐ�io kai oÔtw kajex c . Wc apotèlesma , se olìklh�o to sÔnolo elègqou ,

epiteÔq�hke katˆ mèso ì�o sko� IoU 92.3% , to opoÐo eÐnai exairetikì lambˆnontac upìyh

to gegonìc ìti to SAM den eÐqe dei kamÐa apì tic eikìnec se autì .
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4.1.2 CLIPSeg

'Opwc kai to SAM , to CLIPSeg ekpaideÔthke sto COCO , èna sÔnolo dedomènwn me

parìmoia astikˆ �èmata . Wc apotèlesma , axÐ
ei na elegqjeÐ an �a epideÐxei parìmoia kal 

apìdosh . AntÐjeta me ton Autìmato Dhmiou�gì Mˆskac tou SAM , to CLIPSeg qreiˆzetai keÐ-

meno eisìdou gia na pa�ˆgei mˆskec . To keÐmeno eisìdou pou epilèq�hke gia th dhmiou�gÐa

twn mask¸n  tan autì twn pio kurÐarqwn klˆsewn sto sÔnolo dedomènwn . Autèc oi klˆseic

 tan : "ktÐ�io ", "autokÐnhto", "drìmoc ", "dèntro " kai "ˆnjrwpoi ".

'Opwc �aÐnetai sto 9.2, to CLIPSeg diak�Ðnei a�ketˆ kalˆ tic klˆseic , lam�ˆnontac

upìyh to gegonìc ìti den eÐqe dei autèc tic eikìnec p�ohgoumènwc . Gia na posotikopoih�oÔn

ta apotelèsmata , to CLIPSeg epètuqe mèso sko� IoU 96.2% sto sÔnolo tou dokimastikoÔ

sunìlou dedomènwn .

4.1.3 Sqìlia

EÐnai emfanèc ìti ta montèla , me ton t�ìpo pou èqoun proekpaideujeÐ , mpo�oÔn na

epitÔqoun exairetikˆ apotelèsmata se peirˆmata mhdenik c ekpaÐdeushc se sÔnola de-

domènwn parìmoia me autˆ pou èqoun dei . Dedomènwn twn uyhl¸n sko� pou pa�ath� �hkan ,

k�Ð�hke ìti den axÐ
ei na ekpaideutoÔn pe�aitè�w sto sÔnolo dedomènwn autì , kaj¸c to peri-

�¸rioc �eltÐwshc  tan arketˆ mik�ì . To gegonìc ìti autˆ ta apotelèsmata dhmiou�g �hkan

autìmata ìson a�o�ˆ to SAM kai me uyhl  �ebaiìthta ìson a�o�ˆ to CLIPSeg , enisqÔei

autì to sumpè�asma .

Autì to apotèlesma �ètei to e�¸thma gia to pìso kalˆ �a leitou�goÔn autˆ ta montèla

se èna sÔnolo dedomènwn me dia�o�etikˆ �èmata .

4.2 SÔnolo dedomènwn Corsican Fires

Epìmeno sth lÐsta eÐnai to SÔnolo dedomènwn Corsican Fires . Se autì to peÐ�ama , o

stìqoc eÐnai h tmhmatopoÐhsh enìc polÔ sugkek�imènou tm matoc kˆ�e eikìnac , tic �lìgec .

H �wtiˆ eÐnai kˆti pou ta montèla den èqoun dei wc mè�oc thc ekpaÐdeus c touc . Epiplèon ,

oi eikìnec tou sunìlou dedomènwn den apeikonÐ
oun astikˆ skhnikˆ , kˆti pou ta montèla

èqoun sunh�Ðsei . Wc apotèlesma , �a  tan endia�è�on na exetasteÐ p¸c �a antimetwpÐsoun

ta montèla autèc tic nèec sun� kec .

4.2.1 SAM

Xekin¸ntac , �a  tan endiafèron na doÔme p¸c leitourgeÐ o Autìmatoc Dhmiou�gìc

Mˆskac tou SAM se autì to sÔnolo dedomènwn . Metˆ th q� sh tou montèlou se me�ikèc

tuqaÐec eikìnec,  tan emfanèc ìti aut  eÐnai mia arketˆ diaforetik  pe�Ðptwsh apì to

CityScapes . 'Opwc �aÐnetai sto sq ma 9.3, to montèlo den mpo�oÔse na diakrÐnei tic

�lìgec wc èna diaforetikì antikeÐmeno kai epomènwc qreiˆzetai na gÐnei ekpaÐdeush sto

sÔnolo dedomènwn prokeimènou na axiologhjeÐ .

Ston kÔ�io ��ìqo ekpaÐdeushc , to montèlo �a lambˆnei ta dedomèna ekpaÐdeushc ,

kˆnontac problèyeic gia tic mˆskec kai sugkrÐnontˆc tec me tic pragmatikèc mˆskec , ¸ste
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oi pa�ˆmet�oi tou montèlou na �eltistopoioÔntai me �ˆsh th sunˆ�thsh ap¸leiac . Gia th

dhmiou�gÐa miac mˆskac , to SAM qreiˆzetai na èqei kˆpoio dedomèno eisìdou , se aut n thn

pe�Ðptwsh èna tuqaÐo shmeÐo mèsa sthn apeikìnish thc �wtiˆc . Aut  h epilog  ègine gia na

�ohj sei to montèlo na epikentrwjeÐ ak�i�¸c sthn klˆsh pou �èloume na tmhmatopoi sei .

B�è�hke ìti mia h q� sh koutioÔ san dedomèno eisìdou den  tan epa�k c , kaj¸c eÐnai pio

diforoÔmenh wc eÐsodoc se sÔgkrish me èna shmeÐo eisìdou.

Metˆ thn olokl rwsh thc diadikasÐac ekpaÐdeushc , eÐnai h ¸�a na elegqjeÐ to nèo mon-

tèlo sta dedomèna elègqou . Me�ikˆ paradeÐgmata parousiˆzontai sto sq ma 9.4 kai eÐnai

emfanèc ìti h diadikasÐa �eltÐwse to montèlo . Epiplèon , katˆ th q� sh tou se olìklh�o

to sÔnolo dedomènwn elègqou, to SAM epètuqe mèso sko� IoU 63% . AxÐ
ei na shmeiwjeÐ

ìti katˆ th diˆ�keia thc diadikasÐac elègqou qrhsimopoi jhkan koutiˆ perigrˆmmatoc wc

eÐsodoc, prokeimènou na kajodhghjeÐ to montèlo p�oc th swst  kateÔ�unsh qw�Ðc na tou

deÐxoume ak�i�¸c th swst  mˆska .

4.2.2 CLIPSeg

Epìmeno � ma , eÐnai h ekpaÐdeush tou CLIPSeg kai h axiolìghsh thc apìdos c tou

me autì to sÔnolo dedomènwn. Fusikˆ , to montèlo q�eia
ìtan èna keÐmeno eisìdou gia na

leitou�g sei . Se aut n thn pe�Ðptwsh , epilèq�hke h lèxh "�re" gia na pe�ig�ˆyei thn

epi�umht  mˆska .

DÐnetai èm�ash sto gegonìc ìti katˆ th dokim  twn upe� •pa�amèt�wn gia aut n th

diadikasÐa , diapist¸�hke ìti to CLIPSeg eÐqe ligìte�h empistosÔnh stic p�o�lepìmenec

mˆskec se sÔgk�ish me to SAM . Apì th mia pleu�ˆ , autì  tan anamenìmeno , epeid  to

SAM eÐqe �o �eia apì ta shmeÐa eisìdou pou tou dì�hkan , en¸ to CLIPSeg anagkˆsthke

na dhmiou�g sei mia mˆska apì mia lèxh pou den eÐqe dei potè p�in . Me �ˆsh autˆ kai

akolou�¸ntac mia pa�ìmoia diadikasÐa me aut  tou SAM , epiteÔq�hke DICE Loss Ðso

me 0,201 metˆ apì 20 epoqèc ekpaÐdeushc.

Metˆ thn ekpaÐdeush , axiolog �hke h apìdosh tou enhme�wmènou montèlou . Telikˆ ,

to montèlo pètuqe sko� IoU Ðso me 68,2% . 'Opwc �aÐnetai sto sq ma 9.5, to montèlo

katˆ�e�e na diak�Ðnei genik¸c tic �lìgec apì th �lˆsthsh . Wstìso , oi p�okÔptousec

mˆskec  tan lÐgo "tet�agwnismènec " kai ìqi o�io�etimènec me leptomè�eia , gegonìc pou

exhgeÐ giatÐ toIoU den  tan uyhlìte�o .

4.2.3 Sqìlia

Se autì to ke�ˆlaio epilèq�hke to sugkek�imèno sÔnolo dedomènwn gia na elegq�eÐ p¸c

antapexè�qontai ta montèla se eikìnec pou eÐnai a�ketˆ dia�o�etikèc apì autèc pou a�qikˆ

ekpaideÔthkan . Metˆ th diˆ�esh sta montèla enìc pe�io�ismènou uposunìlou tou sunìlou

dedomènwn gia ekpaÐdeush, pa�ath� �hke èna uyhlìte�o sko� IoU gia to CLIPSeg apì to

SAM . Pa�ìla autˆ , ìtan sugk�Ðnontai oi mˆskec apì ta sq mata 9.4 kai 9.5, �aÐnetai

ìti oi mˆskec pou dhmiou�g �hkan apì to CLIPSeg eÐnai pio qont�okommènec stic akmèc

kai pio "tet�agwnismènec ". To gegonìc pou p�okaleÐ th meÐwsh tou sko� tou SAM eÐnai ìti

qˆnei pixels mèsa sth mˆska , akìma kai an katˆ�e�e na dhmiou�g sei to pe�Ðg�amma me

pe�issìte�h sa� neia kai leptomè�eia apì to CLIPSeg .
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Epiplèon , axÐ
ei na shmeiw�eÐ ìti up �xe mia p�ospˆ�eia na ekpaideutoÔn ta montèla

gia 50 epoqèc, gia na doÔme eˆn h apìdos  touc �a �eltiw�eÐ . To apotèlesma �ˆnhke na

eph�eˆ
etai apì upe�ekpaÐdeush kai ta montèla mˆ�ainan na exˆgoun olìklh�h thn eikìna

wc "mˆska ". Kata�l �hke p�ospˆ�eia na allˆxoun o�ismènec upe� •pa�ˆme�oi , allˆ ta

apotelèsmata den ˆllaxan . 'Etsi , ta apotelèsmata aut c thc diadikasÐac ekpaÐdeushc

k�Ð�hkan ìti den axÐ
ei na pa�ousiastoÔn .

Epiplèon , oi prokÔptousec mˆskec den  tan tìso uyhl c poiìthtac ìso ekeÐnec pou

dhmiou�g �hkan gia to sÔnolo dedomènwn CityScapes . Autì deÐqnei ìti h allag  twn

�emˆtwn twn eikìnwn pou dÐnontai sta montèla gia thn tmhmatopoÐhsh , mpo�eÐ na mei¸-

sei thn poiìthta twn mask¸n se èna peÐ�ama mhdenik c ekpaÐdeushc tmhmatopoÐhshc kai

pe�aitè�w �elti¸seic sta montèla eÐnai apa�aÐthtec gia na epiteuqjoÔn apotelèsmata me

sko� tìso uyhlˆ ìso autˆ pou pa�ath� �hkan se gnwstèc eikìnec .

Autì to sumpè�asma �ètei to e�¸thma gia to mèq�i pou mpo�eÐ na �tˆsei èna peÐ�ama

mhdenik c ekpaÐdeushc tmhmatopoÐhshc eikìnac . Sthn pe�Ðptwsh twn Corsican Fires , oi

eikìnec  tan entel¸c nèec gia to montèlo , allˆ o�ismènec ptuqèc touc , ìpwc ta dènt�a kai h

�lˆsthsh ,  tan ènnoiec me tic opoÐec ta montèla eÐqan  dh exoikeiw�eÐ . Ja  tan endia�è�on

na doÔme ta montèla na p�ospa�oÔn na antimetwpÐsoun èna sÔnolo dedomènwn pou eÐnai

pio sugkek�imèno , pio dÔskolo kai den moi�ˆ
etai kamÐa omoiìthta me ta astikˆ �èmata

twn eikìnwn pou gnw�Ð
oun . Gia to skopì autì , ta montèla dokimˆsthkan se iat�ikˆ sÔnola

dedomènwn.

4.3 SÔnolo dedomènwn Electron Microscopy

Se aut n thn enìthta q�hsimopoieÐtai to sÔnolo dedomènwn Electron Microscopy . O

stìqoc tou pei�ˆmatoc eÐnai h tmhmatopoÐhsh twn mitoqond�Ðwn apì eikìnec kuttˆ�wn ston

an��¸pino egkè�alo . Autì to sÔnolo dedomènwn eÐnai exeidikeumèno kai anamènetai na

pa�ousiˆsei duskolÐec sta montèla . Wc apotèlesma , �a  tan endia�è�on na e�eun soume

p¸c �a to antimetwpÐsoun .

4.3.1 SAM

Gia mia akìmh �o�ˆ , p�in apì th leptomer  ekpaÐdeush tou SAM sto sÔnolo dedomènwn,

elègq�hke h p�o •ekpaideumènh tou èkdosh se me�ikèc tuqaÐec eikìnec . FaÐnetai ìti to SAM

antimetwpÐzei duskolÐec me autì to sÔnolo dedomènwn. Sugkekrimèna , ìtan mia eikìna per-

ièqei perissìtera apì èna stoiqeÐa thc Ðdiac klˆshc , se aut n thn pe�Ðptwsh mitoqondrÐwn ,

èqei duskolÐa na ta tmhmatopoi sei ìla . AntÐjeta , estiˆzei sto èna stoiqeÐo sto opoÐo

�rÐsketai to shmeÐo eisìdou , ìpwc �aÐnetai sthn eikìna 9.6. Pa�ˆ taÔta , autˆ ta p�¸ta

paradeÐgmata deÐqnoun elpidofìra apotelèsmata , eidikˆ se eikìnec ìpou upˆrqei èna mìno

mitoqondrÐo.

Epiplèon , h eikìna 9.7 pa�ousiˆ
ei tic problepìmenec mˆskec tou SAM me dÔo eisag-

wgikˆ shmeÐa pou proèrqontai apì tic pragmatikèc mˆskec . Se sÔgkrish me thn eikìna

9.6, ìpou oi mˆskec dhmiou�g �hkan me èna tuqaÐo eisagwgikì shmeÐo , eÐnai emfanèc ìti h

p�os� kh perissìterwn eisagwgik¸n shmeÐwn den �ohjˆ thn pe�Ðptwsh tou montèlou . 'Otan
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dÐnetai èna eisagwgikì shmeÐo gia kˆ�e mitoqondrÐo sthn eikìna , to apotèlesma eÐte den al-

lˆzei polÔ , eÐte oi mˆskec eÐnai ligìte�o kalosqhmatismènec . Wc apotèlesma , apofasÐsthke

ìti eÐnai �èltisto gia to montèlo na lˆ�ei èna monadikì eisagwgikì shmeÐo , ¸ste na estiˆ-

sei se èna mìno mitoqondrÐo kˆ�e �o�ˆ kai Ðswc na mˆjei me perissìterh leptomèreia ta

qarakthristikˆ pou to diaforopoioÔn apì ta ˆlla kÔttara sthn eikìna .

Metˆ thn ekpaÐdeush tou montèlou gia 20 epoqèc sto sÔnolo ekpaÐdeushc , katèlhxe se

DICE Loss thc tˆxhc tou 0.158 . Katˆ th q� sh thc nèac èkdoshc sto sÔnolo dokim c ,

me�ikˆ pa�adeÐgmata sthn eikìna 9.8 deÐqnoun ìti to montèlo p�ospˆ�hse na lˆ�ei upìyh

tou pollˆ mitoqond�Ðwn se eikìnec pou to apaitoÔn , allˆ qw�Ðc megˆlh epituqÐa . Eidikˆ

se eikìnec me megˆlo a�i�mì mitoqond�Ðwn , pa�ath�eÐtai ìti den estÐase mìno se èna mìno

mitoqond�Ðo ìpwc p�in th leptome�  �Ô�mish , allˆ pa�amènei akìma adÔnamo sto na o�Ðsei

swstˆ ìlec tic mˆskec . Sthn p�ospˆ�eiˆ tou na lˆ�ei upìyh tou ìla ta mitoqond�Ðwn ,

�aÐnetai ìti e�ˆ�mose �ˆ�h stic pe�ioqèc metaxÔ touc , me apotèlesma na pa�ˆgei kˆpoiec

aqnèc mˆskec se o�ismènec pe�ipt¸seic . Pa�ˆ taÔta , �aÐnetai akìmh ìti ta kalÔte�a

apotelèsmata p�okÔptoun apì eikìnec pou pe�ièqoun èna mìno mitoqond�Ðo mèsa touc . Sto

tèloc , to montèlo epètuqe èna mèso IoU Score thc tˆxhc tou 25.4% sto sÔnolo dokim c .

Autˆ ta apotelèsmata �ètoun to e�¸thma tou ti �a sum�eÐ an to montèlo eÐqe pe�issìte�o

q�ìno gia na mˆ�ei tic eikìnec . Sunep¸c , to SAM ekpaideÔthke xanˆ gia 50 epoqèc sto

sÔnolo ekpaÐdeushc, me èna telikì DICE Loss thc tˆxhc tou 0.060 . Sthn eikìna 9.9 eÐnai

em�anèc ìti to montèlo �eltÐwse tic mˆskec , idiaÐte�a ìtan upˆ�qoun pollˆ mitoqond�Ðwn

se mia eikìna , allˆ exakolou�eÐ na estiˆ
ei sto èna mitoqond�Ðo pou deÐqnei to eisagwgikì

shmeÐo. Sto tèloc , oi mˆskec  tan pio ka�a�èc allˆ ìqi ak�i�¸c autì pou  tan o stìqoc

tou pei�ˆmatoc , epomènwc epiteÔq�hke ènac mèsoc IoU Score thc tˆxhc tou 27.1% sto

sÔnolo dokim c .

4.3.2 CLIPSeg

Katˆ th dokim  tou CLIPSeg sto sÔnolo dedomènwn hlektronik c mik�oskopÐac , h

p�¸th duskolÐa pou antimetwpÐsthke  tan poio eisagwgikì keÐmeno na qrhsimopoihjeÐ .

Sugkekrimèna , h profan c epilog  tou "mitoqìndrio " den leitoÔ�ghse kajìlou , kaj¸c to

montèlo den mpì�ese na to anagnwrÐsei . 'Alloi iatrikoÐ ì�oi , ìpwc "anjr¸pino kÔttaro "  

"pu� nac ", dokimˆsthkan allˆ den �ˆnhke na lÔnoun to p�ì�lhma . 'Htan emfanèc ìti to

CLIPSeg qreiazìtan kˆpoia �o jeia ìson a�o�ˆ thn eÐsodo , an  �ele na mˆjei p¸c na di-

akrÐnei ta mitoqondrÐwn. Telikˆ , diapist¸jhke ìti pio elpidofìra apotelèsmata par qjh-

san ìtan qrhsimopoi jhke to eisagwgikì keÐmeno "maÔ�h skiˆ ". H idèa pÐsw apì aut n thn

epilog  p�oèkuye apì thn pa�at �hsh ìti ta mitoqondrÐwn èqoun sa�¸c mia pio skoÔ�a

apìqrwsh stic eikìnec klÐmakac tou gk�i tou sunìlou dedomènwn .

Me autì to sugkek�imèno eisagwgikì keÐmeno , me�ikˆ pa�adeÐgmata apotelesmˆtwn

�aÐnontai sthn eikìna 9.10. EÐnai em�anèc ìti epeid  oi eikìnec eÐnai se klÐmaka tou gk�i ,

eÐnai dunatìn na mhn eÐnai ta mitoqìnd�ia h monadik  maÔ�  skiˆ pou ��Ðsketai sthn

eikìna . Autì mpo�eÐ na mpe�dèyei to montèlo , ka�¸c �aÐnetai ìti p�ospa�eÐ na diak�Ðnei

epÐshc ˆllec apoq�¸seic qw�Ðc na eÐnai apa�aÐthta mitoqond�Ðwn . Pa�ˆ taÔta , autèc oi

mˆskec pe�ièqoun ta epi�umhtˆ mitoqond�Ðwn kai h elpÐda eÐnai ìti me thn ekpaÐdeush
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tou montèlou mpo�eÐ na mˆ�ei na diak�Ðnei poiec apì autèc tic maÔ�ec apoq�¸seic eÐnai

p�agmatikˆ mitoqond�Ðwn .

Metˆ thn ekpaÐdeush tou montèlou stic eikìnec tou sunìlou ekpaÐdeushc pou pe�ieÐqan

mitoqondrÐwn gia 20 epoqèc, parousiˆzonta me�ikˆ paradeÐgmata tou nèou montèlou sthn

eikìna 9.11. Autèc oi mˆskec , pou parˆgontai apì eikìnec tou sunìlou dokim c , up-

odeiknÔoun ìti h duskolÐa tou montèlou sto na diakrÐnei ta mitoqìndria pa�amènei , eidikˆ

ìtan upˆrqoun pollˆ se mÐa eikìna . En¸ upˆrqoun peript¸seic pou apodÐdei kalˆ , up-

ˆrqoun akìma kˆpoiec eikìnec pou eÐnai pio skoÔ�ec kai ètsi oi pa�agìmenec mˆskec me

aut n thn eÐsodo eÐnai qamhl c poiìthtac . Sto tèloc , se olìklh�o to sÔnolo dokim c

epiteÔq�hke ènac mèso IoU Score thc tˆxhc tou 15.3% .

Apì thn ˆllh pleu�ˆ , ìtan aux �hkan oi epoqèc se 50, �aÐnetai ìti to montèlo katˆ�e�e

na diakrÐnei kalÔte�a ta mitoqondrÐwn , ìpwc �aÐnetai sthn eikìna 9.12. Epiplèon , up rqan

peript¸seic ìpou antil fjhke ìti upˆrqoun pollˆ mitoqÐndria sthn eikìna . Pa�ˆ taÔta , oi

mˆskec eÐnai sun �wc kakˆ prosdiorismènec , pou �aÐnetai na eÐnai èna �èma pou epanalam-

�ˆnetai me to CLIPSeg se autoÔ tou eÐdouc ta sÔnola dedomènwn. Telikˆ , me èna DICE

Loss thc tˆxhc tou 0.267 sth diadikasÐa ekpaÐdeushc , to CLIPSeg epètuqe èna mèso IoU

Score thc tˆxhc tou 27.9% .

4.3.3 Sqìlia

Se autì to peÐ�ama pa�ousiˆsthkan me�ikˆ endia�è�onta apotelèsmata .

Kata�qˆc , kai ta dÔo montèla epètuqan kalÔte�a apotelèsmata sth dhmiou�gÐa mask¸n

apì to anamenìmeno . Autì deÐqnei ìti , en¸ ta iatrikˆ sÔnola dedomènwn eÐnai exeidikeumèna

kai antiproswpeÔoun mia pio dÔskolh ergasÐa gia ta montèla , allˆ upˆrqoun peript¸-

seic pou mpo�eÐ na eÐnai eukolìtero gia ta montèla na ergastoÔn me autˆ . Se aut n thn

pe�Ðptwsh , èna sÔnolo dedomènwn ìpou h klˆsh (mitoqondrÐwn)  tan eÔkola diakrÐsimh me

to anjr¸pino mˆti , telikˆ  tan eÔkola diakrÐsimh kai gia ta montèla . Autˆ ta apotelès-

mata deÐqnoun ìti upˆrqoun dunatìthec kai Ðswc me perissìterouc upologistikoÔc pì�ouc

kai perissìterec epoqèc ekpaÐdeushc ta montèla na mpo�oÔsan na epitÔqoun sko� pou

mpo�oÔn na antagwnistoÔn ekeÐna apì to CityScapes.

Pa�ˆ taÔta , h pa�at �hsh pa�amènei pwc h poiìthta twn mask¸n se èna exeidikeumèno

sÔnolo dedomènwn eÐnai shmantikˆ qamhlìterh . Sugkekrimèna , to SAM duskoleÔthke na

anagnwrÐsei ìla ta antikeÐmena thc Ðdiac klˆshc kai epikentr¸jhke se autˆ pou èdeiqne to

shmeÐo eisìdou. Autì pa�ath� �hke epÐshc kai me to CLIPSeg , allˆ se mik�ìte�o �ajmì .

Epiplèon , to CLIPSeg den mpo�oÔse na katano sei to antikeÐmeno endiafèrontoc apì to

ìnomˆ tou kai  tan apa�aÐthth mia pio perigrafik  eÐsodoc keimènou gia na gÐnei h ek-

paÐdeush tou. Akìma kai an h eÐsodoc epilèq�hke gia na �ohj sei to montèlo , ta apotelès-

mata  tan leptomer¸c oriojethmèna kai den  tan kontˆ sthn poiìthta pou epiteÔq�hke me

eikìnec ìpwc ekeÐnec se prohgoÔmena peirˆmata .

Tèloc , katˆ th sÔgkrish twn montèlwn metaxÔ touc , to SAM pa�ˆgei kalÔte�a orio-

�ethmènec mˆskec , allˆ to gegonìc ìti epikentr¸jhke mìno sto mitoqìndrio pou èdeiqne h

eÐsodoc od ghse sto CLIPSeg na petÔqei èna megalÔte�o mèso sko� . Aut  eÐnai mia tˆsh

pou parathreÐtai se ìla ta peirˆmata aut c thc ergasÐac .
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4.4 SÔnolo dedomènwn COVID•QU•EX

Epìmeno sth lÐsta eÐnai to sÔnolo dedomènwn COVID•QU•Ex . Se autì to peÐ�ama , o

stìqoc eÐnai h tmhmatopoÐhsh miac sugkek�imènhc pe�ioq c thc aktinog�a�Ðac , h opoÐa

eÐnai to ˆ��wsto mè�oc twn pneumìnwn . Oi eikìnec aktinog�a�Ðac eÐnai kˆti pou ta montèla

den èqoun dei wc mè�oc thc ekpaÐdeus c touc . Epiplèon , autì eÐnai èna polÔ pio dÔskolo

sÔnolo dedomènwn gia ta montèla na antimetwpÐsoun epeid  , antÐ�eta me ta mitoqìnd�ia ,

oi dia�o�èc metaxÔ ugi¸n kai molusmènwn pneumìnwn den mpo�oÔn na diak�i�oÔn kan apì

èna an��¸pino mˆti pou den èqei ekpaideuteÐ (gia pa�ˆdeigma ènac giat�ìc ). 'Etsi , ta

apotelèsmata anamènetai na enisqÔsoun touc pe�io�ismoÔc twn montèlwn se exeidikeumèna

sÔnola dedomènwn.

4.4.1 SAM

P�in apì thn ekpaÐdeush tou montèlou stic aktinografÐec twn pneumìnwn , axÐ
ei na ele-

qjoÔn oi mˆskec pou dhmiou�geÐ sth �asik  tou mo��  . Katarqˆc , h autìmath dhmiou�gÐa

mˆskac den mpì�ese na anagnwrÐsei touc pneÔmonec wc xeqwrist  klˆsh , ìpwc �aÐnetai sto

9.13. DeÔte�on, qrhsimopoi jhkan me�ikèc aktinografÐec gia dokim  tou proekpaideumè-

nou montèlou . 'Ena shmeÐo eisìdou pe�Ðpou sto kèntro thc pragmatik c mˆskac qrhsi-

mopoi jhke gia na dhmiourghjeÐ h mˆska kai ta apotelèsmata emfanÐzontai sto 9.14. Ta

apotelèsmata �aÐnontai elpidofìra a�oÔ to montèlo diakrÐnei touc pneÔmonec apì thn up-

ìloiph aktinografÐa , se kˆpoio �ajmì , ìtan kajodhgeÐtai sth swst  kateÔ�unsh apì to

shmeÐo eisìdou. Pa�ˆ taÔta , eÐnai profanèc ìti to montèlo , ìpwc eÐnai proekpaideumèno ,

den mpo�eÐ na aniqneÔsei ta mè�h twn pneumìnwn pou emfanÐzoun shmˆdia covid .

Epiplèon , axÐ
ei na shmeiwjeÐ ìti to montèlo �aÐnetai na estiˆzei perissìtero sthn

pleu�ˆ twn pneumìnwn ìpou �rÐsketai to shmeÐo eisìdou , se aut  thn pe�Ðptwsh to dexÐ

pneÔmona. Dustuq¸c , to montèlo den �ˆnhke na katalabaÐnei ìti kai oi dÔo pneÔmonec eÐnai

mè�oc thc Ðdiac ontìthtac kai anèjese megalÔte�o �ˆ�oc ston pneÔmona pou epèlexe to

shmeÐo eisìdou.

To gegonìc ìti o autìmatoc genn torac mˆskac den mpì�ese na diakrÐnei touc pneÔ-

monec wc xeqwrist  ontìthta me dik  tou mˆska  tan kˆti pou anamenìtan me �ˆsh ta

prohgoÔmena peirˆmata . Wstìso , to gegonìc ìti to proekpaideumèno montèlo den mpì�ese

na entopÐsei ta mh ugi  mè�h twn pneumìnwn , akìma kai ìtan dì�hke èna shmeÐo eisìdou

mèsa sthn perioq  endiafèrontoc , deÐqnei ìti h �eltÐwsh tou montèlou eÐnai apa�aÐthth .

'Otan exetˆ
ontai ta apotelèsmata tou p�osa�mosmènou SAM sto 9.15, eÐnai p�o�anèc

ìti to montèlo den �eltÐwse thn apìdos  tou ìso �a elpÐ
ame . Kata�qˆc , to montèlo estiˆ
ei

pe�issìte�o sto dexÐ mè�oc tou pneÔmona , ìpou ��iskìtan to shmeÐo eisìdou , kai apètuqe

na mˆ�ei ìti kai oi dÔo pneÔmonec eÐnai mè�oc thc Ðdiac ontìthtac . DeÔte�on, apètuqe epÐshc

sto na diak�Ðnei ta mh ugi  mè�h tou pneÔmona . FaÐnetai ìti oi dia�o�èc me touc ugieÐc

pneÔmonec den  tan kˆti pou to SAM mpo�oÔse na antilh��eÐ , kai ètsi p�ospˆ�hse na

diak�Ðnei ton pl �h pneÔmona tìso stic ugieÐc ìso kai stic mh ugieÐc pe�ipt¸seic .

Shmei¸netai ìti oi problepìmenec mˆskec dhmiou�g �hkan qrhsimopoi¸ntac èna shmeÐo

eisìdou kai ìqi èna oriojethmèno plaÐsio ìpwc se prohgoÔmena peirˆmata . Autìc o tÔpoc
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eisìdou epilèq�hke epeid  to SAM den mpo�oÔse na estiˆsei stouc pneÔmonec ìtan dì�hke

èna plaÐsio thc perioq c tou �¸�aka wc eÐsodoc . Me�ikˆ paradeÐgmata sto 9.17 deÐq-

noun ìti olìklh�h h perioq  tou oriojethmènou plaisÐou �ewr jhke mˆska me autìn

ton tÔpo eisìdou , pou den dÐnei kamÐa q� simh plhroforÐa sqetikˆ me touc pneÔmonec

kai apomakrÔnei apo thn epÐteuxh tou skopoÔ autoÔ tou peirˆmatoc . Fusikˆ , h pa�oq 

enìc shmeÐou eisìdou pou proèrqetai apì thn pragmatik  mˆska katˆ thn epikÔrwsh tou

montèlou eÐnai mia mo��  kajod ghshc tou montèlou , kaj¸c h pragmatik  mˆska qrhsi-

mopoieÐtai gia na dhmiourghjeÐ kai h problepìmenh mˆska . Wstìso , aut   tan o mìnoc

t�ìpoc gia to montèlo na dhmiou�geÐ mˆskec pou eÐqan kˆpoiou eÐdouc plhroforÐa kai

shmasÐa.

EpÐshc, axÐ
ei na shmeiw�eÐ ìti dokimˆsthkan pe�issìte�a apì èna shmeÐa wc eÐsodoi ,

allˆ den pa� gagan kalÔte�a apotelèsmata . Gia pa�ˆdeigma , ìtan dì�hkan sto SAM dÔo

shmeÐa se èna sÔnolo dedomènwn ìpwc toCItyScapes , deÐqnontac se dÔo stoiqeÐa thc Ðdiac

klˆshc (autokÐnhta , ˆn��wpoi ), h pa�agìmenh mˆska �a pe�ieÐqe kai ta dÔo autˆ stoiqeÐa ,

ka�¸c to montèlo katanooÔse ìti an kan sthn Ðdia klˆsh . Autì eÐnai èna ˆllo pa�ˆdeigma

tou p¸c to montèlo den mpì�ese na katano sei th sqèsh metaxÔ twn dÔo pneumìnwn kai

p¸c autoÐ eÐnai dÔo stoiqeÐa thc Ðdiac klˆshc . Telikˆ , to montèlo eÐqe mia mèsh IoU

�a�mologÐa Ðsh me 13,5% , pou eÐnai ligìte�o apì idanik  .

Wc apotèlesma , ègine mia akìma prospˆjeia kai to montèlo ekpaideÔthke gia 50 epoqèc,

epitugqˆnontac mia mèsh IoU �ajmologÐa Ðsh me 16,8% . Ta apotelèsmata parousiˆzon-

tai sto 9.16.

4.4.2 PA•SAM

Katˆ th metˆ�ash se pio dÔskola sÔnola dedomènwn , oi periorismoÐ tou SAM èginan em-

�aneÐc. Q�eiˆsthke ektetamènh ekpaÐdeush gia na pa�ˆgei apodektèc mˆskec , allˆ akìma

duskoleÔthke na sumperilˆbei kai touc dÔo pneÔmonec ìtan autì  tan anagkaÐo . AutoÐ

oi periorismoÐ pa�ath� �hkan epÐshc apì touc dhmiourgoÔc tou PA•SAM . Gia na exetˆ-

soume pe�aitè�w th sumperiforˆ tou montèlou , dokimˆsame epÐshc kai to PA•SAM sto

COVID•QU•Ex . 'Opwc �aÐnetai sto 9.18, to PA•SAM katˆ�e�e na pa�ˆgei mˆskec uyh-

l c poiìthtac twn pneumìnwn qrhsimopoi¸ntac dÔo shmeÐa eisìdou qw�Ðc thn anˆgkh gia

epiplèon ekpaÐdeush . AntÐjeta , to SAM antimet¸pise duskolÐec , akìmh kai me ektetamènh

ekpaÐdeush, kai apètuqe na ekmetalleuteÐ pollaplˆ shmeÐa eisìdou .

Wstìso , eÐnai shmantikì na shmeiwjeÐ ìti to PA•SAM den ekpaideÔetai eidikˆ gia thn

anˆlush iatrik¸n eikìnwn ìpwc oi aktinografÐec . Wc apotèlesma , den mpo�oÔse na di-

akrÐnei ta molusmèna tm mata twn pneumìnwn kai ant ' autoÔ diaqwrÐzei touc pneÔmonec

sunolikˆ . Pa�ìla autˆ , epètuqe mia mèsh �ajmologÐa IoU 62,3%, xepern¸ntac thn apì-

dosh tou SAM akìma kai me ìlec tic prospˆjeiec gia ekpaÐdeush tou .

4.4.3 MedSAM

Ta apotelèsmata tou PA•SAM  tan tìso �eltiwmèna pou apofasÐsthke na proqwr -

soume èna � ma parapèra . 'Egine apodektì ìti h ek nèou ekpaÐdeush mpo�eÐ na ephreˆsei

d�astikˆ thn poiìthta twn mask¸n , allˆ lìgw periorism¸n stouc upologistikoÔc pì�ouc
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den mpo�èsame na epitÔqoume apotelèsmata ìpwc to PA•SAM . Wstìso , ti �a sumbeÐ me mia

èkdosh tou SAM pou eÐnai sqediasmènh eidikˆ gia sÔnola dedomènwn ìpwc to COVID•QU•

EX ?

Aut  eÐnai ak�i�¸c h pe�Ðptwsh tou MedSAM , èna montèlo ekpaideumèno se peris-

sìterec apì èna ekatommÔrio iatrikèc eikìnec . H elpÐda eÐnai na apodeiqjeÐ ìti to SAM

mpo�eÐ na genikeÔsei se ˆgnwstec aktinografÐec , an èqei ekpaideuteÐ swstˆ . Telikˆ , to

MedSAM katˆ�e�e na epitÔqei mia mèsh �ajmologÐa IoU 85,1% .

Ta apotelèsmata sto 9.19 miloÔn apì mìna touc . Oi mˆskec den eÐnai mìno uyh-

l c poiìthtac , allˆ eÐnai to mìno montèlo pou katˆ�e�e na diaforopoi sei to molusmèno

tm ma twn pneumìnwn mèsa sto plaÐsio eisìdou . AntÐjeta , to SAM pou dokimˆsame na

ekpaideÔsoume den mpo�oÔse na qrhsimopoi sei ta koutia san eÐsodo goa thn paragwg 

mˆskac . FaÐnetai loipìn ìti to SAM den mpo�eÐ na antapexèljei se opoiod pote peÐ�ama

qw�Ðc kajìlou sqetik  ekpaÐdeush .

4.4.4 CLIPSeg

To epìmeno � ma eÐnai na doÔme an to CLIPSeg �a kˆnei kalÔte�h douleiˆ . P�in xek-

in sei h diadikasÐa ekpaÐdeushc , ègine mia èreuna gia na prosdioristeÐ to kalÔte�o keÐ-

meno eisìdou gia aut n thn pe�Ðptwsh . Metˆ apì dokimèc sunduasm¸n protrop¸n ìpwc

"pneÔmonec", "aktinografÐa ", " �¸�akac ", se me�ikèc eikìnec , kajorÐsthke ìti h kalÔte�h

 tan apl¸c "pneÔmonec". Ta apotelèsmata apì to proekpaideumèno montèlo me aut n

thn protrop   tan �usikˆ anepa�k  , allˆ èkane to montèlo na sugklÐnei p�oc thn peri-

oq  twn pneumìnwn thc aktinografÐac , antÐjeta me ˆllouc sunduasmoÔc protrop¸n pou

dokimˆsthkan . Sugkekrimèna , to montèlo �ˆnhke na katanoeÐ ton ènnoia thc aktinografÐac ,

allˆ ìtan h protrop  "aktinografÐa " dì�hke se autì , akìmh kai ìtan sunduˆzetai me lèx-

eic ìpwc "pneÔmonec", den mpo�oÔse na estiˆsei stouc pneÔmonec . AntÐjeta , epèst�e�e thn

olìklh�h eikìna wc mˆska . Autì deÐqnei ìti to montèlo eÐqe mia katanìhsh tou ti eÐnai

mia aktinografÐa , allˆ h pa�oq  aut c thc lèxhc wc eisìdou , akìma kai ìtan sunduˆzetai

me lèxeic ìpwc "pneÔmonec", odhgeÐ se anikanìthta estÐashc stouc pneÔmonec . Ant' autoÔ,

epist�è�ei mia mˆska pou perièqei olìklh�h thn perioq  tou �¸�aka .

Me autˆ sto nou , to montèlo ekpaideÔthke se qÐliec aktinog�a�Ðec , lìgw pe�io�ism¸n

upologistik c isqÔoc , gia 20 epoqèc.

Metˆ apì autì , to nèo montèlo qrhsimopoi jhke se èna sÔnolo elègqou pou apoteloÔ-

tan apì perissìterec apì 2 qiliˆdec aktinografÐec , epitugqˆnontac èna mèso Sko� IoU Ðso

me 14,5% , to opoÐo den eÐnai idanikì. 'Opwc �aÐnetai sto 9.20, oi problepìmenec mˆskec

den epitÔgqane ton stìqo . Ephreazìtan apì ptuqèc thc aktinografÐac pou den eÐqan kamÐa

sqèsh me touc pneÔmonec kai, antÐjeta me to SAM , den �aÐnetai na estiˆzei kan se èna

pneÔmona. Wc apotèlesma , h aÔxhsh twn epoq¸n eÐnai èna logikì epìmeno � ma .

Metˆ apì 50 epoqèc ekpaÐdeushc, to CLIPSeg pètuqe mèso Sko� IoU Ðso me21,1% sto

sÔnolo elègqou . Apì ta apotelèsmata pou pa�ousiˆ
ontai sto 9.21, �aÐnetai ìti to montèlo

kinoÔtan p�oc th swst  kateÔ�unsh , allˆ den mpo�oÔse na antilh��eÐ tic dia�o�èc pou

em�anÐ
oun oi mh•ugieÐc pneÔmonec. Epiplèon , �aÐnetai ìti oi pio �wteinèc pe�ioqèc thc

aktinog�a�Ðac , ìpwc h pe�ioq  tou stomˆqou kai to stè�no , �lˆptoun to montèlo , ka�¸c
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apodÐdei uyhlìte�h pi�anìthta se autèc tic pe�ioqèc , kˆnontˆc to na diaqw�Ð
ei mè�h thc

aktinog�a�Ðac pou den eÐnai sqetikˆ me to peÐ�ama .

4.4.5 Sqìlia

EÐnai profanèc ìti h diadikasÐa ekpaÐdeushc tou SAM den eÐqe to idanikì apotèlesma .

Ta apotelèsmata , tìso apì ta paradeÐgmata mˆskac ìso kai apì ta sko� sto sÔnolo test

dedomènwn, apokalÔptoun mia sobar  pt¸sh sthn poiìthta se sÔgkrish me ta prohgoÔ-

mena peirˆmata . Pa�ˆ ta uposqìmena apotelèsmata , �aÐnetai ìti den  tan se �èsh na

aniqneÔsei tic mik�èc diaforèc twn mh ugi¸n pneumìnwn , me apotèlesma na upˆrxei mia

pt¸sh thc poiìthtac thc mˆskac katˆ mèso ì�o . Epiplèon , �aÐnetai ìti to montèlo estiˆzei

perissìtero sth pleu�ˆ tou pneÔmona pou to kajodhgeÐ to shmeÐo eisìdou . Wc apotèlesma ,

upˆrqei mia shmantik  diaforˆ sthn poiìthta thc mˆskac katˆ th sÔgkrish 20 me50 epo-

q¸n ekpaÐdeushc , allˆ to sko� pou epitugqˆnetai eÐnai akìmh polÔ qamhlì epeid  den

diaq¸rise ta mè�h endiafèrontoc kai h mˆska pou p�oèkuye eÐnai kˆti diaforetikì apì to


htoÔmeno.

To Ðdio mpo�eÐ na eipw�eÐ kai gia to CLIPSeg . To gegonìc ìti tìso to sÔnolo dedomènwn

ìso kai ta keÐmena pou pe�ièg�a�an tic mˆskec  tan nèec plh�o�o�Ðec gia to CLIPSeg

em�anÐ
etai p�agmatikˆ sta telikˆ apotelèsmata . To montèlo den eÐqe mìno duskolÐec sta

mh ugi  mè�h twn pneumìnwn , allˆ dhmioÔ�ghse epÐshc kak¸c pe�ig�ammènec mˆskec gia

pneÔmonec pou  tan ugieÐc. EÐnai endia�è�on ìti , ìpwc sto Corsica Fires , to IoU score pou

epitugqˆnetai eÐnai megalÔte�o apì autì tou SAM , allˆ oi mˆskec �aÐnetai na sugklÐnoun

pe�issìte�o p�oc thn pe�ioq  twn pneumìnwn ìtan q�hsimopoieÐtai to SAM . EpÐshc, to

CLIPSeg �ˆnhke na eph�eˆ
etai pe�issìte�o apì pe�ioqèc ektìc twn pneumìnwn , ka�¸c

den mpo�oÔse na q�hsimopoi sei thn eÐsodo gia na kent�ˆ�ei swstˆ th mˆska sto shmeÐo

endia�è�ontoc .

'Olec autèc oi pa�ath� seic , odhgoÔn sto sumpè�asma ìti ìtan p�ìkeitai gia pei�ˆmata

gia ta opoÐa ta montèla èqoun mhdenik  gn¸sh kai a�o�oÔn sÔnola dedomènwn dia�o�etikˆ

apì autˆ pou ta montèla èqoun sunh�Ðsei , apaiteÐtai mia pio d�astik  allag  gia na

p�oseggÐsoume apotelèsmata tìso kalˆ ìso autˆ pou pa�ath� �hkan me ta CityScapes

kai Corsican Fires . Autì to sumpè�asma enisqÔetai pe�aitè�w apì ta apotelèsmata tou PA•

SAM kai tou MedSAM . H �eltiwmènh p�osèggish tou p�¸tou od ghse se mˆskec kalÔte�hc

poiìthtac qw�Ðc thn anˆgkh ekpaÐdeushc , en¸ to deÔte�o  tan to monadikì montèlo pou

katˆ�e�e na diaqw�Ðsei ta ˆ��wsta mè�h twn pneumìnwn apì ta ugi  .
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Chapter 5

Sumpe�ˆsmata kai mellontik  douleiˆ

5.1 Sumpe�ˆsmata

5.1.1 SAM

Ta pei�ˆmata pou pa�ousiˆsthkan p�ohgoumènwc deÐqnoun p¸c o tÔpoc tou sunìlou

dedomènwn mpo�eÐ na eph�eˆsei thn poiìthta twn mˆskwn pou dhmiou�geÐ to montèlo . 'Oso

pe�issìte�o dia�è�oun oi eikìnec apì autèc pou ekpaideÔthke to SAM , tìso qei�ìte�h

teÐnei na eÐnai h poiìthta twn pa�agìmenwn mask¸n .

Sugkek�imèna , pa�ath� �hke ìti to SAM mpo�eÐ na dhmiourg sei mˆskec uyhl c

poiìthtac qw�Ðc thn anˆgkh Fine•tuning gia sÔnola dedomènwn me astik  �ematologÐa .

Sth sunèqeia , allˆzontac ton tÔpo tou sunìlou dedomènwn , me to Corsican Fires , eis gage

thn anˆgkh gia Fine•tuning gia na dhmiou�gh�oÔn apodektˆ apotelèsmata . Tèloc , h q� sh

exeidikeumènwn iatrik¸n sunìlwn dedomènwn èdeixe ìti akìmh kai metˆ apì Fine•tuning ta

apotelèsmata mpo�eÐ na eÐnai enÐote epituqhmèna   anepituq  , anˆloga me to pìso dÔskolo

eÐnai to sÔnolo dedomènwn.

AxÐ
ei na shmeiwjeÐ ìti ta qamhlˆ sko� pou epitugqˆnontai apì to SAM den antikatop-

trÐzoun ak�i�¸c thn poiìthta twn mask¸n pou parˆgontai   to dunamikì tou montèlou me

autoÔc touc tÔpouc twn iatrik¸n sunìlwn dedomènwn . Gia pa�ˆdeigma , pa�ìlo pou to mon-

tèlo den diaq¸rise ìla ta mitoqìndria mèsa se mia eikìna , autˆ pou èkane  tan leptomer¸c

tmhmatopoihmèna . H poiìthta twn mask¸n deÐqnei ìti to SAM èqei ì ,ti qreiˆzetai gia na

mˆjei ta qarakthristikˆ twn mitoqìndriwn kai th dunatìthta gia �eltÐwsh me pe�aitè�w

prosarmogèc sth diadikasÐa ekpaÐdeus c tou , Ðswc me kˆpoia pio �emeli¸dh allag  apì

thn allag  upe� •pa�amèt�wn .

'Ena p�ˆgma eÐnai sÐgouro : ta sumperˆsmata pou prokÔptoun apì aut n thn ergasÐa

gia to SAM eÐnai sÔmfwna me touc periorismoÔc tou montèlou , ìpwc pa�ousiˆsthkan

apì touc dhmiourgoÔc tou . Sugkekrimèna , to SAM den �eltistopoi �hke eidikˆ gia na

petuqaÐnei uyhlˆ sko� se sugkekrimèna peirˆmata tmhmatopoÐhshc . To gegonìc ìti dhmiou�g �hke

gia na kalÔyei èna eu�Ô �ˆsma efarmog¸n kai me dunatìthtec epexergasÐac se pragmatikì

q�ìno shmaÐnei ìti den �a mporèsei na epitÔqei ta sko� pou mpo�oÔn na epitÔqoun ˆlla

montèla pou eÐnai pio eidikeumèna   pio upologistikˆ apaithtikˆ .

'Ola autˆ ta sumpe�ˆsmata gÐnontai akìma pio sa�  ìtan lam�ˆnoume upìyh p¸c

qei�Ðsthkan tic aktinog�a�Ðec tou COVID•QU•EX ta PA•SAM kai MedSAM . EÐnai p�o�anèc
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ìti ˆlloi e�eunhtèc pou pei�amatÐsthkan me to SAM anakˆluyan ìti oi dunatìthtec tou

montèlou se pei�ˆmata gia ta opoÐa èqei mhdenik  gn¸sh eÐnai pe�io�ismènec kai upˆ�qoun

pe�ipt¸seic ìpou apaiteÐtai dia�o�etik  a�qitektonik  p�osèggish   akìma kai anˆgkh

gia ekpaÐdeush tou montèlou ek nèou , p�okeimènou na lh��oÔn apodektˆ apotelèsmata .

5.1.2 CLIPSeg

Ta apotelèsmata gia to CLIPSeg eÐnai parìmoia me autˆ gia to SAM, kaj¸c pa�ath� �hke

ìti ìso perissìtero ˆllaze o tÔpoc twn dedomènwn apì autˆ pou gnwrÐzei to montèlo , tìso

perissìtero pè�tei h poiìthta twn mask¸n . Autèc oi parathr seic eÐnai xanˆ sÔmfwnec

me touc periorismoÔc tou montèlou , ìpwc parousiˆzontai apì touc dhmiourgoÔc sto [7].

AutoÐ paradèqontai ìti to CLIP antimetwpÐzei duskolÐec me ektìc katanom c dedomèna kai h

apìdos  tou mpo�eÐ na upobajmisteÐ shmantikˆ , plhsiˆzontac thn tuqaiìthta . Epiplèon ,

to CLIP den antimetwpÐzei apeujeÐac autì to p�ì�lhma , allˆ �asÐzetai sthn upìjesh ìti

to ektetamèno kai poikÐlo sÔnolo dedomènwn ekpaÐdeus c tou kalÔptei ìlec tic pijanèc

katanomèc dedomènwn. Autì den isqÔei ìmwc gia exeidikeumèna iatrikˆ sÔnola dedomènwn ,

exaitÐac thc pt¸shc sthn poiìthta twn mask¸n .

'Ena ˆllo endiafèron shmeÐo eÐnai ìti to CLIPSeg xepè�ase to SAM sta sko� IoU

se ìla ta peirˆmata pou dokimˆsthkan se aut n thn ergasÐa . Pa�ˆ taÔta , oi mˆskec

pou dhmiou�g �hkan apì to CLIPSeg katˆ th diˆ�keia thc diadikasÐac �ˆnhkan na eÐ-

nai qei�ìte�a sqediagrafhmènec , dhmiourg¸ntac apotelèsmata pou �aÐnontai qei�ìte�a

sto anjr¸pino mˆti . Autì eÐnai idiaÐtera emfanèc sta iatrikˆ sÔnola dedomènwn , ìpou

to CLIPSeg dhmiou�geÐ polÔ qontrokommènec mˆskec , allˆ den qˆnei tìso pollèc plhro-

�orÐec ìso to SAM pou epikentr¸netai se èna pneÔmona   èna mitoqìndrio th �o�ˆ . 'Etsi ,

akìma kai an oi mˆskec tou CLIPSeg �aÐnontai qei�ìte�ec , to IoU a�o�ˆ thn epikˆluyh

pizel metaxÔ thc pragmatik c mˆskac kai thc problepìmenhc . Gia autì to lìgo to CLIPSeg

�aÐnetai upe�isqÔei .

5.2 Mellontik  Douleiˆ

5.2.1 SAM

'Htan profanèc apì thn prohgoÔmenh su
 thsh ìti h megalÔte�h adunamÐa tou SAM

 tan h uperbolik  estÐas  tou sto antikeÐmeno pou deÐqnetai apì thn eÐsodo kai h adunamÐa

tou na anagnwrÐsei ˆlla antikeÐmena thc Ðdiac klˆshc sthn eikìna . Autì to p�ì�lhma

phgˆ
ei apì ton tÔpo thc eisìdou pou lambˆnei to SAM, ton t�ìpo me ton opoÐo to an-

tilambˆnetai kai ton t�ìpo me ton opoÐo exˆgei plhroforÐec apì aut  gia to ti p�èpei na

diakrijeÐ . Wc apotèlesma , èna logikì epìmeno � ma gia th �eltÐwsh thc apìdoshc tou SAM

se exeidikeumèna sÔnola dedomènwn �a  tan na peiramatisteÐ me ton t�ìpo pou antimetwpÐzei

thn eÐsodì tou kai th plhroforÐa pou exˆgei apì tic eikìnec .

Kai ˆlloi èqoun katal xei ston Ðdio sumpè�asma katˆ th dokim  tou SAM kai ètsi èqoun

 dh anadujeÐ è�ga gia ton t�ìpo �eltÐwshc autoÔ tou stoiqeÐou . Eidikìtera , sto [10], pro-

teÐnetai mia ˆllh parallag  tou SAM, pou onomˆzetai PA•SAM. Se aut n thn parallag  ,
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to montèlo �elti¸netai prosjètontac èna nèo epÐpedo to opoÐo exˆgei pio leptomereÐc plhro-

�orÐec apì tic eikìnec pou dÐnontai sto montèlo . 'Etsi , epit�èpetai sto montèlo na eÐnai pio

euaÐsjhto se dÔskolec perioqèc thc eikìnac , pou qreiˆzetai perissìterec plhroforÐec gia

na tmhmatopoi sei swstˆ . Autèc oi plhroforÐec eÐnai pou �a perˆsoun sth sunèqeia mèsa

apì ton apokwdikopoiht  mˆskac tou SAM gia na �elti¸soun tic prokÔptousec mˆskec .

AutoÔ tou eÐdouc oi nèec enallaktikèc sthn a�qitektonik  tou montèlou , eˆn sunduastoÔn

me epa�k  ekpaÐdeush sta katˆllhla sÔnola dedomènwn , ìpwc èkane to MedSAM sto [11],

�a �oh� soun to montèlo na epitÔqei nèa Ôyh ston tomèa thc tomog�ˆ�hshc eikìnwn .

5.2.2 CLIPSeg

'Oson a�o�ˆ sto CLIPSeg, to p�ˆgma pou meÐwse shmantikˆ thn poiìthta thc problepì-

menhc mˆskac  tan o t�ìpoc me ton opoÐo oi mˆskec  tan asa�¸c kajorismènec , akìma kai

ìtan p�ìkeitai gia dedomèna pou mpo�eÐ na qeiristeÐ arketˆ kalˆ , ìpwc oi �wtièc .

Wc apotèlesma , h mellontik  ergasÐa pˆnw sto CLIPSeg �a p�èpei na epikentrwjeÐ

sto na dÐnei perissìterh p�osoq  stic leptomèreiec tou perigrˆmmatoc twn antikeimènwn .

Qreiˆzetai pio �i
ik  allag  ston t�ìpo me ton opoÐo to montèlo metatrèpei thn plhro-

�orÐa thc eikìnac se tènsorec . H prosèggish autoÔ tou probl matoc ìpwc to PA•SAM

antimet¸pise touc periorismoÔc tou SAM mpo�eÐ na eÐnai to kleidÐ gia th �eltÐwsh tou

montèlou sunolikˆ .
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Chapter 6

Theoretical Background

The purpose of this section is to analyze certain theoretical concepts that will be

mentioned across this work and play a major role in understanding the models or the

problems they try to solve.

6.1 Image Segmentation

The history of image segmentation in machine learning is closely intertwined with the

evolution of computer vision as a �eld. Image segmentation, the process of partitioning

an image into multiple segments or regions, has been a fundamental task in computer

vision with various applications ranging from medical imaging to autonomous driving.

6.1.1 Semantic Segmentation

Semantic segmentation is a computer vision task that involves assigning a label to

each pixel in an image, where the label indicates the object or region to which the pixel

belongs. In other words, the goal of semantic segmentation is to generate a segmentation

map per pixel accurately describing the objects and regions within an image. [1]

Semantic segmentation poses a challenge because objects can vary signi�cantly in

shape, size, and appearance, and may be partially occluded or overlapped by other objects

in the image. Additionally, images may contain multiple objects or regions that overlap or

are adjacent to each other, making the precise segmentation of individual objects di�cult.

The advent of deep learning, particularly convolutional neural networks (CNNs), revo•

lutionized semantic segmentation. These approaches typically use CNNs to learn a map•

ping from the input image to the output segmentation map. The CNN consists of a series

of layers designed to extract increasingly abstract features from the input image. The

output of the CNN is then processed by a decoder, which produces the �nal segmentation

map.

One of the key advantages of using CNNs for semantic segmentation is their ability

to capture high•level features that are useful for distinguishing between di�erent object

categories. For example, CNNs can learn to recognize shapes and texture properties of

various objects, as well as the spatial relationships between objects in the image.

For accurate object segmentation in the image, it is important to consider both local

and global contexts. The local context refers to the relationship between neighboring
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pixels, while the global context refers to the relationship between di�erent regions of the

image. Deep learning•based approaches for semantic segmentation often use a combina•

tion of techniques to capture both local and global contexts. These techniques include

pooling and convolutional layers operating at di�erent scales, skip connections allowing

information propagation between di�erent layers of the network, and spatial pyramid

pooling, which captures features at multiple scales.

The performance of semantic segmentation models is typically evaluated using metrics

such as Intersection over Union (IoU), Precision, Recall, and the F1•score. These metrics

provide a quantitative measure of how well the model is able to segment objects in the

image.

In summary, semantic segmentation is a challenging computer vision task that in•

volves assigning a label to each pixel of an image. Deep learning•based approaches for

semantic segmentation have achieved state•of•the•art performance on a variety of bench•

mark datasets and have numerous applications in �elds such as autonomous driving,

robotics, and medical imaging.

Figure 6.1. A typical semantic segmentation pipeline. For every single image, patches of
the image called windows are extracted and those windows are classi�ed. The resulting
semantic segmentation can then be re�ned. [1]

6.1.2 Instance Segmentation

Instance segmentation is a complex task in computer vision aiming to simultaneously

classify and segment each individual instance of an object in an image. In contrast to

semantic segmentation, which assigns a common label to all pixels belonging to a speci�c

object category, instance segmentation generates unique labels for each object instance

present in the image. The output of object segmentation is a binary mask precisely

outlining the boundaries of each object in the image. [2]

The task of object segmentation is quite challenging as it requires the model to accu•

rately distinguish between di�erent instances of objects belonging to the same class. This

means that the model must be able to segment individual objects that may have di�erent

sizes, shapes, orientations, and poses, as well as objects that may be partially occluded

or overlapped by other objects.
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Figure 6.2. A visualization of the di�erence between Semantic (left) and instance (right)
segmentation. [2]

Deep learning•based approaches have shown promise in addressing the instance seg•

mentation problem. These approaches typically employ a two•stage process consisting of

region proposal and segmentation. In the �rst stage, a Region Proposal Network (RPN) is

used to locate candidate object regions in the image. The RPN generates a set of proposal

bounding boxes likely to contain objects of interest. In the second stage, a segmentation

network is used for classifying and segmenting each candidate region. The segmentation

network takes the proposed regions generated by the RPN and produces an instance•level

segmentation mask for each proposal.

To capture both local and global context, instance segmentation models usually em•

ploy a combination of techniques such as multi•scale feature extraction, skip connections,

and feature pyramid networks. These techniques enable the model to extract high•level

features that can help distinguish between di�erent instances of objects and improve the

accuracy of instance segmentation.

The performance of instance segmentation models is typically evaluated using metrics

such as Average Precision (AP) and Average Recall (AR). AP measures the precision of

object detection and segmentation, while AR measures the model's ability to detect all

instances of an object class. These metrics are commonly used to evaluate the perfor•

mance of instance segmentation models on reference datasets, such as COCO [18], which

contain a large number of object instances in complex scenes.

Overall, instance segmentation is a challenging task in computer vision that re•

quires the model to accurately distinguish between di�erent instances of objects in an

image. Deep learning•based approaches have achieved signi�cant performance on ref•

erence datasets. Instance segmentation has numerous applications in �elds such as

autonomous driving, robotics, and surveillance. Further research is needed to improve

the accuracy and e�ciency of instance segmentation models and to extend their capabil•

ities to handle more complex and dynamic scenes.

6.1.3 Panoptic Segmentation

Panoptic segmentation is a demanding computational vision process that requires a

model to perform both semantic and instance segmentation simultaneously on an im•

age. The goal is to create a uni�ed image•level segmentation mask that combines both

semantic and instance•level information. Panoptic segmentation models typically employ

a two•stage process consisting of object detection and segmentation to achieve this task.

The �rst stage involves using an object detection network to locate and classify di�erent
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instances of objects in the image, while the second stage involves using a segmentation

network to create instance•level segmentation masks for each detected object instance.

[3]

Figure 6.3. A visualization of the di�erent types of segmentation. Panoptic Segmentation
Combines the per•pixel class labels of Semantic Segmentation with the per•object mask and
class labels of Semantic Segmentation. [3]

Similar to instance segmentation, one of the main challenges in panoptic segmenta•

tion is the accurate distinction between di�erent instances of objects of the same cate•

gory. Deep learning•based approaches often involve techniques such as feature fusion

and mask aggregation to combine high•level semantic information captured by the se•

mantic segmentation network with instance•level information captured by the instance

segmentation network.

For evaluating the performance of panoptic segmentation models, the Panoptic Qual•

ity (PQ) metric is commonly used, which measures the accuracy of the model in creat•

ing segmentation masks both at the semantic and instance levels. PQ is computed as

the product of two factors: Segmentation Quality (SQ), which measures the accuracy of

instance•level segmentation masks, and Recognition Quality (RQ), which measures the

accuracy of semantic segmentation masks.

Panoptic segmentation �nds numerous applications in �elds such as robotics, au•

tonomous driving, and surveillance. For example, in robotics, panoptic segmentation

can enable robots to navigate and interact with their environment more e�ectively by

accurately detecting and localizing objects. In the context of autonomous driving, panop•

tic segmentation can be used for real•time detection and tracking of other vehicles and

pedestrians, allowing autonomous vehicles to make safer and more informed decisions. In

surveillance, panoptic segmentation can be used for detecting and monitoring individuals

and objects of interest in large•scale environments.

Despite the progress made in the �eld of panoptic segmentation, there is still much

room for improvement. Further research is needed to develop more accurate and e�cient

panoptic segmentation models and to extend their capabilities to handle more complex

and dynamic scenes. Additionally, e�orts are made to make these models more accessible

and applicable in real•world scenarios and to address the challenges associated with
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training and deploying large•scale panoptic segmentation models on resource•constrained

devices.

6.2 Zero•shot learning

Zero•shot learning (([4])) represents a revolutionary approach in machine learning,

empowering models to extend their understanding beyond the con�nes of their training

data. Unlike traditional supervised learning methods, which are limited to predicting

within prede�ned classes, ZSL enables models to venture into uncharted territory by

recognizing and predicting classes not encountered during training.

The key to ZSL's prowess lies in enriching the model's training with supplementary

information, such as semantic descriptors, attributes, or inter•class relationships. By

incorporating this additional context, the model gains a nuanced comprehension of the

shared characteristics or connections among di�erent classes, facilitating its ability to

generalize to unseen categories.

Consider a scenario where a model is trained on a diverse array of animal images but

has never encountered a zebra before. Through ZSL, the model can still discern a zebra

in an image by leveraging its understanding of common attributes among animals, such

as stripes, despite lacking direct exposure to zebra images. 6.4

The signi�cance of ZSL becomes apparent in contexts where acquiring labeled data

for all conceivable classes is unfeasible or prohibitively expensive. By equipping models

with the capability to adapt and make informed predictions in novel situations, ZSL

opens doors to unprecedented opportunities for intelligent decision•making and problem•

solving.

Figure 6.4. zero•shot learning example. [4]
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6.3 Prompt engineering

Prompt engineering refers to the process of crafting or designing speci�c prompts or

instructions given to language models to elicit desired responses or behaviors [19]. These

prompts act as input to the model and guide it toward generating outputs that align with

the user's intentions or tasks.

In the context of language models, prompt engineering involves constructing prompts

in a way that encourages the model to perform certain tasks, answer questions, generate

text with speci�c tones, sentiments, or even exhibit forms of reasoning or problem•solving.

The e�ectiveness of prompt engineering relies on understanding the model's capabil•

ities and limitations and designing prompts that leverage these qualities to achieve the

desired outcomes. Engineers and researchers experiment with di�erent prompt formu•

lations, structures, and styles to maximize the model's performance for various tasks or

objectives.

For instance, in text generation tasks, prompts can be designed to provide initial

context, include speci�c keywords, or pose questions in a way that guides the model to

generate coherent and relevant text. In question•answering tasks, prompts might include

a question followed by relevant context to direct the model to provide accurate answers.

The primary bene�t of prompt engineering is the ability to achieve optimized outputs

with minimal post•generation e�ort. AI generated outputs can be mixed in quality, often

requiring skilled practitioners to review and revise. By crafting precise prompts, prompt

engineers ensure that AI•generated output aligns with the desired goals and criteria,

reducing the need for extensive post•processing.

Figure 6.5. A visual representation of how prompts can be used to improve a model's
reasoning.

6.4 Embeddings

Image embeddings in machine learning refer to numerical representations or feature

vectors that capture essential information about an image in a condensed form, commonly

used for image•related tasks.

Before image embeddings, one•hot encoding was a common method for representing

categorical variables. This unsupervised technique maps a single category to a vector

and generates a binary representation. The process includes creating a vector with a size
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equal to the number of categories, with all the values set to 0. Then, the row or rows

associated with the given ID or IDs is set to 1.

This technically works in turning a category into a set of continuous variables, but

the result is a huge vector of 0s with a single or a handful of 1's. This simplicity comes

with drawbacks. For variables with many unique categories, it creates an unmanageable

number of dimensions. Since each item is technically equidistant in vector space, it

omits context around similarity. In vector space, categories with little variance are not

any closer together than those with high variance. Intuitively, there was a need to be

able to create a denser representation of the categories and maintain some of the implicit

relationship information between items. That's where embeddings come in.

Embeddings are dense numerical representations of real•world objects and relation•

ships, expressed as a vector. The vector space quanti�es the semantic similarity between

categories. Embedding vectors that are close to each other are considered similar. By

using embeddings, models can share learnings across similar items rather than treating

them as two completely unique categories, as is the case with one•hot encodings. For

this reason, embeddings can be used to accurately represent sparse data as features to

downstream models.

These embeddings are powerful because they encode semantically meaningful infor•

mation about the image in a lower•dimensional space. Each dimension of the embedding

represents a di�erent aspect or feature of the image, allowing for similarities and di�er•

ences between images to be quanti�ed and compared. On the other hand, embeddings are

much more expensive to compute than one•hot encodings and are far less interpretable,

so that is something to keep in mind.

6.5 Sigmoid function

The sigmoid function is a mathematical function with an S•shaped curve [20]. It plays

a pivotal role in neural networks and other machine learning models. Its formula is:

� (x ) = 1
1+e� x .

Figure 6.6. A graph of a sigmoid function.
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The sigmoid function is used as an activation function in neural networks. Just to

review what is an activation function, the �gure below shows the role of an activation

function in one layer of a neural network. A weighted sum of inputs is passed through

an activation function and this output serves as an input to the next layer. When the

activation function for a neuron is a sigmoid function it is a guarantee that the output

of this unit will always be between 0 and 1, due to its properties. This ensures that the

output domain is standard, so the end results are always conclusive irrespective of the

input domain.

Another problem solved by the sigmoid function is non•linear separability. Suppose

a typical classi�cation problem, with a set of points in space and each point is assigned

a class label. If a straight line (or a hyperplane in an n•dimensional space) can divide the

two classes, then this is a linearly separable problem. On the other hand, if a straight

line is not enough to divide the two classes, then this is a non•linearly separable problem.

By using a linear activation function in a neural network, then the model can only

learn linearly separable problems. However, with the addition of just one hidden layer

and a sigmoid activation function in the hidden layer, the neural network can easily

learn a non•linearly separable problem. Using a non•linear function produces non•linear

boundaries and hence, the sigmoid function can be used in neural networks for learning

complex decision functions.

Moreover, the only non•linear function that can be used as an activation function

in a neural network is one which is monotonically increasing. So for example, sin(x) or

cos(x) cannot be used as activation functions. Also, the activation function should be

de�ned everywhere and should be continuous everywhere in the space of real numbers.

The function is also required to be di�erentiable over the entire space of real numbers.

Consequently, the fact that the sigmoid function is monotonic, continuous and di�eren•

tiable everywhere, coupled with the property that its derivative can be expressed in terms

of itself, makes it easy to derive the update equations for learning the weights in a neural

network when using a back propagation algorithm.

Lastly, an important hyper•parameter for the sigmoid function is the decision thresh•

old. As previously stated, When using the sigmoid activation in machine learning The

outputs represent the probability of either outcome 0 or outcome 1. If the predicted prob•

ability is greater than the decision threshold, the prediction is class 1. Otherwise, the

prediction is class 0. Depending on the problem, the decision boundary can be set to a

value that can help the model learn from its outputs and increase the quality of them.

6.6 Transformers

Transformer models have achieved remarkable results across various language tasks,

like text classi�cation. These successes in Natural Language Processing (NLP) is what led

to e�orts to apply these models to vision and multi•modal learning challenges.

Transformer architectures rely on a self•attention mechanism that learns relationships

among elements in a sequence. Their distinctive feature is the multi•head attention, which

is optimized for parallelization.
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Compared to convolutional and recurrent models, Transformers require minimal prior

knowledge about the problem structure.Also, while the other models process input piece

by piece, the Transformer processes the whole sequence at once. They are typically pre•

trained on large•scale unlabeled datasets using pretext tasks. This pre•training avoids

costly manual annotations and results in highly expressive, generalizable representations

that capture rich relationships among entities. Subsequently, these learned representa•

tions are �ne•tuned on downstream tasks in a supervised manner, in order to yield

favorable results.

The Transformer encoder is actually a stack of identical layers(6 layers in [21]). Stack•

ing the encoders, enables to processing the sequence multiple times. The idea behind

stacking is to be able to capture raw properties of the sentence �rst. More speci�cally,

the �rst layers focus on identifying part•of•speech tags, followed by constituents, depen•

dencies, semantic roles and co•reference. All encoder layers have two sub•layers: a)a

multi•head self•attention that processes the input and transmits it to b) a feed forward

neural network.

The decoder consists of the same amount of identical layers as the encoder. Each

decoder layer includes the same two sub•layers, as the encoder. In addition, the decoder

introduces a third sub•layer that performs multi•head attention over the encoder stack's

output. Additionally, the self•attention sub•layer in the decoder is modi�ed to prevent

positions from attending to subsequent positions. This masking, combined with the

o�set of output embeddings by one position, ensures that predictions for a given position

only depend on known outputs at positions preceding it.

Figure 6.7. The transformer model architecture. [5]
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6.6.1 Self•Attention

Self•attention is a mechanism that allows a token (or word) within a sequence to weigh

its importance in relation to other tokens in the same sequence [5]. It's particularly pow•

erful for capturing contextual information and modeling dependencies between di�erent

parts of the input (e.g., which words are likely to come together in a sentence).

The self•attention mechanism is an integral component of Transformers, which explic•

itly models the interactions between all entities of a sequence for structured prediction

tasks. Basically, a self•attention layer computes a weighted sum of the token represen•

tations, where the weights are determined by their relevance to each other and captures

contextual information by attending to all the parts of the input sequence.

Let's assume a sequence of n entities (x1; x 2; xn ), where X 2 Rnxd and d is the embed•

ding dimension to represent each entity. Each token is associated with three vectors:

ˆ Query (Q) : Represents the token we want to compute attention for.

ˆ Key (K) : Represents other tokens in the sequence.

ˆ Value (V) : Provides the value associated with each token.

So, the input sequence X is projected onto the weight matrices of each vector like so:

Q = X W Q, K = X W K and V = X W V . The output sequence Z would be equal to:

Z = softmax (QK T
p

dk
)V .

The attention score between the query token and each key token is calculated using

dot product similarity. The scores are normalized using the softmax function to obtain

attention weights. Finally, the weighted sum of value vectors is computed using these

attention weights.

Figure 6.8. An example self•attention block. Given the input sequence of image features,
the triplet of (key, query, value) is calculated followed by attention calculation and applying
it to re•weight the values. A single head is shown here.[5]

The main di�erence of self•attention with convolution operation is that the �lters are

dynamically calculated instead of static �lters (that stay the same for any input) as in

the case of convolution. Further, self•attention is invariant to permutations and changes

in the number of input points. As a result, it can easily operate on irregular inputs as

opposed to standard convolution that requires grid structure.
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Masked Self•Attention

The standard self•attention layer attends to all entities. For the Transformer model

which is trained to predict the next entity of the sequence, the self•attention blocks used

in the decoder are masked to prevent attending to the subsequent future entities [5]. This

is simply done by an element•wise multiplication operation with a mask M 2 Rnxn , where

M is an upper•triangular matrix.

In this case, the masked self•attention is de�ned as :

softmax (QK T
p

dq
� M )V , where � denotes the Hadamard product.

Multi•Head Self•Attention

In the Transformer, self•attention is enhanced by using multiple �heads�. In order to

encapsulate multiple complex relationships amongst di�erent elements in the sequence,

each head independently learns di�erent attention patterns and focuses on di�erent as•

pects of the input. These heads operate in parallel and the output of each head is

concatenated and linearly transformed to produce the �nal attention output. In [21] the

multi•head attention comprises of 8 self•attention blocks. Much like the case with simple

self•attention, each block has its own set of learnable weight matrices W (Qi ), W (K i ) and

W (Vi ). So for an input X, the output of each self•attention block is concatenated into a

single matrix Zi and projected onto the weight matrix W.

6.6.2 Self•Supervised Pre•Training

Self•attention•based Transformer models typically follow a two•stage training process.

First, they undergo pre•training on a large•scale dataset. Later, the pre•trained weights

are �ne•tuned for speci�c downstream tasks using smaller to medium•sized datasets.

The challenge lies in obtaining manual labels for a massive amount of data, which can

be cumbersome. To address this, self•supervised learning has proven highly e�ective dur•

ing the pre•training stage. By leveraging self•supervision, Transformer networks achieve

scalability and generalization, allowing them to learn from abundant, readily available,

non•annotated data.

The original Transformer model in [21] was trained for the Machine Translation task.

In machine translation, the goal is to convert text from one language (source language)

into another (target language). The encoder processes a sequence of words (a sentence)

in one language. To account for word positions, positional encodings are added to the in•

put sequence. These encodings, with dimensions matching the input size (typically 512),

capture the relative positions of words. They can be either learned during training or

pre•de�ned using functions like sine or cosine. As for the decoder, as an auto•regressive

model, it generates the next word in the translated sentence based on previous predic•

tions. The decoder takes input from both the encoder and its own previous outputs.

By combining information from the source language (encoder) and the context it has

generated so far, the decoder predicts the next word in the target language.
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6.6.3 Large Data Requirements

Transformer architectures, unlike Convolutional Neural Networks (CNNs), do not in•

herently incorporate speci�c biases or prior knowledge to handle visual data. As a con•

sequence, Transformers often require extensive training to learn the underlying rules

speci�c to the modality they are dealing with.

For instance, a CNN bene�ts from built•in properties such as translation invariance,

weight sharing, and partial scale invariance due to pooling operations and multiscale

processing blocks. In contrast, a Transformer network must discover these image•speci�c

concepts independently from the training examples. Consequently, this leads to longer

training times, higher computational demands, and the need for large datasets.

To mitigate these challenges, practitioners often employ data augmentation techniques

to enhance the performance of Transformer models when handling visual data. These

techniques help the model generalize better and learn the necessary inductive biases for

e�ective image processing.
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State of the art models and Methodology

In this section we present the models that will be tested later in this work. Segment

Anything Model and CLIPSeg are considered state•of•the•art in their respective domains,

especially with the zero•shot capabilities they have displayed. After that, we present the

methodology that will be followed to test them on certain datasets.

7.1 Segment Anything Model (SAM)

Large language models pre•trained on web•scale datasets, transformed natural lan•

guage processing with remarkable zero•shot and few•shot capabilities. They have now

extended their impact beyond trained tasks and data sets. These models, trained on ex•

tensive web•based corpora, showcase impressive adaptability through prompt engineer•

ing, where tailored prompts guide the model to generate relevant responses for diverse

tasks.

While signi�cant advancements have occurred in vision and language encoders, nu•

merous computer vision challenges lack su�cient training data. As a result, there is

a need for creating a foundational model for image segmentation. This entails crafting

a promptable model and pre•training it on a diverse dataset, using a task that fosters

robust generalization.

One such model is SAM (Segment Anything Model [6]), a deep learning model designed

for semantic image segmentation tasks. It is characterized by its ability to segment im•

ages into di�erent classes or categories, understanding the spatial relationships between

various objects within the image and the fact that it enables promptable segmentation.

The approach of SAM is analogous to how other foundation models are used, e.g., how

CLIP is the text•image alignment component of the DALL•E image generation system [7].

The creators of SAM established a segmentation task that is adaptable enough to

serve as a robust pretraining objective and facilitate various downstream applications.

This task necessitates a model capable of dynamic prompting and real•time generation

of segmentation masks, enabling interactive utilization. To e�ectively train the model,

access to an extensive and diverse dataset is required, which was not readily available on

a web•scale basis for segmentation tasks. To counter this limitation, the authors develop

a "data engine" strategy. This involves a cyclical process wherein their e�cient model aids

in data collection, and subsequently, the newly acquired data enhances and re�nes the
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model itself.

Figure 7.1. An overview of Segment Anything Model's architecture.[6]

7.1.1 Architecture

The model architecture intricately combines various components to process input

images and prompts for generating valid masks.The architecture comprises of three main

components: an image encoder, a prompt encoder and a mask decoder, while the prompts

it can handle are of three di�erent kinds: text, bounding boxes and points.

The architecture comprises an image encoder processing 1024x1024 images, con•

densing them into a 64x64, 256•channel feature map. A prompt encoder handles various

prompts (text, bounding boxes, points), embedding them into vector embeddings. The

mask decoder layer merges these embeddings, producing three segmentation masks cap•

turing nested depth levels of segments. These masks accommodate ambiguous prompts,

like distinguishing between parts of a scissor.

Starting with the image encoder,a Masked Auto Encoder (MAE) pre•trained Vision

Transformer (ViT) [22] takes the 1024x1024 input image and condenses it into a 64x64,

256•channel feature map, which is the image embedding. To reduce the channel dimen•

sions it uses a 1 Ö1 convolution to get to 256 channels, followed by a 3 Ö3 convolution

also with 256 channels [23].

The prompts encoder maps the input prompts to 256•dimensional embedding vectors.

Input points are represented by the sum of the positional embedding of the points position

and the embedding that indicates whether the point is in the foreground or not. Bounding

box prompts are represented by the pair of the positional encodings of the box's corners.

Text prompts are encoded using the text encoder from a pre•trained CLIP model, delivering

con�dence values for image•caption pairs via contrastive learning [24].

The mask decoder module maps the image and prompt embeddings to an output

mask. It was based on a standard Transformer decoder from [21]. SAM uses a two•layer

decoder. Each decoder layer performs self•attention on the prompt embeddings and cross•

attention from prompt embeddings to the image embedding and vice•versa. This step

updates the image embedding with prompt information to enhance context awareness

and mutual understanding between prompts and images. Through multiple iterations

and attention layers, the �nal prompt and image embeddings interact, upscaling image

embeddings to a 512x512, 256•channel space while extracting mask embeddings for �nal

mask generation. MLP layers map these embeddings for mask generation, trained using

focal and dice loss functions. Separate MLPs predict IoU scores for each mask, aiding in
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model evaluation and training.

Figure 7.2. Details of the lightweight mask decoder. A two•layer decoder updates both
the image embedding and prompt tokens via cross•attention. Then the image embedding is
upscaled, from which the updated output tokens are used to dynamically predict masks.[6]

7.1.2 Ambiguity•aware Model

A single prompt may be ambiguous in the sense that it could corresponds to multiple

valid masks, and the model will learn to average over these masks. To eliminate this

problem SAM was modi�ed to predict multiple masks simultaneously. By default SAM

predicts three masks, since it was observed that three layers (whole, part, and subpart)

were usually enough to describe nested masks, as seen in 7.1

To minimize computation of degenerate losses at training and ensure the single unam•

biguous mask receives a regular gradient signal, SAM only predicts a single mask when

more than one prompt is given. This is accomplished by adding a fourth output token for

an additional mask prediction. This fourth mask is never returned for a single prompt

and is the only mask returned for multiple prompts.

7.1.3 Segment Anything Data Engine

While working on SAM Model, the creators found that existing datasets were not

abundant for the zero•shot capabilities they wanted to achieve with SAM. As a result,

they created the Segment Anything Data Engine, in order to collect the right amount and

quality of data.

The �rst stage of the data engine was the Assisted•Manual Stage . During the initial

stage, akin to traditional interactive segmentation methods, a team of professional an•

notators labeled masks by selecting foreground/background points through a browser•

based interactive segmentation tool powered by SAM. The tool allowed re�nement of

masks using pixel•precise "brush" and "eraser" tools. Real•time model•assisted annota•

tion was conducted directly within a browser, leveraging precomputed image embeddings

for an interactive experience. Annotators were encouraged to label objects they could

identify without collecting corresponding names or descriptions. They prioritized labeling

objects by prominence and moved to the next image if annotation exceeded 30 seconds.

SAM underwent initial training using common public segmentation datasets, followed by

retraining using newly annotated masks. As the dataset expanded, the image encoder

transitioned from ViT•B to ViT•H, accompanied by architectural adjustments through
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six model retrainings. With SAM's re�nement, the average number of masks per image

surged from 20 to 44, culminating in the collection of 4.3 million masks from 120,000

images during this stage.

The next stage of the data engine was the Semi•Automatic Stage . In this stage,

the objective was to enhance the diversity of masks, to improve the model's segmentation

capabilities across various objects. To direct annotators' attention towards less prominent

objects, con�dent masks were �rst automatically detected. Subsequently, annotators

were presented with images pre•�lled with these masks and tasked with annotating any

additional unmarked objects. Con�dent masks were identi�ed by training a bounding

box detector on all masks from the initial stage. Throughout this stage, an additional 5.9

million masks were collected across 180,000 images, bringing the total to 10.2 million

masks. Similar to the �rst stage, the model was periodically retrained on newly acquired

data (�ve times). The average annotation time per mask increased to 34 seconds due

to the increased complexity of labeling these objects. The average number of masks per

image rose from 44 to 72, inclusive of the automatic masks.

The last stage of the data engine was the Fully•Automatic Stage . In the �nal stage,

annotation became fully automatic, facilitated by two signi�cant enhancements to the

model. Initially, the model had amassed a substantial collection of masks, considerably

improving its performance, incorporating diverse masks from previous stages. Secondly,

by this stage, the ambiguity•aware model had been developed, enabling the prediction

of valid masks even in ambiguous scenarios. Speci�cally, the model was prompted with

a 32 Ö32 regular grid of points, predicting a set of masks corresponding to potential

valid objects for each point. With the ambiguity•aware model, if a point intersected

a part or subpart, the model returned the subpart, part, and entire object. The IoU

prediction module aided in selecting con�dent masks, while stable masks were identi�ed

and selected based on similar results when thresholding the probability map. Following

the selection of con�dent and stable masks, non•maximal suppression (NMS) was applied

to eliminate duplicates. Additionally, to enhance the quality of smaller masks, multiple

overlapping zoomed•in image crops were processed. Fully automatic mask generation

was applied to all 11 million images in the dataset, resulting in the production of 1.1

billion high•quality masks.

7.1.4 Segment Anything Dataset

The 11 million images and 1.1 billion masks created during the process described

above were used to create the SA•1B dataset [25]. These images have the highest resolu•

tion of any other dataset created for similar purposes (3300x4950 on average). Common

themes of the images include: locations, objects, scenes.

As for the masks, they range from large scale objects such as buildings to �ne grained

details such as door handles. 99.1% of them were generated fully automatically, so a

quality assurance was important. For that purpose, 500 random images were sampled

and professional annotators were asked to improve the quality of the masks associated

with these images. The writers found that 94% of the improved masks had a IoU score
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higher than 90%, which is a way better result than those achieved by similar datasets,

like COCO.

Figure 7.3. Example images with overlaid masks from SA•1B Dataset, with di�erent
ranges of masks per image.[6]

Lastly, it is noted that to ensure a diverse dataset, the images were taken from a

variety of geographic locations and contain depictions of di�erent age groups, skin tones

and genders.

Figure 7.4. Estimated geographic distribution of SA•1B images, meant to promote the
diversity of the dataset.[6]
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7.1.5 SAM's Automatic Mask Generator

By the end of the creation of the SA•1B dataset, the version of SAM that was used

to generate masks automatically and enhance the dataset had become a separate au•

tonomous model. The model was trained on such a big amount of manual and semi•

automatic data that the Automatic Mask Generator created had zero•shot capabilities.

The SAM Automatic Mask Generator works by sampling single•point input prompts in a

grid over the image, from which SAM predicts as many masks as it can di�erentiate. This

pre•trained model is di�erent than the default SAM, which was trained on automatically

created data, because it can segment the entirety of an image to di�erent parts without

the need for a speci�c prompt.

Figure 7.5. An example of SAM's Automatic Mask Generator in action.[6]

7.1.6 Limitations

In the broader context of computer vision, SAM was found to demonstrate commend•

able performance. However, it is not without limitations. The creators found that SAM

occasionally overlooks �ne details and may generate small, disconnected components as

part of the masks [6]. Additionally, its boundary delineation is not as sharp as more

resource•intensive methods.

While SAM caters to a wide range of applications, it is not speci�cally optimized for

high Intersection over Union interactive segmentation. Despite its real•time processing

capabilities, SAM's overall performance may not be real•time when utilizing a heavy image

encoder.

Finally, it is essential to acknowledge that domain•speci�c tools may surpass SAM in

their respective specialized domains.
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7.2 Contrastive Language•Image Pre•training (CLIP)

CLIP (Contrastive Language•Image Pre•training) is the �rst multi•modal (in this case,

vision and text) model tackling computer vision and was released by OpenAI. It can be

instructed in natural language to predict the most relevant text snippet, given an image,

without directly optimizing for the task, similarly to the zero•shot capabilities of GPT•2

and 3. [7]

In their research, the authors addressed the gap in understanding the behavior of

image classi�ers trained with natural language supervision on a large scale. Leveraging

publicly available data from the internet, they curated a novel dataset comprising 400

million (image, text) pairs. The study explored the scalability of CLIP by training a series

of eight models spanning a wide range of computational resources. Remarkably, they

observed that transfer performance was a predictable function of compute. Similar to

the GPT family, CLIP exhibited the ability to perform diverse tasks during pre•training,

including geo•localization, and action recognition.

To evaluate CLIP's capabilities, the researchers benchmarked its zero•shot transfer

performance across more than 30 existing datasets. Impressively, CLIP demonstrated

competitiveness with prior task•speci�c supervised models. Additionally, linear•probe

representation learning analysis con�rmed CLIP's superiority over the best publicly avail•

able ImageNet model, all while maintaining computational e�ciency.

Notably, the study highlighted that zero•shot CLIP models exhibit greater robustness

compared to equivalent accuracy supervised ImageNet models, emphasizing the impor•

tance of zero•shot evaluation for assessing a model's true capabilities.

Figure 7.6. An overview of CLIP's approach. While standard image models jointly train an
image feature extractor and a linear classi�er to predict some label, CLIP jointly trains an
image encoder and a text encoder to predict the correct pairings of a batch of (image, text)
training examples.[7]

7.2.1 The use of natural language

The research team's approach centers around the concept of learning perception

through natural language supervision. They highlight advantages of learning from nat•

ural language compared to other training methods with regards to scalability. Natural
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language supervision is easier to scale compared to traditional crowd•sourced labeling

for image classi�cation. It doesn't require annotations in a speci�c machine learning•

compatible format, such as the canonical 1•of•N majority vote �gold label.� Instead, meth•

ods based on natural language can learn passively from the abundant text available on

the internet. Furthermore, unlike many unsupervised or self•supervised learning ap•

proaches, learning from natural language doesn't merely focus on representation learn•

ing. It also establishes a connection between that representation and language, enabling

�exible zero•shot transfer.

7.2.2 CLIP Dataset

In their investigation, the researchers highlighted the limitations of existing datasets

such as MS•COCO and Visual Genome. While these datasets are of high quality, they

fall short in terms of scale, containing approximately 100,000 training photos each In

contrast, other computer vision systems leverage massive datasets, including up to 3.5

billion Instagram photos. However, the metadata associated with Instagram images is

often sparse and variable in quality.

To address this gap, the team �ltered the dataset to retain only images with natural

language titles or descriptions in English, resulting in a reduced dataset of 15 million

photos�approximately the same size as ImageNet.

The primary motivation for embracing natural language supervision lies in the abun•

dance of publicly available data in this format on the internet. Existing datasets do not

fully capture this potential, and evaluating results solely on those datasets would un•

derestimate the research possibilities. To rectify this, the researchers curated a novel

dataset comprising 400 million (image, text) pairs sourced from various publicly accessi•

ble internet repositories. During the construction process, they speci�cally searched for

pairs where the text included one of 500,000 prede�ned queries. By class balancing the

results and including up to 20,000 (image, text) pairs per query, they aimed to cover a

broad spectrum of visual concepts. The resulting dataset, known as WIT (WebImageText),

boasts a total word count similar to the WebText dataset used to train GPT•2.

7.2.3 Data Overlap

When pre•training a model on such a large internet dataset, the writers were concerned

about a possible, unintentional overlap with downstream evaluation data. Investigating

this issue is crucial because, in a worst•case scenario, the pre•training dataset could

inadvertently include a complete copy of an evaluation dataset. Such overlap would

invalidate the evaluation as a meaningful test of generalization. One approach to mitigate

this risk is to identify and remove all duplicates before training the model. However, this

strategy has limitations�it requires prior knowledge of all possible evaluation data, which

can restrict benchmarking and analysis. On the other hand, introducing a new evaluation

dataset would necessitate an expensive re•training process or risk reporting unquanti�ed

bene�ts due to overlap. Instead, they decided to investigate how much overlap occurs

and whether the performance changes due to these overlaps were signi�cant.
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For this purpose they created several subsets of the datasets they used, some with

varying percentages of overlap, with the maximum overlap being 21 :5%, and some that

were "clean", meaning they had no overlap at all. The di�erence in zero•shot accuracy

of CLIP on the subset that contains all the images and the subset that contains only the

"clean" ones, is basically the di�erence in accuracy due to contamination. The average

overlap from all the subsets used was 3 :2%, while the average shift in overall accuracy

was found to be about 0 :1%. According to the writers, these �ndings need not raise

concerns regarding data overlap, since were similar to other duplicate analysis from their

bibliography.

7.2.4 Contrastive learning

Previous models employed a predictive objective, attempting to predict the exact ac•

companying text for each image. However, CLIP takes a di�erent approach by leveraging

contrastive learning to enhance image representations. The core concept of contrastive

learning involves pulling together representations of similar examples while pushing apart

representations of dissimilar examples.

In a contrastive learning setup, each data point is associated with other data points in

the dataset, forming positive and negative pairs. The objective is to maximize similarity

between positive pairs and minimize similarity between negative pairs in the embedding

(representation) space, typically quanti�ed using cosine similarity.

Figure 7.7. A simple example of contrastive learning. In this example the goal is to
maximize the distanse between the �rst two samples and the third one, since they are
parts of di�erent classes.

The e�ectiveness of contrastive learning relies on diverse examples to learn meaningful

representations. CLIP's training on a large dataset grants it access to a wide range of con•

texts, patterns, and variations, allowing it to capture richer and more nuanced features

from the data. Consequently, the authors observed a 4x e�ciency improvement in zero•

shot transfer to ImageNet when they replaced the predictive objective with a contrastive
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one.

7.2.5 Pre•training

In the context of a batch of N (image, text) pairs, the CLIP model is designed to predict

which of the N Ö N possible pairings (across the entire batch) actually occurred. To

achieve this, CLIP learns a multi•modal embedding space by simultaneously training an

image encoder and a text encoder. The goal is to maximize the cosine similarity between

the embeddings of real image•text pairs within the batch while minimizing the cosine

similarity between the embeddings of incorrect pairings (i.e., pairs that do not correspond

to actual image•text associations). The optimization process involves using a symmetric

cross•entropy loss based on these similarity scores.

Importantly, due to the ample size of the pre•training dataset, concerns related to

over�tting are mitigated. CLIP relies on a linear projection to map each encoder's repre•

sentation to the multi•modal embedding space.

7.2.6 Architecture

Two di�erent architectures for the image encoder were considered. The �rst archi•

tecture leverages ResNet•50 ([26]) as the base model for the image encoder. ResNet•50

is widely adopted and has demonstrated strong performance in various tasks. However,

the researchers introduce several modi�cations inspired by ResNet•D enhancements to

enhance its capabilities. For the second architecture, they delve into the Vision Trans•

former (ViT)[22]. Following a closely aligned implementation, they incorporate a minor

adjustment: the inclusion of an additional layer normalization applied to the combined

patch and position embeddings before feeding them into the transformer.

As for the text encoder used, it is a Transformer [21] with the architecture modi�ca•

tions described in [24]. As a base size, a 63M•parameter 12•layer 512•wide model with 8

attention heads is utilized. For computational e�ciency, the maximum sequence length

is capped at 76. The text sequence is enclosed with [SOS] and [EOS] tokens, and the

activations of the highest layer of the transformer at the [EOS] token serve as the fea•

ture representation of the text. This representation is then layer•normalized and linearly

projected into the multi•modal embedding space.

7.2.7 CLIP's Prompt Engineering

In most standard image classi�cation datasets, information related to class names or

descriptions�essential for natural language•based zero•shot transfer�is often treated as

an afterthought. Typically, these datasets annotate images with numeric labels, which

are then mapped back to their English names.

An additional challenge arises from the fact that in the pre•training dataset, text paired

with images is rarely a single word. Instead, it tends to be a full sentence describing the

image. To address this distribution gap, we discovered that using the prompt template "A

photo of a label." serves as a good default. This template explicitly indicates that the text
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pertains to the image's content, and it often improves performance compared to using

only the label text. For instance, employing this prompt enhances accuracy on ImageNet

by 1.3%.

Furthermore, we observed that zero•shot performance can be signi�cantly enhanced

by customizing the prompt text for each speci�c task. For �ne•grained image classi�cation

datasets, specifying the category in the prompt proved bene�cial. For example, on the

Oxford•IIIT Pets dataset, using "A photo of a label, a type of pet." provided helpful context.

7.2.8 Limitations

While actual training examples undoubtedly contribute to performance, CLIP does not

directly optimize for few•shot scenarios. Instead, researchers often resort to �tting linear

classi�ers on top of CLIP's features. Interestingly, this approach leads to a counter intu•

itive drop in performance when transitioning from zero•shot to few•shot settings. Notably,

this behavior di�ers from human performance, which typically exhibits a substantial im•

provement from zero•shot to one•shot scenarios. To address this, future research should

focus on methods that combine CLIP's robust zero•shot capabilities with e�cient few•shot

learning strategies.

In the context of �ne•grained classi�cation, CLIP exhibits limitations when di�eren•

tiating between types of an object, like car models, �ower species, or aircraft variants.

Additionally, it faces challenges in abstract and systematic tasks, such as object counting

within images. Despite its strong zero•shot generalization to many natural image distri•

butions, CLIP still struggles with truly out•of•distribution data and its performance can

degrade signi�cantly, approaching randomness. For instance, a basic logistic regression

model trained on raw pixels outperforms zero•shot CLIP on handwritten digits from the

MNIST dataset. Notably, the absence of MNIST•like images in CLIP's pre•training dataset

highlights the underlying issue of brittle generalization in deep learning models. Rather

than directly addressing this problem, CLIP relies on the assumption that its extensive

and diverse training dataset covers all possible data distributions�an assumption that

can be easily violated, as demonstrated by MNIST.

7.3 CLIPSeg Model

The challenge of generalizing to unseen data is essential for various applications in

arti�cial intelligence. While humans excel at this task, computer vision systems face

di�culties. Image segmentation requires models to output predictions for each pixel,

requiring not only predicting what can be seen but also where it can be found, but

classical semantic segmentation models are limited to training categories.

With that in mind, the CLIPSeg model [8] was created as a versatile tool that can

segment based on text queries or images, surpassing existing multi•task benchmarks

like Visual Decathlon. It uses a pre•trained CLIP model as a backbone and a thin condi•

tional segmentation layer (decoder) to process prompts in text and images. The decoder

is trained to relate activations inside CLIP with output segmentation, minimizing dataset
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bias and maintaining CLIP's excellent predictive capabilities. A generic binary prediction

setting is employed, where a background that matches the prompt must be di�erenti•

ated from the background. This binary setting can be adapted to multi•label predictions

needed by Pascal zero•shot segmentation. CLIPSeg achieves competitive performance

across three low•shot segmentation tasks and can generalize to classes and expressions

it has never seen segmentation.

The study uses the visual transformer•based CLIP model as a backbone and extends

it with a small, parameter•e�cient transformer decoder.

7.3.1 Architecture

The authors propose CLIPSeg, a compact, purely•transformer•based decoder with U•

Net•inspired skip connections to the CLIP encoder. A single embedding, generated by

CLIP's encoder for a target image, is insu�cient to identify precise segmentation masks.

A lot of useful information required by the decoder is not available in the embedding.

However, it is available in the attention activations of the encoder's transformer blocks.

So CLIPSeg opts for a U•Net•like architecture where its three decoder blocks are connected

to three of the vision transformer encoder's blocks. Their attention information enables

the decoder blocks to more accurately infer both nearby and distant spatial and semantic

relationships in the image.

The original CLIP is constrained to a �xed image size due to the learned positional

embedding. To enable di�erent image sizes, the authors interpolate the positional em•

beddings. To validate the viability of this approach, they compared prediction quality for

di�erent image sizes and found that performance only decreases for images larger than

350 pixels. So, in experiments they used a patch size of 16 and projection dimension D =

64. Lastly, the original CLIP was not trained, but used as a frozen feature extractor.

In zero•shot environments the supplied text prompt is run through CLIP's text encoder

to obtain an embedding vector. Note that this is not a simple image processing operation

of isolating the object using the object mask and then obtaining an embedding for the

isolated object. Instead, the object mask must condition the multi•head attention weights

themselves so that attention is restricted to the image patches in the unmasked areas

while ignoring the masked areas.

In CLIP's joint text•image embedding space is prepared using contrastive pair training,

related text•image pairs, along with their semantically nearby texts and images, cluster

close to one another. So the embedding for the text prompt will be near to its semantically

related image embeddings. Essentially, CLIPSeg converts the text prompt to its equivalent

visual concept in the form of an embedding.

The target image to segment is run through CLIP's visual encoder network. However,

its goal is not to obtain an embedding for the image. Instead it's interested in the attention

activations of the third, sixth, and ninth encoder blocks to act as sources of skip con•

nections to the decoder blocks. To keep the decoder model light, just these three blocks

were used, but the writers note that more can be added for improved accuracy. More

speci�cally, the three transformer blocks of CLIPSeg decoder are:
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ˆ First decoder block : Uses the conditioned features from the previous step and

combines them with the activations from its skip connection to the ninth encoder

block.

ˆ Second decoder block : Combines the �rst block's activations with the activations

from its skip connection to the sixth encoder block.

ˆ Third decoder block : Combines the second block's activations with the activations

from its skip connection to the �rst encoder block.

Next, CLIPSeg conditions the last selected encoder block's activations on the prompt

embedding using FiLM. The prompt embedding is used to obtain feature•wise weight

as matrices, which are combined with the encoder block's activations through an a�ne

transform.

The three transformer blocks output the image patch tokens that constitute the seg•

mentation mask for the given prompt. Lastly, these mask tokens are converted to a

binary segmentation mask that's the same size as the target image. This is done using

a transposed convolution layer that upsamples the decoder's mask tokens to a binary

segmentation mask that's the same size as the image.

Figure 7.8. Architecture of CLIPSeg: extending a frozen CLIP model (red and blue) with a
transformer that segments the query image based on either a support image or a support
prompt.[8]

It is worth noting that CLIPSeg is also able to handle images as prompts, but this was

not explored in this work.

7.3.2 Feature•wise Linear Modulation (FiLM)

Text or image prompts are additional multi•modal inputs that the model must combine

with a target image in some way. In�uencing a model's results in this fashion, with

additional input, is called "conditioning." For example, a popular conditioning technique

for natural language processing (NLP) combines token position embeddings with input text

embeddings. But that approach just in�uences the �rst layer. Conditioning techniques

that in�uence not just the �rst but every layer of the model give better results. CLIPSeg

uses one such technique called feature•wise linear modulation (FiLM) [27].

FiLM works as follows:
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ˆ It obtains the feature maps from a selected transformer block in the CLIP encoder.

If the feature matrix is F(i,c), that means the ct h feature map is created for the it h

input token (image patch).

ˆ It calculates feature•wise weights for each di�erent feature•map and uses them to

apply an a�ne transform to the layer's feature map to generate a new conditioned

feature map. This transformation is feature•wise, meaning it operates indepen•

dently on each channel or feature dimension and is based on conditioning informa•

tion taken from the text prompts.

7.3.3 PhraseCut Dataset

The PhraseCut dataset [9], which contains over 340,000 phrases with corresponding

image segmentations, was used to train CLIPSeg. It was extended to include visual

support samples and negative samples. To add visual support images for a prompt,

random samples were drawn from the set of all unique phrases, relying only on the text

prompt. Negative samples were introduced, where no object matches the prompt, and

the sample's phrase was replaced by a di�erent phrase. Phrases were also augmented

randomly using a set of �xed pre�xes, and images were cropped under consideration

of object locations, ensuring the object remains partially visible. The extended dataset,

PhraseCut+ (PC+), supports training using image•text interpolation, allowing for a joint

model operating on text and visual input.

The �nal dataset for the PhraseCut task consists of 345,486 phrases across 77,262

images, covering 70% of the images in Visual Genome dataset. There is no overlap with

COCO images with the test split, allowing models pre•trained on COCO to be used and

evaluated fairly. The dataset contains 1,272 unique category phrases, 593 unique at•

tribute phrases, and 126 relationship phrases with frequency over 20. The dataset also

demonstrates the long•tailed distribution of concepts and how attributes and relation•

ships vary in di�erent categories.

Figure 7.9. Example annotations on images from the PHRASECUT dataset. Colors (blue,
red, green) of the input phrases correspond to words that indicate attributes, categories,
and relationships respectively [9].
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7.4 PA•SAM

The Segment Anything Model (SAM) has demonstrated exceptional performance across

various image segmentation tasks, but it has been found to encounter challenges in mask

prediction quality in real•world scenarios despite being trained with extensive data. In

[10], a novel prompt•driven adapter into SAM is introduced, dubbed Prompt Adapter

Segment Anything Model (PA•SAM), with the objective of enhancing the segmentation

mask quality of the original model. Through exclusive training of the prompt adapter,

PA•SAM extracts detailed image information and optimizes the mask decoder feature at

both sparse and dense prompt levels, thereby enhancing the segmentation performance

of SAM to generate high•quality masks.

7.4.1 Motivation

SAM has demonstrated the ability to produce multiple accurate and plausible masks

for arbitrary images using prompts, thus indicating signi�cant in�uence and potential

advancements in segmentation tasks. Subsequent research e�orts have expanded SAM's

applications across various domains and have unveiled SAM's limitations in achieving

high•quality segmentation performance, particularly evident in coarse mask boundaries

for objects such as tennis rackets for example. Hence, there is a strong motivation to

devise a network capable of furnishing SAM directly with detailed information to enhance

the mask decoder feature. At �rst glance, augmenting annotations with additional points

or more precise masks seems like the most direct approach. However, drawing inspiration

from this basic intuition, the question arises whether the model could autonomously

discern and communicate such details to SAM, thereby substantially enhancing SAM's

segmentation quality without necessitating additional user input.

With that in mind, an attempt was made to address this challenge by introducing the

Prompt Adapter Segment Anything Model (PA•SAM). This network is designed to explore

uncertain areas within images and integrate low•level detail information into both dense

and sparse prompts, thereby enhancing SAM's capacity to learn intricate details. To

achieve this, a prompt•driven adapter is proposed to facilitate adaptive detail enhance•

ment and hard point mining. Unlike conventional adapters, this prompt adapter focuses

on optimizing prompt features rather than image features, enabling the extraction of de•

tailed information about the network's focal area. The process of mask re�nement is

transformed into the learning of a re�ned token and an uncertain token, allowing the

model to better capture image details in challenging regions. During training, PA•SAM

freezes the SAM component and exclusively trains the prompt adapter, thereby retain•

ing the original SAM's robust object localization capability while producing high•quality

segmentation maps.

7.4.2 Method

The Segment Anything Model (SAM) [6] was created as a foundational model renowned

for its robust zero•shot segmentation capabilities, capable of generating plausible masks
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even with limited annotations. SAM's key components are: an image encoder, a mask

encoder, a prompt encoder, and a mask decoder. The image encoder transforms input

images into 64 Ö64 encoded features, while the mask encoder converts masks into dense

prompts. The prompt encoder, on the other hand, encodes points or bounding boxes into

sparse prompts. The mask decoder, constructed with multiple layers of attention mecha•

nisms, facilitates the interaction between image features and prompt features to produce

the �nal segmentation map. However, despite SAM's prowess in segmentation tasks, the

quality of its segmentation heavily relies on the richness of information conveyed through

the prompts input to the mask decoder. In instances where detailed guidance is lacking,

SAM's performance might su�er, resulting in subpar segmentation quality.

To capture high•quality detailed information, this new approach involves transform•

ing image details into multi•granularity prompt features and transmitting them to the

mask decoder. This is achieved by �ne•tuning SAM in a prompt•driven manner. Building

on this concept, a trainable prompt•driven adapter is proposed and seamlessly integrated

into SAM, resulting in the Prompt Adapter SAM (PA•SAM). PA•SAM merges image features

with dense prompts and conveys them, alongside sparse prompts, to the mask decoder.

Within this framework, the proposed prompt adapter independently converts image fea•

tures and sparse prompts into dense and sparse adapter prompts, respectively, following

each block's self•attention mechanism. Consequently, the resulting prompt features are

reintegrated into PA•SAM in a residual fashion to re�ne the feature representation of the

mask decoder. This architectural design enables the model to leverage both detailed and

less•detailed information concurrently, thereby enhancing the segmentation quality. It

is noted that throughout the training phase, the parameters of SAM remain frozen, with

only the prompt adapter and the image upsampling module within the mask prediction

module undergoing training. Moreover, during the inference phase, solely the output

mask generated by the mask prediction module is utilized as the �nal prediction out•

come. This approach ensures that the SAM's original parameters remain unchanged

during training, preserving its robustness and object localization capabilities, while al•

lowing the prompt adapter and image upsampling module to be optimized for improved

segmentation performance.
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Figure 7.10. PA•SAM's framework [10].

7.4.3 Prompt Adapter (PA)

In order to enhance the network's capacity to learn intricate details within uncer•

tain regions, a trainable prompt•driven adapter is introduced into the mask decoder of

SAM. This module is designed to incorporate detailed information into the network by

employing Adaptive Detail Enhancement. This method enables the adapter to dynami•

cally capture pertinent detail information based on the original prompts and comprises

of Dense Prompt Compensation and Sparse Prompt Optimization .

Dense Prompt Compensation

In the image encoding phase, SAM encounters a notable loss of detailed information

because of its 16 Ö 16 down•sampling process. To mitigate this challenge, a straight•

forward compensation module is devised. This module is tasked with encoding both the

original image I and its gradient r I as guiding information. By incorporating both the

original image and its gradient, the model gains additional contextual cues that aid in

preserving and enhancing detailed information throughout the encoding process. After

that, by utilising the cross attention, the model can stay consistent with regards to the the

output features and the original image features. Mathematically, the PA dense prompts

can be represented as:

xPA = Attention (Wg[I; r I ]; x )

where Wg represents the convolutional operations.

Sparse Prompt Optimization

Further optimization of the sparse prompt features is pursued to facilitate the in•

tegration of detailed information into sparse prompts, thereby enhancing the model's

guidance for high•quality image segmentation. Starting with the original sparse prompts
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t in , they are transformed into detailed sparse prompts tpa through a token•to•image cross•

attention mechanism. This process enables the model to leverage the rich contextual in•

formation from the image to re�ne and enrich the sparse prompts, enhancing their ability

to convey detailed guidance for segmentation. Mathematically, the PA sparse prompts

can be represented as:

tPA = Attention (q = t in ; k = xPA; v = xPA)

7.5 MedSAM

The call for universal models in medical image segmentation is on the rise, since

segmentation is a fundamental task in medical imaging analysis that has long been done

through manual e�ort. These models, trained once and applicable across various segmen•

tation tasks, promise increased versatility and potentially more reliable outcomes across

di�erent medical imaging scenarios. Yet, adapting segmentation foundation models, such

as SAM, for medical image analysis faces challenges due to the substantial distinctions

between the natural images it was trained on and the medical images in question.

With that in mind, the writers of [11] created a re�ned version of SAM aimed to be

used on medical images. All in all, MedSAM is nothing more than a �ne•tuned SAM,

trained on unseen datasets.

Figure 7.11. Examples of the medical imaging modalities used to �ne•tune SAM, thus
creating MedSAM. The anatomical structures covered by the dataset are represented inside
a human body [11].

68 Diploma Thesis



7.5.1 Motivation and Data used

7.5.1 Motivation and Data used

MedSAM endeavors to serve as the cornerstone for universal medical image segmen•

tation. A pivotal aspect of crafting such a model lies in its ability to adapt to a broad

spectrum of imaging conditions, anatomical structures, and pathological variations. To

tackle this challenge, the creators meticulously assembled a vast and diverse medical

image segmentation dataset comprising 1,570,263 image•mask pairs. This dataset spans

across 10 imaging modalities, encompasses over 30 cancer types, and incorporates vari•

ous imaging protocols. This extensive dataset empowers MedSAM to grasp a comprehen•

sive understanding of medical images, capturing a wide array of anatomies and lesions

across di�erent modalities.

An overview of the distribution of images across di�erent medical imaging modalities

in the dataset, ranked by their total numbers, is depicted in 7.12. Notably, Computed

Tomography (CT), Magnetic Resonance Imaging (MRI), and endoscopy emerge as the pre•

dominant modalities, re�ecting their widespread usage in clinical settings. While CT

and MRI o�er detailed cross•sectional views of 3D body structures, indispensable for

non•invasive diagnostic imaging, endoscopy provides direct visual inspection of organ

interiors, particularly valuable for diagnosing gastrointestinal and urological conditions.

Despite the prominence of these modalities, others such as ultrasound, pathology, mam•

mography, and Optical Coherence Tomography (OCT) also play signi�cant roles in clinical

practice. The diversity of these modalities and their respective segmentation targets un•

derscores the imperative for universal and adaptable segmentation models capable of

accommodating the unique characteristics associated with each modality.

Figure 7.12. a The amount of medical image•mask pairs in each modality. b The architec•
ture of MedSAM. The creators used the same architecture as SAM but found that bounding
boxes are the superior prompt choice when it comes to medical images [11].

The dataset was curated by collating images from publicly available medical image seg•

mentation datasets like the Cancer Imaging Archive [28] and Kaggle [12]. These datasets

provided segmentation annotations by human experts, extensively utilized in existing

literature. The annotations were directly incorporated for both model development and

validation purposes. To ful�ll the model's input requirements, all images were resized

to a uniform size of 1024 Ö1024 Ö3, and grayscale images as well as RGB images were

converted to the PNG format.
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7.5.2 Architecture

Another crucial consideration pertains to the selection of the appropriate segmenta•

tion prompt and network architecture. While the concept of fully automatic segmentation

foundation models is appealing, the creators found that it faces challenges that render it

impractical. One primary challenge stems from the inherent variability in segmentation

tasks. For instance, given a CT image of liver cancer, the segmentation task can vary

depending on the speci�c clinical scenario; one clinician might aim to segment the liver

tumor, while another may need to delineate the entire liver and surrounding organs. Fur•

thermore, the variability in imaging modalities poses another challenge, with modalities

like CT and MR generating 3D images while others like X•Ray and ultrasound produce 2D

images. These variations in task de�nition and imaging modalities complicate the design

of a fully automatic model capable of accurately anticipating and addressing the diverse

requirements of di�erent users.

Considering these challenges, the creators opted for a more pragmatic approach by

developing a promptable 2D segmentation model. This model can be easily tailored to

speci�c tasks based on user•provided prompts, o�ering enhanced �exibility and adapt•

ability. Additionally, it can handle both 2D and 3D images by processing 3D images as

a series of 2D slices. Notably, bounding boxes provide a clearer spatial context for the

region of interest, enabling the algorithm to more precisely discern the target area com•

pared to point•based prompts, which may introduce ambiguity, especially when proximate

structures resemble each other. Moreover, drawing a bounding box proves e�cient, par•

ticularly in scenarios involving multi•object segmentation. The network architecture was

adopted entirely from SAM, comprising of an image encoder, a prompt encoder, and a

mask decoder.

MedSAM was constructed based on transformer architecture, renowned for its ex•

ceptional e�ectiveness across various domains such as natural language processing and

image recognition tasks [21]. Speci�cally, the network comprised a vision transformer

(ViT)•based image encoder responsible for extracting image features, a prompt encoder

for integrating user interactions (bounding boxes), and a mask decoder that generated

segmentation results and con�dence scores using the image embedding, prompt embed•

ding, and output token.

To achieve a balance between segmentation performance and computational e�ciency,

the base ViT model was employed as the image encoder. Extensive evaluations indicated

that larger ViT models, such as ViT Large and ViT Huge, o�ered only marginal improve•

ments in accuracy while signi�cantly increasing computational demands. The base ViT

model consists of 12 transformer layers, with each block comprising a multi•head self•

attention block and a Multilayer Perceptron (MLP) block incorporating layer normaliza•

tion. Pre•training involved masked auto•encoder modeling, followed by fully supervised

training on the SAM dataset.

The input image (1024 Ö 1024 Ö 3) was reshaped into a sequence of �attened 2D

patches with a size of 16 Ö 16 Ö 3, resulting in a feature size in image embedding of 64 Ö

64 after passing through the image encoder, which is 16 Ö downscaled. The prompt en•
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coders mapped the corner points of the bounding box prompt to 256•dimensional vectorial

embeddings. Each bounding box was represented by an embedding pair of the top•left

corner point and the bottom•right corner point. To facilitate real•time user interactions

once the image embedding had been computed, a lightweight mask decoder architecture

was utilized. It comprised two transformer layers for fusing the image embedding and

prompt encoding, and two transposed convolutional layers to enhance the embedding

resolution to 256 Ö 256. Subsequently, the embedding underwent sigmoid activation,

followed by bilinear interpolations to match the input size.

7.5.3 Training process

During data pre•processing, a total of 1,570,263 medical image•mask pairs were ob•

tained for model development and validation purposes. For internal validation, the dataset

was randomly split into training (80%), tuning (10%), and validation (10%) sets. Notably,

for modalities with within•scan continuity, such as CT and MRI, and those with continu•

ity between consecutive frames, such as videos, data splitting was performed at the 3D

scan and video level, respectively, to prevent potential data leakage. In the case of pathol•

ogy images, where slide•level cohesiveness is crucial, whole•slide images were initially

separated into distinct slide•based sets. Subsequently, each slide was divided into small

patches of a �xed size of 1024x1024, enabling monitoring of the model's performance on

the tuning set and adjustment of parameters during training to mitigate over�tting.

For external validation, all datasets were held out and not included in model training.

These external datasets served as a rigorous test of the model's generalization ability,

representing new patients, imaging conditions, and potentially new segmentation tasks

previously unseen by the model. Evaluating MedSAM's performance on these unseen

datasets provided a realistic assessment of its performance in real•world clinical settings,

where it must contend with a wide range of data variability and unpredictability. Impor•

tantly, the training and validation processes were conducted independently.

The model was initialized with the pre•trained SAM model utilizing the ViT•Base archi•

tecture. The prompt encoder was kept �xed since it could adequately encode the bounding

box prompt. During training, all trainable parameters in the image encoder and mask

decoder were updated. Bounding box prompts were generated from expert annotations

with a random perturbation ranging from 0 to 20 pixels. The loss function consisted of

the unweighted sum of Dice loss and cross•entropy loss. Optimization was performed

using the AdamW optimizer with parameters set to � 1 = 0.9 and � 2 = 0.999, an initial

learning rate of 1e•4, and a weight decay of 0.01. The global batch size was set to 160,

and data augmentation was not utilized during training.

Training was conducted on 20 A100 (80G) GPUs over 150 epochs, and the �nal model

was selected based on the last checkpoint.
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7.6 Methodology

Figure 7.13. A visual representation of this work's pipeline.

As seen in �gure 7.13, the models in question will be tested on four di�erent datasets,

which are in turn presented in chapter 8.

7.6.1 Training Loop

If need be, the models can be �ne•tuned to serve the speci�c needs of the datasets. For

both models, this process goes as follows: First of all, a pre•trained version of the model

is loaded from [29] and the train set of the dataset is loaded in a DataLoader object that

splits the data in two batches. For the training process an Adam Optimizer was chosen

and for the evaluation the Dice Loss was chosen, to be in line with the metrics used in

the original papers of the models.

The training loop consists of the forward pass, where each image is passed through

the model to produce outputs. To predict a mask for said image, both SAM and CLIPSeg

require some input, which is tailored to the task at hand. Then, the predicted masks are

used to compute the loss, which in turn will be used to adjust the network's weights and

biases. This loop will be repeated for the number of epochs of our choosing, with the goal

being to minimize the Dice Loss as much as possible.

The new model that will result from this process will then be evaluated on the test set

of each dataset by using the Intersection over Union metric.

7.6.2 Evaluation Metrics

During the process of creating a dataset to �t the needs of SAM, mask prediction was

supervised with the dice loss and the con�dence score IoU was used to quantify the

quality of each mask.
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Dice loss is a metric used for evaluating the performance of machine learning models

in image segmentation tasks. It is derived from the Dice Similarity Coe�cient, also

known as the Sørensen�Dice coe�cient, which is a statistical measure used to compare

the similarity of two samples. Dice Loss, on the other hand, compares the similarity of two

binary classi�cations of an image: the true segmentation, and the predicted segmentation

generated by a machine learning model. The goal is to minimize the di�erence between

the two segmentations, which is called the loss function. The formula for Dice Loss is as

follows:

DiceLoss (y; p ) = 1 � 2yp +1
y+p+1 ,

where y represents the true segmentation of the image, and p represents the predicted

segmentation generated by the machine learning model. The formula calculates a value

between 0 and 1, with 0 indicating no similarity between the two segmentations, and 1

indicating complete similarity.

Dice Loss is an important metric for evaluating the performance of machine learn•

ing models in image segmentation tasks because it allows us to quantify the similarity

between the predicted and true segmentations of an image. This, in turn, enables the

optimization of the model's performance by minimizing the Dice Loss.

The Intersection over Union (IoU) is a popular evaluation metric used in object

detection and segmentation. IoU measures the overlap between two bounding boxes or

regions of interest by calculating the ratio of the Intersection area to the union area

between these regions. It's calculated as follows:

IoU = Area of Union
Area of Intersection ,

where Area of Intersection is the region where the predicted bounding box and the

ground truth bounding box overlap and Area of Union is the total region encompassed by

both the predicted bounding box and the ground truth bounding box. IoU = 0 indicates no

overlap between the predicted and ground truth bounding boxes, while IoU = 1 indicates

a perfect match where the predicted bounding box completely overlaps with the ground

truth bounding box.

7.6.3 Kaggle's Computational Environment

The methodology described above was implemented on Kaggle, an online community

and platform for data science and machine learning practitioners [12]. It serves as a hub

where people of the data science community can collaborate, compete, and learn from

each other, by writing code on Kaggle Kernels.

Kaggle's Kernels are essentially Jupyter notebooks hosted on Kaggle's platform, that

o�er a convenient environment for running code. Some of the most important features

of these kernels are the fact that they provide free access to GPU (Graphics Processing

Unit) and TPU (Tensor Processing Unit) resources for running code, particularly useful

for tasks like deep learning where training models on GPUs or TPUs signi�cantly speeds

up the process compared to using CPUs, and they allow easy access to datasets hosted
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on the website, making it convenient to import data directly into your notebooks. More

speci�cally, Kaggle provides access to NVIDIA TESLA P100 GPUs [30].

For these reasons, Kaggle is a great tool for the purposes of this work, though it is

not without limitations. Users have limitations on the amount of GPU/TPU time they can

use per week, as well as memory constraints, so the computational resources o�ered at

Kaggle are not unlimited. This is something that a�ected the progress of this work, given

the large amount of data used in the training loop of the models.

Figure 7.14. Setting up a Kaggle notebook with a GPU acccelerator for experimenting with
SAM and CLIPSeg [12].
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Datasets

In this section, the datasets used in the experiments conducted for this work are

presented and analyzed.

Table 8.1. A synopsis of the datasets used.

Datasets Train Set Test Set Image Type Image Format
Image•Mask Pairs Image•Mask Pairs

COVID•QU•Ex 7145 2113 Grayscale png
Electron Microscopy 1980 1980 Grayscale tif

City Scapes 3000 500 RGB png
Corsican Fires 6954 6954 RGB png

8.1 COVID•QU•Ex Dataset

A team of researchers from Qatar University, Doha, Qatar, and the University of

Dhaka, Bangladesh along with their collaborators from Pakistan and Malaysia in collabo•

ration with medical doctors have created a database of chest X•ray images for COVID•19

positive cases along with Normal and Viral Pneumonia images [13]. This COVID•19, nor•

mal, and other lung infection dataset was released in stages. Eventually, the researchers

of Qatar University compiled the COVID•QU•Ex dataset, which consists of 33,920 chest

X•ray images including: 11,956 COVID•19, 11,263 Non•COVID infections (Viral or Bacte•

rial Pneumonia), and 10,701 Normal, along with Ground•truth lung segmentation masks

for each X•ray. This makes COVID•QU•Ex the largest ever created lung mask dataset.

The COVID•QU•Ex dataset comprises of smaller datasets that were used in previous

papers released by these universities, that can be found here [14] and here [15].

For the purposes of this work, given the limited resources available, a subset of the

COVID•QU•Ex Dataset was used, called QaTa•COV19 Dataset, in its latest version. It

consists of 9258 COVID•19 chest X•rays and as much ground•truth segmentation masks

for COVID•19 infected region segmentation task. Of those, 7,145 X•rays make up the

train set, used for �ne•tuning purposes. The rest 2,113 X•rays are the test set, used for

evaluating purposes.
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Figure 8.1. Example X•ray image and mask from the COVID•QU•Ex Dataset.

8.2 Electron Microscopy Dataset

The Electron Microscopy dataset [31] represents a 5x5x5 mm section taken from the

CA1 hippocampus region of the brain, corresponding to a 1065x2048x1536 volume. The

resolution of each voxel is approximately 5x5x5nm. The data is 3•D in volume and is

provided as a stack of TIF �les.

The dataset is split in two sub•volumes. Each sub•volume consists of 165 768x1024

slices of the image stack. The volume used for training is the top part of the stack while

the bottom part was used for testing. In order for these slices to be more easily handled,

we turned them in 1980 256x256 images. Furthermore, because the images were a

part of a bigger slice, the resulting dataset contained images that happened to have no

mitochondria in them. These images would be of no help when testing and training the

model, so they were �ltered out in order to not cause any problems.

The creation of this dataset was primarily motivated by the need to accurately segment

mitochondria, being structures of interest for neuroscientists. So, the labels of the dataset

are annotated mitochondria.

Figure 8.2. Example image and mask from the Electron Microscopy Dataset.

8.3 CityScapes Dataset

Cityscapes is a large•scale dataset designed to train and test approaches for seman•

tic learning in urban scene understanding. It comprises a diverse set of stereo video

sequences from 50 di�erent cities, with 5000 high•quality pixel•level annotations and
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20,000 coarse annotations. The dataset exceeds previous attempts in terms of size, an•

notation richness, scene variability, and complexity. The study provides an in•depth

analysis of the dataset characteristics and a performance evaluation of various state•of•

the•art approaches based on the benchmark. This approach is crucial for understanding

complex urban street scenes and enhancing object detection in deep learning. [16]

The study aimed to capture the high variability of outdoor street scenes using a data

recording and annotation methodology. Several hundreds of thousands of frames were

acquired from a moving vehicle over several months in 50 cities, primarily in Germany

and neighboring countries. The sensors were mounted behind the windshield and yielded

high dynamic•range (HDR) images with 16 bits linear color depth. To ensure calibration

accuracy, the researchers recalibrated on•site before each recording session.

The study also provided low dynamic•range (LDR) 8 bit RGB images obtained by

applying a logarithmic compression curve. To facilitate highest annotation quality, a

separate tone mapping was applied to each image. 5000 images were manually selected

from 27 cities for dense pixel•level annotation, aiming for high diversity of foreground

objects, background, and overall scene layout. For the remaining 23 cities, a single image

every 20 s or 20 m driving distance was selected for coarse annotation, yielding 20,000

images in total. It is noted that for the pursposes of this work, only the 5000 images with

�ne annotations were used.

The creation of 5000 �ne pixel•level annotations was made using layered polygons,

which were created in•house to ensure high quality levels. Annotation and quality control

took over 1.5 hours on average for a single image. The annotations implicitly provide

a depth ordering of objects in the scene, and can be extended to cover additional or

more �ne•grained classes. Two experiments were conducted to assess the quality of

the labeling. First, 30 images were �nely annotated twice by di�erent annotators, and

the same quality control was performed. The results showed that 96% of all pixels were

assigned to the same label. Second, all �ne annotations were coarsely annotated to enable

research on densifying coarse labels. The study de�ned 30 visual classes for annotation,

grouped into eight categories: �at, construction, nature, vehicle, sky, object, human, and

void. Classes were selected based on their frequency, relevance, practical considerations,

and compatibility with existing datasets.

The study splits densely annotated images into training, validation, and test sets

to represent the variability of di�erent street scene scenarios. The split criteria involve

a balanced distribution of geographic location, population size, and time of year when

recordings took place. The data is split at the city level, resulting in a unique split

consisting of 2975 training and 500 validation images with publicly available annotations,

as well as 1525 test images with annotations withheld for benchmarking purposes.

To assess the uniformity of the splits regarding the four split characteristics, a fully

convolutional network was trained on the 500 images in the validation set. The model

was evaluated on the whole test set and eight subsets re�ecting the extreme values of

the four characteristics. The performance was very homogeneous, with the exception of

the time of year. The end of the year subset showed a 3.8% better performance than the

whole test set, possibly due to softer lighting conditions in cloudy fall.
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