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Πεϱίληψη

Το grounded segmentation σε ιατρικές εικόνες είναι µια ιδιαίτερα απαιτητική εφαρµογή,

καθώς απαιτεί σύνολα δεδοµένων που αποτελούνται από εικόνες, µάσκες και κειµενικές

περιγραφές για κάϑε µάσκα κάτι το οποίο δε συναντάται συχνά. Για την επίλυση αυτού

του προβλήµατος, χρησιµοποιούµε µεγάλα µοντέλα ΄Οϱασης-Γλώσσας (LVLMs) σε συνδ-

υασµό µε ντετερµινιστικούς αλγορίθµους για την παραγωγή των κειµενικών περιγραφών

για κάϑε µάσκα. ΄Οσον αϕοϱά το grounded segmentation, αναπτύσσεται ένα σύστηµα το

οποίο αποτελείται από το GroundingDINO και το SAM2 ή το Med-SAM2 από τα οποία µόνο

το GroundingDINO επιδέχεται περεταίρω στοχευµένη εκπαίδευση. Το σύνολο δεδοµένων

που ϑα χρησιµοποιηθεί ονοµάζεται RAOS και αποτελείται από εικόνες υπολογιστικής τοµο-

γραφίας (CT) και εικόνες συνθετικής µαγνητικής τοµογραφίας (synthetic MRI). Τα πειρά-

µατα που παρουσιάζονται αξιολογούν την εγκυϱότητα των απαντήσεων του LVLM LLaVA-Med

και τις επιδόσεις του προτεινόµενου συστήµατος δοκιµάζοντας διάφορες στϱατηγικές εισό-

δου τόσο σε παρόµοιες εικόνες όσο και σε εικόνες εκτός κατανοµής συνόλου εκπαίδευσης.

Τα αποτελέσµατα καταδεικνύουν πως το LLaVA-Med δεν είναι αξιόπιστο για την πλήϱη

παραγωγή των περιγραφών των µασκών, λόγω της περιορισµένης κριτικής του ικανότητας.

Επιπρόσθετα, το προτεινόµενο σύστηµα παϱουσιάϹει ικανοποιητικές επιδόσεις σε εικόνες

που ανήκουν στην ίδια κατανοµή µε αυτή της εκπαίδευσης, λαµβάνοντας υπόψην και τους

εγγενείς περιορισµούς του.

Λέξεις Κλειδιά

Ιατϱική απεικόνιση, Γειωµένη Κατάτµηση, Μεγάλα µοντέλα ΄Οϱασης-Γλώσσας, Fine-

tuning, GroundingDINO, SAM2, MedSAM2, Μαγνητική τοµογραφία, Υπολογιστική τοµο-

γραφία
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Abstract

Grounded segmentation of medical images is a challenging task requiring expert-

annotated datasets, which are scarce. To address this problem, we employ Large Vision-

Language Models (LVLMs) as well as deterministic algorithms to generate the missing

textual descriptions for organ masks. For the grounded segmentation task, a pipeline

is developed consisting of GroundingDINO and SAM2 or Med-SAM2 with only Ground-

ingDINO being fine-tuned. The dataset used for this study is RAOS, which includes CT

scans and synthetic MRI images. Our experiments assess the accuracy of LLaVA-Med’s

responses and the performance of the proposed fine-tuned pipeline to various prompting

strategies on both in-distribution and out-of-distribution images. The results indicate

that LLaVA-Med alone cannot reliably generate the textual descriptions due to its limited

reasoning ability. Additionally, our results show that the proposed pipeline performs well

within the closed setting in which it was applied while acknowledging inherent limitations.

Keywords

Medical Imaging, Grounded Segmentation, Large Vision-Language Models, Fine-Tuning,

GroundingDINO, SAM2, MedSAM2, MRI, CT
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Chapter 1

Εκτεταµένη Πεϱίληψη στα Ελληνικά

1.1 Εισαγωγή

Στην τεχνητή νοηµοσύνη τα foundation µοντέλα παίζουν καθοριστικό ϱόλο, καθώς ϐρίσκ-

ουν εφαρµογή σε πολλούς τοµείς, όπως η επεξεργασία ϕυσικής γλώσσας (NLP) και η όϱαση

υπολογιστών. Λόγω της ιδιότητας τους να είναι γενικεύσιµα, η δηµιουϱγία τους είναι ακϱιϐή

και χρειάζονται αρκετοί υπολογιστικοί πόϱοι και µεγάλα σύνολα δεδοµένων. ΄Οµως µέσω του

fine tuning µποϱούν να εφαρµοστούν σε πολύ ειδικές εφαρµογές όπως η ιατρική απεικόνιση

µε µικϱότεϱο κόστος από αυτό της εκπαίδευσής τους.

Στην όϱαση υπολογιστών πολλά µοντέλα όπως και το U-Net [6] ϐασίζονται σε συνελικτικά

νευρωνικά δίκτυα (CNNs). Με την εµφάνιση της αρχιτεκτονικής transformers δηµιουϱγήϑηκαν

επιπλέον µοντέλα µε νέες δυνατότητες. Σε αυτά συγκαταλέγονται το Segment Anything

Model(SAM)[7] και ο διάδοχός του SAM2[2] τα οποία πραγµατοποιούν κατάτµηση εικόνων

µε ϐάση κάποιο σηµείο, µάσκα ή bounding box. ΄Ενα άλλο παϱάδειγµα µοντέλου της

αρχιτεκτονικής transformer είναι το GroundingDINO[4] το οποίο ανιχνεύει αντικείµενα µε

ϐάση µια κειµενική περιγραφή. Μία άλλη κατηγορία µοντέλων είναι τα γνωστά µεγάλα µον-

τέλα ΄Οϱασης–Γλώσσας τα οποία επεξεργάζονται τόσο οπτική όσο και γλωσσική πληροφορία

όπως το large language and vision assistant (LLaVA)[1] το οποίο µποϱεί να απαντάει σε

ερωτήσεις ανοιχτού τύπου που αϕοϱούν το περιεχόµενο µίας εικόνας. ΄Ολα τα παραπάνω

επιδέχονται πεϱαιτέϱω εκπαίδευση και µποϱούν εφαρµοστούν µε ένα σχετικά µικϱό κόστος

σε οποιονδήποτε τοµέα.

Ειδικότεϱα στον τοµέα της ιατρικής απεικόνισης και στην grounded κατάτµηση οϱγάνων,

το οποίο είναι αντικείµενο αυτής της εργασίας, τα σύνολα δεδοµένων είναι σπάνια και

οποιαδήποτε ιατρική πληροφορία ϑα πϱέπει να είναι πϱοϊόν ειδικού για λόγους αξιοπιστίας.

΄Ολα τα προαναφερθέντα αποτελούν περιοριστικούς παράγοντες για την ανάπτυξη ενός µον-

τέλου το οποίο απαιτεί κείµενο ως είσοδο για να πραγµατοποιήσει κατάτµηση οϱγάνων. Για

την επίλυση του προβλήµατος, προτείνουµε µία µέϑοδο η οποία µποϱεί εν µέϱει να µας

απαλλάξει από την ανάγκη παραγωγής των κειµενικών περιγραφών από έναν ειδικό. Γι’

αυτό το σκοπό ϑα χρησιµοποιήσουµε το LVLM LLaVA-Med[8] το οποίο ϑα µεταϕέϱει την

γνώση του στο GroundingDINO. Το σύστηµα λοιπόν που ϑα αναπτύξουµε για το grounded

segmentation αποτελείται από το GroundingDINO και το SAM2 ή Med-SAM2[3]. ΄Οσο για

το σύνολο δεδοµένων ϑα χρησιµοποιήσουµε το RAOS[5, 9] το οποίο αποτελείται από εικόνες

συνθετικής µαγνητικής και υπολογιστικής τοµογραφίας µε τις αντίστοιχες µάσκες οϱγάνων
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χωϱίς να υπάρχουν κειµενικές περιγραφές για αυτές. Για να τις παράξουµε ϑα χρησιµοποιή-

σουµε το LLaVA-Med και το µοντέλο που ϑα εκπαιδευτεί ϑα είναι το GroundingDINO.

Στα πειράµατα που ακολουθούν ϑα χρησιµοποιήσουµε ως µετϱικές την τοµή πϱος την

ένωση (IoU), την ακϱίϐεια (precision), το dice score coefficient και το wall distance. Επίσης,

ϑα δοκιµαστούν διάφορες µορφές εισόδου ως πϱος το κείµενο καθώς και ϑα πραγµατοποι-

ηθεί µία σύγκριση µεταξύ του αρχικού GroundigDINO µε το εκπαιδευµένο όπως και του

SAM2 µε το Med-SAM2. Τέλος ϑα µετρήσουµε τις επιδόσεις του εκπαιδευµένους µοντέλου

σε εικόνες εκτός κατανοµής συνόλου δεδοµένων εκπαίδευσης.

1.2 Υπόϐαϑϱο και σχετική Βιϐλιογϱαϕία

1.2.1 ΄Οϱαση Υπολογιστών

Η όϱαση υπολογιστών είναι ένας κλάδος της τεχνητής νοηµοσύνης που επιτϱέπει στις

µηχανές να αναλύουν και να επεξεργάζονται οπτική πληροφορία. Ο κλάδος αυτός αναπ-

τύσσεται µε γρήγορους ϱυθµούς ιδιαίτερα µετά την εµφάνιση της ϐαθιάς µάϑησης, λόγω

µοντέλων που ϐασίζονται σε συνελικτικά νευρωνικά δίκτυα και στην αρχιτεκτονική trans-

former. Τελευταίες εξελίξεις έχουν οδηγήσει στην ανάπτυξη µοντέλων τα οποία µποϱούν να

επεξεργαστούν τόσο οπτική πληροφορία όσο και γλώσσα τα λεγόµενα large vision language

models (LVLMs).

Μεϱικά από τα ϑεµελιώδη πϱοϐλήµατα που πϱοσπαϑεί να επιλύσει η όϱαση υπολογιστών

είναι η κατηγοϱιοποίηση εικόνας, η αναγνώϱιση αντικειµένων, η κατάτµηση εικόνας, η

απάντηση εϱωτήσεων που αϕοϱούν εικόνες και το grounded segmentation.

Η κατηγοϱιοποίηση εικόνας είναι ένα πϱόϐληµα στο οποίο υπάϱχει µία λίστα κλάσεων

και κάϑε εικόνα πϱέπει να αντιστοιχηϑεί σε µία κλάση. Γι’ αυτό το λόγο οι εικόνες συχνά

απεικονίϹουν ένα µόνο αντικείµενο για να µειωϑούν οι πιϑανότητες να εµπεϱιέχονται στην

εικόνα αντικείµενα δύο η πεϱισσότεϱων κλάσεων.

Η αναγνώϱιση αντικειµένου είναι ένα άλλο πϱόϐληµα στο οποίο δίνονται ως είσοδοι στο

µοντέλο µία εικόνα και το όνοµα του αντικειµένου. Στόχος είναι η παϱαγωγή ενός bounding

box το οποίο ϑα πεϱιϐάλλει το Ϲητούµενο αντικείµενο. Σε κάποιες πεϱιπτώσεις µποϱεί να

υπάϱχουν παϱαπάνω εµϕανίσεις του ίδιου αντικειµένου στην εικόνα και τότε απαιτούνται

ισάϱιϑµα bounding boxes.

Στο πϱόϐληµα του Grounded Segmentation στόχος είναι ο εντοπισµός ενός αντικειµένου

σε µία εικόνα µε ακϱίϐεια πίξελ. Ως είσοδος δίνεται στο µοντέλο µία εικόνα, µία κειµενική

πεϱιγϱαϕή και παϱάγεται η µάσκα του.

Η απάντηση εϱωτήσεων που αϕοϱούν εικόνες (VQA) έχει ως στόχο την παραγωγή πληρο-

ϕοριών που ϑα απαντούν µε ακϱίϐεια στην εϱώτηση του χϱήστη. ∆ηλαδή το µοντέλο αναµένε-

ται να εξάγει τα χϱήσιµα χαρακτηριστικά της εικόνας να κατανοήσει την εϱώτηση του χϱήστη

και µέσω των γνώσεων που διαθέτει ή παϱατηϱήσεων που στηρίζονται στην εικόνα να δώσει

µία σωστή απάντηση.
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Μάσκα

Η µάσκα ενός αντικειµένου στην όϱαση υπολογιστών είναι το σύνολο των πίξελ που χρησι-

µοποιούνται κατά την πϱοϐολή του αντικειµένου και το ξεχωρίζουν από το ϕόντο. Το σχήµα

µίας µάσκας είναι τυχαίο και εξαρτάται από παράγοντες όπως το σχήµα του αντικειµένου

και η οπτική γωνία πϱοϐολής.

Bounding Box

Το bounding box είναι ένα οϱϑογώνιο παϱαλληλόγϱαµµο, το οποίο πεϱιϐάλλει κάποιο

αντικείµενο. Σε αυτή τη µελέτη οι πλευϱές του ϑα είναι παϱάλληλες µε τον οϱιϹόντιο και

τον κάϑετο άξονα της εικόνας. ΄Ενα bounding box πεϱιϐάλλει ακϱιϐώς το αντικείµενο µε την

έννοια ότι δεν εµπεϱιέχεται καµιά γϱαµµή η στήλη από πίξελ αν κανένα από αυτά δεν είναι

µέϱος της µάσκας του αντικειµένου.

1.2.2 Σχετικά Μοντέλα

LLaVA

Το Large Language and Vision Assistant (LLaVA)[1] είναι ένα µοντέλο το οποίο δέχεται

ένα Ϲευγάϱι εικόνας κειµένου ως είσοδο και παϱάγει µία κειµενική απάντηση. Το πϱος

επίλυση πϱόϐληµα καϑοϱίϹεται κάϑε ϕοϱά από την κειµενική είσοδο του µοντέλου και η

απάντηση ϐασίϹεται στην εικόνα.

Το LLaVA εκπαιδεύτηκε σε ένα instruction-following σύνολο δεδοµένων το οποίο αποτελεί-

ται από ερωτήσεις µε τις αντίστοιχες απαντήσεις. Το σύνολο δεδοµένων δηµιουϱγήϑηκε µε

τη χϱήση ενός κειµενικού GPT-4[10] στο οποίο δόϑηκε µία περιγραφή της εικόνας και ένα

σύνολο εϱωτήσεων πϱος απάντηση. Οι ερωτήσεις καλύπτουν ένα ευϱύ ϕάσµα προβληµάτων

όπως απλή συϹήτηση, λεπτοµερής περιγραφή και σύνθετη συλλογιστική. Με αυτό τον τϱόπο

δηµιουϱγήϑηκε ένα ποικιλόµορφο σύνολο δεδοµένων και το γλωσσικό µοντέλο GPT-4 µετέδ-

ωσε την γνώση του στο LLaVA.

Η αρχιτεκτονική του LLaVA (Figure 1.1) αποτελείται από έναν κειµενικό κι έναν οπτικό

κωδικοποιητή. Ο κειµενικός κωδικοποιητής είναι ένα πϱο-εκπαιδευµένο γλωσσικό µοντέλο

το Vicuna[11], ενώ ο οπτικός κωδικοποίητης είναι το ViT-L/14[12]. ΄Ενα γραµµικό επίπεδο

χρησιµοποιείται για να µετατρέψει τα embeddings του οπτικού κωδικοποιητή σε µία ανα-

παράσταση που αντιστοιχεί στα embeddings του κειµενικού κωδικοποιητή. Τα διανύσµατα

που προκύπτουν αποτελούν την είσοδο ενός LLM το οποίο παϱάγει και την απάντηση.

LLaVA-Med

Το Large Language and Vision Assistant για την ϐιοϊατρική (LLaVA-Med)[8] είναι ένα

µοντέλο µε ίδια αρχιτεκτονική µε το LLaVA. Η διαφορά τους έγκειται στο γεγονός ότι το

πϱώτο έχει εκπαιδευτεί πεϱαιτέϱω σε ένα σύνολο δεδοµένων το οποίο προέρχεται από διά-

ϕορους κλάδους της ιατρικής όπως ακτίνες Χ, µαγνητική τοµογραφία, ιστολογία, χονδρική

παθολογία και υπολογιστική τοµογραφία. Η διαδικασία της εκπαίδευσης χωρίζεται σε δύο

στάδια.
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Figure 1.1. Αϱχιτεκτονική του LLaVA [1]

Στο πϱώτο στάδιο ο οπτικός κωδικοποιητής καθώς και τα ϐάϱη του γλωσσικού µον-

τέλου παραµένουν σταθερά και ανανεώνονται µόνο τα ϐάϱη του γραµµικού επιπέδου που

πϱοϐάλουν τα embeddings της εικόνας στον χώϱο των embeddings του κειµένου. Αυτή η

διαδικασία έχει ως στόχο την ευθυγράµµιση κειµένου και εικόνας στην ϐιοϊατρική καθώς

και την επέκταση του λεξιλογίου και της κατανόησης του µοντέλου ως πϱος τις εικόνες.

Στο επόµενο στάδιο χϱησιµοποιείται ένα instruction-following σύνολο δεδοµένων για

την εκπαίδευση του γλωσσικού µοντέλου και του επιπέδου πϱοϐολής. ΥποστηϱίϹεται ότι

το µοντέλο έχει καλές επιδόσεις σε VQA σύνολα δεδοµένων. Παϱόλαυτά για πιο ειδικές

πεϱιπτώσεις υπάϱχει ανάγκη πεϱαιτέϱω εκπαίδευσης και όπως και µε άλλα large multimodal

models και αυτό το µοντέλο παϱουσιάϹει πεϱιοϱισµένη κϱιτική ικανότητα και hallucinations.

Segment Anything Model 2 (SAM2)

To SAM2[2] είναι ένα ϑεµελιώδες µοντέλο το οποίο είναι ικανό να τµηµατοποιήσει αν-

τικείµενα σε εικόνες και ϐίντεο. ∆έχεται µάσκες, σηµεία ή bounding boxes ως είσοδο και

παϱάγει µια µάσκα. Σε αυτή την εργασία, το µοντέλο ϑα δοκιµαστεί σε δισδιάστατες ια-

τρικές εικόνες µε bounding box ως είσοδο. Η αρχιτεκτονική του µοντέλου αποτελείται από

έναν κωδικοποιητή εικόνας, κωδικοποιητή εισόδου, κωδικοποιητή µνήµης, αποκωδικοποι-

ητή µάσκας, memory attention block και memory bank (Figure 1.2).

Ο κωδικοποιητής εικόνας µετασχηµατίζει τα visual data tokens σε embeddings. Χρησι-

µοποιεί Masked Autoencoder[13] (MAE) pre-trained Hiera[14, 15] image encoder.

Ο κωδικοποίησης εισόδου είναι ένα µέϱος του µοντέλου που παϱάγει τα embeddings

εισόδου από µάσκες, σηµεία ή bounding boxes.

Ο αποκωδικοποιητης µάσκας είναι υπεύθυνος για την παραγωγή της µάσκας ϐασισ-

µένος στα embeddings που λαµβάνει. Αυτό το τµήµα του συστήµατος µποϱεί να παϱάξει

πολλαπλές εξόδους σε περιπτώσεις αµφισηµίας, αλλά µόνο µια µάσκα ϑα δωθεί στην έξοδο

χωϱίς κάποια ακόµα είσοδο που να εξαλείψει κάϑε αµφισηµία. Μια σηµαντική διαφορά του

µε το προηγούµενο µοντέλο το SAM[7] είναι ότι αυτό κάποιες ϕοϱές µποϱεί να µην παϱάξει

µάσκα αν δεν εντοπίσει έγκυϱο αντικείµενο για κατάτµηση.

Σε αυτό το σηµείο πϱέπει να σηµειωϑεί πως όταν το SAM2 εϕαϱµόϹεται σε εικόνες οι

οποίες είναι ανεξάϱτητες µεταξύ τους δηλαδή δεν πϱόκειται για ϐίντεο τότε το σύστηµα δεν

κάνει χϱήση των µηχανισµών µνήµης που διαϑέτει και συµπεϱιϕέϱεται ακϱιϐώς όπως το
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Figure 1.2. Αϱχιτεκτονική του SAM2 [2]

Figure 1.3. Αϱχιτεκτονική του Medical SAM 2 [3]

SAM. Παϱόλα αυτά, εµείς ϐασιϹόµαστε στην εκπαίδευση του µοντέλου που στηϱίϹεται σε ένα

εκτενές σύνολο δεδοµένων που αποτελείται από 35.5 εκατοµµύϱια µάσκες σε 50.9 χιλιάδες

ϐίντεο, το επονοµαϹόµενο SA-V.

Med-SAM2

To Medical SAM 2 (MedSAM2)[3] είναι ένα µοντέλο που αναπτύχθηκε για κατάτµηση ια-

τρικών εικόνων τόσο σε δύο όσο και σε τϱεις διαστάσεις. Χρησιµοποιεί ως ϑεµελιώδες µοντέλο

το SAM2 κι είναι τροποποιηµένο από αυτό σε αρχιτεκτονική (Figure 1.3) και fine-tuning.

Ως πϱος την αρχιτεκτονική η διαφορά έγκειται στο memory bank το οποίο αποθηκεύει τα

Κ τελευταία πιο χϱήσιµα embeddings. ΄Οσον αϕοϱά το dataset που αξιοποιήθηκε για το

fine-tuning αυτό ήταν το One-Prompt dataset[16] µια συλλογή από δηµοσίως διαθέσιµα

datasets που καλύπτουν πολλά modalities και όργανα. ΄Ολα αυτά καθιστούν το µοντέλο

γενικεύσιµο σε καινούρια προβλήµατα ειδικά στον τοµέα της ιατρικής.

Grounding DINO

To Grounding DINO [4] είναι ένα open-set object detector το οποίο επεξεργάζεται ένα

Ϲευγάϱι εικόνας κειµένου ως είσοδο και παϱάγει στην έξοδο bounding boxes για τα αν-

τικείµενα που περιγράφονται στην κειµενική είσοδο. Χαρακτηρίζεται ως open-set καθώς

η κειµενική είσοδος µποϱεί να το κατευθύνει να αναγνωρίσει αντικείµενα που δεν είναι

παϱόντα στο σύνολο δεδοµένων εκπαίδευσής του. Αυτή η δυνατότητα καθίσταται εϕικτή λόγω

του modality fusion που διαθέτει το µοντέλο και των στϱατηγικών grounded pre-training.

Η αρχιτεκτονική του µοντέλου (Figure 1.4) αποτελείται από δυο διακριτούς κωδικοποι-
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Figure 1.4. Αϱχιτεκτονική του Grounding DINO [4]

ητές και έναν αποκωδικοποιητή. Ο image encoder χρησιµοποιεί Swin Transformer[17],

ενώ ο text encoder είναι τύπου BERT[18]. ΄Ενας feature enhancer πραγµατοποιεί το fusion

µεταξύ κειµένου και εικόνας µε τη χϱήση του cross attention. Επίσης, ο language guided

query selector επιλέγει τα πιο σχετικά tokens της εικόνας υπολογίζοντας το εσωτεϱικό τους

γινόµενο µε τα tokens του κειµένου. Τέλος, ο cross modality decoder είναι υπεύθυνος για

την παραγωγή των bounding boxes.

1.2.3 Ιατϱική Απεικόνιση

Η ιατρική απεικόνιση έχει έναν σηµαντικό ϱόλο στην ϐιοϊατρική έρευνα µε εφαρµογές

όπως η κατάτµηση οϱγάνων, η αυτοµατοποιηµένη διάγνωση και ο σχεδιασµός περίθαλψης.

΄Οσον αϕοϱά την κατάτµηση οϱγάνων έχει προσελκύσει το ερευνητικό ενδιαφέρον µε πολλές

προσεγγίσεις ϐαθιάς µάϑησης. Σηµαντικό παϱάδειγµα είναι το U-Net[6] µε κάποιες παρ-

αλλαγές του [19, 20, 21]. Επίσης Transformer-based αρχιτεκτονικές έχουν αναπτυχθεί για

την αντιµετώπιση αυτού του πϱοϐλήµατος[22, 23].

Ειδικότεϱα µε το Segment Anything Model (SAM) όπου έχουν γίνει πολλές προσπά-

ϑειες fine-tuning [24, 25], prompting [26] και adapter-based παρεµβάσεις που ενισχύουν

τις επιδόσεις κατάτµησης[27]. Με την εµφάνιση του SAM2 το ερευνητικό ενδιαφέρον επεκ-

τάθηκε και στην τρισδιάστατη κατάτµηση µε τη χϱήση των µηχανισµών µνήµης που προσ-

ϕέρει.

Μία άλλη κατεύϑυνση εϱευνών αϕοϱά multimodal πϱοσεγγίσεις που χϱησιµοποιούν τόσο

όϱαση όσο και γλώσσα. LVLM µοντέλα όπως το CLIP[28] έχουν χϱησιµοποιηϑεί γι’ αυτό το

σκοπό[29].
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1.2.4 Grounded Segmentation/Open-set object Detection

Ταυτόχϱονα άλλα LVLM όπως το LLaVA[1] έχουν προσαρµοστεί στον τοµέα της ϐιοϊα-

τρικής (LLaVA-Med[8]) για να µποϱούν να αναλύουν ιατρικές εικόνες και να απαντούν σε

απλές ερωτήσεις ή ακόµα και να περιγράφουν ανωµαλίες που παϱατηϱούν.

Το MIU-VL [30] ενσωµατώνει γλώσσα και όϱαση για τον εντοπισµό και την παϱαγωγή

ενός bounding box στον χώϱο της ιατϱικής απεικόνισης. Στην είσοδο του δίνεται µόνο το

όνοµα του αντικειµένου πϱος εντοπισµό και παϱάγεται αυτόµατα µία κειµενική πεϱιγϱαϕή

η οποία ϑα πεϱιέχει πληϱοϕοϱίες όπως το χϱώµα, το σχήµα και η τοποϑεσία της Ϲητούµενης

οντότητας. Το σύνολο των πληϱοϕοϱιών από το κείµενο και την εικόνα τα επεξεϱγάϹεται ένα

VLM και παϱάγει ένα bounding box. Η έϱευνα αυτή έχει ως στόχο να αξιολογήσει κατά

πόσο ένα pretrained VLM µποϱεί να γενικεύσει σε ιατϱικές εικόνες όταν του δίνονται οι

κατάλληλες είσοδοι και πόσο το fine-tuning µποϱεί να ϐελτιώσει τις επιδόσεις εντοπισµού.

Το MedLAM [31] είναι ένα 3D foundation µοντέλο στον χώϱο της ιατρικής απεικόνισης

ικανό να εντοπίζει όργανα παράγοντας τρισδιάστατα bounding boxes. Αποτελείται από συνε-

λικτικό κωδικοποιητή και αποκωδικοποιητή καθώς και από πολυεπίπεδο perceptron και

έχει εκπαιδευτεί σε 16 σύνολα δεδοµένων συµπεριλαµβανοµένων 14,012 υπολογιστικών το-

µογραφιών. ΄Οταν χρησιµοποιείται σε συνδυασµό µε το SAM, το επονοµαζόµενο MedLSAM

είναι ικανό να κατάτµησει ένα όϱγανο παράγοντας και την αντίστοιχη τρισδιάστατη µάσκα.

Η µόνη απαιτούµενη είσοδος είναι η κλάση στην οποία ανήκει το όϱγανο.

Στην ίδια εργασία για την παραγωγή συγκρίσιµων αποτελεσµάτων µε το MedLAM στον εν-

τοπισµό οϱγάνων χρησιµοποιήθηκε ένα pretrained 3D ResNet50 backbone [32] ακολουθών-

τας την DetCo [33] προσέγγιση που είναι µία µη επιβλεπόµενη contrastive learning µέϑοδος

για object detection. Επιπρόσθετα αξιολογήθηκαν τα Mask R-CNN [34] και nnDetection

[35] στο ίδιο πϱόϐληµα. Το Mask R-CNN είναι ένα µοντέλο ϐαθιάς µάϑησης για instance

segmentation το οποίο ϐασίζεται στο Fast/Faster R-CNN [36, 37]. Αποτελείται από δύο στά-

δια, το region proposal network το οποίο παϱάγει υποψήφια bounding boxes, ενώ το δεύτεϱο

στάδιο κατηγοριοποιεί το αντικείµενο, ϐελτιώνει το bounding box και ταυτόχϱονα παϱάγει

και µία µάσκα. Το nnDetection είναι µία υλοποίηση, η οποία έχει τη δυνατότητα αυτόµατης

ϱύϑµισης παϱαµέτϱων και πραγµατοποιεί object detection χρησιµοποιώντας Retina U-Net

[38] backbone και ειδικά detection heads για εντοπισµό και κατηγοριοποίηση, ενώ επεκ-

τείνει τις αρχές δόµησης του nnU-Net [21] όσον αϕοϱά την αυτόµατη ϱύϑµιση παϱαµέτϱων.

1.2.4 Grounded Segmentation/Open-set object Detection

Και τα δύο προβλήµατα αϕοϱούν τη χϱήση κειµενικών περιγραφών για την καθοδήγηση

µοντέλων. ΄Η διαφορά τους έγκειται στην έξοδο των µοντέλων που στην πεϱίπτωση του

grounded segmentation είναι µία µάσκα ενώ στην άλλη πεϱίπτωση είναι ένα bounding

box.

Μεϱικά από τα πϱοτεινόµενα µοντέλα για την επίλυση των παϱαπάνω πϱοϐληµάτων είναι

το GroundingDINO [4] για object detection που παϱάγει bounding box και το Grounded

SAM [39, 7, 4] το οποίο επεκτείνει τις δυνατότητες του SAM επιτϱέποντας κειµενική είσοδο.
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1.3 Μεϑοδολογία

1.3.1 Πεϱιγϱαϕή Συνόλου ∆εδοµένων

Τα δεδοµένα που ϑα χρησιµοποιηθούν για την εκπαίδευση του Grounding DINO αποτελούν-

ται από τϱιπλέτες (εικόνα, bounding box, κείµενο). Οι υπολογιστικές τοµογραφίες και οι

συνθετικές µαγνητικές τοµογραφίες προέρχονται από το σύνολο δεδοµένων που ονοµάζε-

ται RAOS[5, 9] και τα bounding boxes προκύπτουν από τις µάσκες που παϱέχει το RAOS.

Οι κειµενικές περιγραφές που αναλύονται στην υποενότητα 1.3.5 παϱέχουν πληροφορίες

για κάϑε µάσκα που συµπεριλαµβάνουν την σχετική της ϑέση στην εικόνα, το σχήµα, την

ϕωτεινότητά της και ϕυσικά το όνοµα της οντότητας που απεικονίζεται. ΄Ενα µέϱος του

αρχείου που περιέχει το σύνολο δεδοµένων ϕαίνεται στο σχήµα 1.5.

1 {

2 "filename": "0_0.jpg",

3 "height": 259,

4 "width": 331,

5 "grounding": {

6 "caption": "In the image, the Colon has a slightly curved shape...",

7 "regions": [

8 {

9 "bbox": [240, 107, 286, 157],

10 "phrase": "<s> In the image, the Colon has a slightly curved shape.

11 </s>Part Colon on lower middle and on right part Colon Dark Gray ."

12 },

13 {

14 {"bbox": [44, 76, 79, 124],

15 "phrase": "<s> In the image, the Intestine has a curved shape.

16 </s>Part Intestine on upper middle and on left part Intestine Dark Gray ."},

17 }

18 ]

19 }

20 }

Figure 1.5. Παϱάδειγµα της δοµής του συνόλου δεδοµένων που αϕοϱούν µία εικόνα µε πολλά
bounding boxes

RAOS

Οι εικόνες και τα bounding boxes που χϱησιµοποιούνται στο fine-tuning ανήκουν στο

RAOS. Αποτελείται από 413 πϱαγµατικές υπολογιστικές τοµογϱαϕίες, 413x9 συνϑετικές

µαγνητικές τοµογϱαϕίες και τις αντίστοιχες µάσκες οι οποίες έχουν παϱαχϑεί από έναν

ογκολόγο. Οι κατηγοϱίες που αποτελούν τα αντικείµενα πϱος κατάτµηση είναι liver, spleen,

left and right kidneys, stomach, gallbladder, esophagus, pancreas, duodenum, colon,

intestine, left and right adrenals, και left head of the femur για το synthetic MRI και

επιπλέον σε αυτά rectum, bladder, right head of the femur, prostate και seminal vesicle

για τα CT scans. Οι πεϱιπτώσεις που παϱουσιάϹονται κατα την εκπαίδευση ϑεωϱούνται

“συνήϑεις”, µε την έννοια πως κανένα όϱγανο δεν έχει αϕαιϱεϑεί χειϱουϱγικά. Οι ασϑενείς
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1.3.2 Αξιολόγηση του συνόλου δεδοµένων

είναι 287 σε αϱιϑµό σε αυτό το σύνολο. Οι 220 από αυτούς ϑα χϱησιµοποιηϑούν για την

εκπαίδευση, ενώ οι υπόλοιποι 67 ϑα αποτελέσουν το test set. Η εκπαίδευση ϑα γίνει τόσο

σε εικόνες CT όσο και σε MRI.

(A) CT scan (B) Delayed MRI

Figure 1.6. Στα αϱιστεϱά (A) ϕαίνεται ένα CT scan. Στα δεξιά (B) απεικονίϹεται η ίδια πεϱιοχή
σε µοϱϕή MRI του τύπου "Delay". Παϱατηϱούµε ότι η δεξιά εικόνα αναδεικνύει µε µεγαλύτεϱη
ευκϱίνεια την µοϱϕή των οϱγάνων καϑώς οι αντιϑέσεις είναι µεγαλύτεϱες.

1.3.2 Αξιολόγηση του συνόλου δεδοµένων

Οι κειµενικές πεϱιγϱαϕές των µασκών που παϱάχϑηκαν αξιολογήϑηκαν για την ακϱίϐειά

τους από ένα LLM και συγκεκϱιµένα το text-only GPT-4o-mini [40] . Αϱχικά δε δόϑηκαν

στο LLM κατευϑυντήϱιες οδηγίες και αυτό εστίαϹε σε στοιχεία της µοϱϕής των πεϱιγϱαϕών

που ήταν αδύνατο να αλλάξουν, όπως η συνοχή των πϱοτάσεων (Figure 1.7). Στη συνέχεια

επιχειϱήϑηκε να δοϑεί µια παϱαπάνω καϑοδήγηση στο LLM για την αξιολόγηση ώστε να µην

ϐασίϹεται σε λάϑος στοιχεία (Figure 1.8).

You are a dataset quality assessor. Rate the caption from 1 to 10

based on quality and accuracy.

Assessing region phrase: <s> In the image, the Liver has a slightly oval

shape. </s>Liver on lower middle and on right part . Liver Light Gray .

Rating: 5

The caption describes the liver with some basic characteristics, such as

its shape and color; however, it is vague and lacks clarity. The statement

"Liver on lower middle and on right part" is confusing, as it does not

accurately convey the liver’s location in relation to the rest of the image.

Overall, the caption needs improvement in precision and completeness.

Figure 1.7. Αίτηµα για αξιολόγηση της πεϱιγϱαϕής της µάσκας

Στο παϱάδειγµα του σχήµατος 1.8 το µοντέλο εστιάϹει για άλλη µια ϕοϱά στην έλλειψη

συνοχής και στα γϱαµµατικά και συντακτικά λάϑη. ΄Οµως, η εξάλειψη αυτών των στοιχείων

δεν είναι δυνατή µε την ύπαϱξη ενός ϕίλτϱου που αποµακϱύνει συχνά εµϕανιϹόµενες λέξεις.
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You are a dataset quality assessor. Rate the caption from 1 to 10 based on quality and

accuracy keeping in mind that this is the dataset for grounded training of a model

that detects bounding boxes. We would like to give the model the shape, relative

position of the organ in the image and its brightness.

Assessing region phrase: <s> In the image, the Liver has a slightly oval shape. </s>Liver

on lower middle and on right part . Liver Light Gray .

I would rate this caption a 7 out of 10.

Here’s my reasoning: - **Shape**: It accurately describes the liver as having a slightly

oval shape, which is relevant for the model to learn about the organ’s form. - **Position**:

It indicates that the liver is located in the lower middle and the right part of the image,

which provides useful information about its relative position. - **Brightness**: It describes

the liver’s color as light gray, which is important for the model to learn about the organ’s

appearance.

However, the phrase structure is a bit fragmented and could be improved for clarity. Addi-

tionally, a more precise description of the liver’s spatial relation to other organs or anatom-

ical landmarks could enhance the caption’s informative value. Overall, it contains the

essential elements needed for training but could benefit from refinement.

Figure 1.8. Αίτηµα για αξιολόγηση της πεϱιγϱαϕής της µάσκας µε καϑοδήγηση

Τα prompts που δόϑηκαν τελικά στο LLM µε ϐάση τα οποία έκϱινε όλο το dataset ϕαίνονται

στο σχήµα 1.9.

You are a dataset quality assessor. Rate the caption from 1 to

10 based on quality and accuracy keeping in mind that this is the

dataset for grounded training of a model that detects bounding boxes

in synthetic MRI images of type Delay. We would like to give the

model the shape, relative position of the organ in the image and its

brightness. We have filtered out words that appear too often. Thus,

only important keywords remain that bind the relative words with

the region. Disregard grammatical and syntactical correctness.

Assessing region phrase: <s> In the image, the Liver has a slightly oval

shape. </s>Liver on lower middle and on right part . Liver Light Gray .

Rating: 8

The caption accurately describes the shape (slightly oval) and position

(lower middle and right part) of the liver, as well as its brightness (light

gray). It includes important keywords that are relevant for the model’s

understanding of the texture, location, and appearance of the organ in

the synthetic MRI image. However, the inclusion of "on" before "right part"

could be clearer to specify the exact position more effectively. Overall, it

provides a good amount of relevant information for grounded training.

Figure 1.9. Αίτηµα για αξιολόγηση της πεϱιγϱαϕής της µάσκας µε λεπτοµεϱή καϑοδήγηση
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1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med

Ο µέσος όϱος των ϐαϑµολογιών που παϱάχϑηκαν από το LLM αποτελεί µια µετϱική της

οϱϑότητας των πεϱιγϱαϕών.

Μέση Βαϑµολογία

7.25/10

Table 1.1. Μέση ϐαϑµολογία της οϱϑότητας των κειµενικών πεϱιγϱαϕών των µασκών

1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med

΄Εχουµε αναϑέσει στο LLaVA-Med την παϱαγωγή των σχηµάτων των µασκών για την κάϑε

κατηγοϱία οϱγάνου στο dataset. Παϱακάτω παϱουσιάϹονται τα αναλυτικά ιστογϱάµµατα για

κάϑε όϱγανο.
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Figure 1.10. Ιστόγϱαµµα σχηµάτων Bladder
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Figure 1.11. Ιστόγϱαµµα σχηµάτων Colon
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Figure 1.12. Ιστόγϱαµµα σχηµάτων Duodenum
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Figure 1.13. Ιστόγϱαµµα σχηµάτων Esophagus
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1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med
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Figure 1.14. Ιστόγϱαµµα σχηµάτων Gallbladder

c
u
rv

e
d

s
p
in

d
le

s
li
g
h
tl
y
c
u
rv

e
d

tu
b
u
la
r

c
o
il
e
d

0

0.5

1

1.5

·10
4

F
r
e
q
u

e
n

c
y

Intestine Shapes Histogram

Figure 1.15. Ιστόγϱαµµα σχηµάτων Intestine
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Figure 1.16. Ιστόγϱαµµα σχηµάτων Left Adrenal Gland
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Figure 1.17. Ιστόγϱαµµα σχηµάτων Left Head of the Femur
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1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med
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Figure 1.18. Ιστόγϱαµµα σχηµάτων Left Kidney
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Figure 1.19. Ιστόγϱαµµα σχηµάτων Liver
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Figure 1.20. Ιστόγϱαµµα σχηµάτων Pancreas
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Figure 1.21. Ιστόγϱαµµα σχηµάτων Prostate
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1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med

s
li
g
h
tl
y
c
u
rv

e
d

s
li
g
h
tl
y
o
v
a
l

c
u
rv

e
d

ro
u
n
d
e
d

le
tt
e
r
J

tu
b
u
la
r

C
-s

h
a
p
e
d

le
tt
e
r
T

ro
u
n
d

b
u
n
c
h

o
f
g
ra

p
e
s V

0

1,000

2,000

3,000

4,000

F
r
e
q
u

e
n

c
y

Rectum Shapes Histogram

Figure 1.22. Ιστόγϱαµµα σχηµάτων Rectum
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Figure 1.23. Ιστόγϱαµµα σχηµάτων Right Adrenal Gland
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Figure 1.24. Ιστόγϱαµµα σχηµάτων Right Head of the Femur
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Figure 1.25. Ιστόγϱαµµα σχηµάτων Right Kidney
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1.3.3 Σχήµατα Οϱγάνων που δίνονται από το LLaVA-Med
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Figure 1.26. Ιστόγϱαµµα σχηµάτων Seminal Vesicle
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Figure 1.27. Ιστόγϱαµµα σχηµάτων Spleen
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Figure 1.28. Ιστόγϱαµµα σχηµάτων Stomach

1.3.4 Επαύξηση ∆εδοµένων

Για να γίνει το µοντέλο πιο εύρωστο ενσωµατώϑηκαν στο training dataset οι ίδιες εικόνες

αλλά περιστραµµένες κατά 90, 180 και 270 µοίϱες. Επίσης, πϱοστέϑηκαν και αναποδογυρισ-

µένα αντίγραφα κατα τον κάθετο άξονα που διέρχεται από το κέντρο των εικόνων. Το µοντέλο

διαθέτει επίσης αυτόµατο cropping και αλλαγή των διαστάσεων της εικόνας. ΄Ολα τα παρα-

πάνω αποσκοπούν στην ϐελτίωση των επιδόσεων του µοντέλου.

1.3.5 Στάδια

Παϱαγωγή των Κειµενικών Πεϱιγϱαϕών

Στο πϱώτο στάδιο των πειϱαµάτων χϱειάστηκε να δοκιµάσουµε πολλές µοϱϕές εϱωτήσεων

πϱος το LLaVA-Med ώστε να µας παϱάξει ακϱιϐείς πεϱιγϱαϕές για κάϑε µάσκα. Στόχος είναι

να µεταϕεϱϑεί η γνώση του fine-tuned LVLM στο Grounding DINΟ ώστε το σύστηµα που ϑα

δηµιουϱγηϑεί να έχει τη δυνατότητα να κατανοήσει την πεϱιγϱαϕή και να την ταιϱιάξει στην

σωστή µάσκα.

Για να το πετύχουµε αυτό επιλέξαµε κάποια χαρακτηριστικά των µασκών που τις ξε-

χωρίζουν από τις υπόλοιπες και µποϱούν να περιγραφούν λεκτικά. Αυτά είναι αναλυτικά

το σχήµα, η σχετική ϑέση, η ϕωτεινότητα και η υϕή. Εποµένως αυτά ϑα Ϲητηϑούν από

το LLaVA-Med να αναγνωρίσει και να περιγράψει. Βέϐαια, αποφασίστηκε πως η υϕή δεν

ϑα χρησιµοποιηθεί ως χαρακτηριστικό και λόγω περιορισµών στην κριτική ικανότητα του

LLaVA-Med επίσης η ϑέση και η ϕωτεινότητα ϑα εξαχθούν µε τη χϱήση ντετερµινιστικών

αλγορίθµων. ΄Ενα σχήµα που παϱουσιάϹει την προαναφερθείσα διαδικασία είναι το 1.29 .

Οι αναλυτικοί λόγοι των παραπάνω επιλογών αναλύονται στην υποενότητα 1.4.1.
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Figure 1.29. Εξαγωγή των κειµενικών πεϱιγϱαϕών του σχήµατος κάϑε µάσκας

Σχετική Θέση

Οι σχετικές ϑέσεις που επιστϱέϕει το LLaVA-Med είναι λανθασµένες και ακατάλληλες

για χϱήση στην εκπαίδευση του Grounding DINO. Εποµένως δηµιουϱγήϑηκε ένας ντετερ-

µινιστικός αλγόριθµος για την εξαγωγή της ϑέσης της κάϑε µάσκας µέσα στην εικόνα. Συγ-

κεκριµένα, για κάϑε µάσκα υπολογίζεται το κέντρο µάϹας της και ανάλογα µε την περιοχή

στην οποία ανήκει εξάγεται ένας τοπικός προσδιορισµός για τον κάθετο άξονα και ενας για

τον οριζόντιο άξονα. Οι υποδιαιρέσεις της εικόνας ϕαίνονται στο ακόλουϑο σχήµα 1.30 .

(A) Horizontal division (B) Vertical division

Figure 1.30. Η εικόνα χωρίζεται σε τέσσεϱα ίσα µέϱη ως πϱος τον οριζόντιο και τον κάθετο
άξονα. Σε κάϑε µέϱος αντιστοιχίζεται µία ταµπέλα. Το κέντρο µάϹας κάϑε µάσκας χρησι-
µοποιείται για τον προσδιορισµό της ϑέσης της µάσκας και λαµβάνει έναν προσδιορισµό από
την οριζόντια διαίρεση και έναν από την κάθετη διαίρεση. ΄Ενα παϱάδειγµα πρότασης είναι :
“The Left Kidney is located slightly up and slightly left in the image.”

Φωτεινότητα

Υλοποιήϑηκε επίσης µία αυτοµατοποιηµένη µέϑοδος για την παραγωγή των περιγραφών

που αϕοϱούν την ϕωτεινότητα. Καθώς γνωρίζουµε όλες τις µάσκες των οντοτήτων που επιθυ-

µούµε να κατατµήσουµε µποϱούµε να τις χρησιµοποιήσουµε για να υπολογίσουµε την µέση

τιµή της ϕωτεινότητας των πίξελ που την αποτελούν. Για την κατηγοριοποίηση της µάσκας

σε κάποια από τις κλάσεις της ϕωτεινότητας δηµιουργούµε την ακόλουϑη κλίµακα 1.31.
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Figure 1.31. Κλίµακα για την κατηγοϱιοποίηση της ϕωτεινότητας κάϑε µάσκας σε µια κλάση
µε ϐάση την µέση τιµή της

Σχήµα

Αποϕασίσαµε να παϱέχουµε στο LLaVA-Med την πληροφορία για την ϑέση και την

ϕωτεινότητα της οντότητας έτσι ώστε να ϐοηθηθεί στην διαδικασία εντοπισµού της στην

εικόνα. Τα τελικά prompts που δόϑηκαν στο LVLM καταδεικνύονται στο επόµενο παϱάδειγµα

1.32.

User: The Stomach is located on the lower part and slightly right

in the image and appears to be Dark Gray. What shape does it

have in the image?

LLaVA-Med: The stomach in the image has a round shape.

Figure 1.32. Τελικά prompts, χρησιµοποιώντας την πληροφορία για την ϑέση και την
ϕωτεινότητα, η οποία ϑα ϐοηθήσει το µοντέλο να εντοπίσει το Ϲητούµενο όϱγανο.

Εκπαίδευση του Grounding DINO

Σε αυτή τη ϕάση χϱησιµοποιήϑηκε το Open Grounding DINO [41] µια υλοποίηση του

Grounding DINO µε δυνατότητα fine-tuning. Στο διάγϱαµµα που ακολουϑεί ϕαίνεται η

διαδικασία εκπαίδευσης 1.33.
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Figure 1.33. Fine-tuning του GroundingDINO

Το dataset που χϱησιµοποιήϑηκε ήταν το RAOS εµπλουτισµένο µε τις πεϱιγϱαϕές των

µασκών που πεϱιέχουν πληϱοϕοϱία για τη σχετική ϑέση, ϕωτεινότητα και σχήµα της κάϑε

µάσκας. Η ϕωτεινότητα υπολογίϹεται µε τον τϱοπο που παϱουσιάστηκε πϱοηγουµένως, ενώ

η ϑέση υπολογίϹεται όπως πϱιν µε την διαϕοϱά ότι αυξήϑηκαν οι υποδιαιϱέσεις της εικόνας

για µεγαλύτεϱη ακϱίϐεια (Σχήµα 1.34). Για το σχήµα των µασκών χϱησιµοποιήϑηκε το

LLaVA-Med.

(A) Horizontal division (B) Vertical division

Figure 1.34. Η εικόνα χωρίζεται σε έξι µέϱη ως πϱος τον κάθετο και οριζόντιο άξονα. Υπ-
ολογίζεται το κέντρο ϐάϱους της µάσκας και από την ϑέση του προσδίδονται δυο τοπικοί προσ-
διορισµοί στην µάσκα. ΄Ενα παϱάδειγµα είναι: “The Left Kidney is located on the topmost
part and on the left part in the image.”
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Πϱιν πϱαγµατοποιηϑεί η συνένωση των τϱιών πεϱιγϱαϕών εϕαϱµόστηκε ένα ϕίλτϱο για

την αϕαίϱεση των συχνά εµϕανιϹόµενων λέξεων που αϕοϱούν τις πϱοτάσεις για ϕωτεινότητα

και ϑέση. Αυτό αποσκοπούσε στην διευκόλυνση του µοντέλου να εστιάσει σε σηµαντικές

πληϱοϕοϱίες. Αντιϑέτως, κανένα ϕίλτϱο δεν εϕαϱµόστηκε στην πεϱιγϱαϕή του σχήµατος για

τις κανονικές εικόνες αλλά στα επαυξηµένα δεδοµένα ϕιλτϱαϱιστήκαν όλες οι πϱοτάσεις.

Υπεϱπαϱάµετϱοι

Το Grounding DINO εκπαιδεύτηκε χρησιµοποιώντας το Swin-B [17] (swin_B_384_22k)

ως backbone εικόνας και το BERT-base-uncased [18] ως κωδικοποιητή κειµένου. Το µον-

τέλο λειτουργεί µε 900 queries και υποστηρίζει µέγιστο µήκος κειµενικού token 256. ∆ια-

ϑέτει έξι επίπεδα encoder και έξι επίπεδα decoder, µε διάσταση κρυφού επιπέδου 256 και

διάσταση feedforward 2048. Ο µετασχηµατιστής χρησιµοποιεί 8 κεφαλές προσοχής (atten-

tion heads) µε ReLU ενεργοποίηση. Η εκπαίδευση πραγµατοποιείται µε µέγεθος παρτίδας

(batch size) 4, ϐασικό ϱυθµό µάϑησης 0.0001 και weight decay 0.0001. Εφαρµόζεται

data augmentation µε κλίµακες από 480 έως 800 και µέγιστο µέγεθος εικόνας 1333. Ο

ϐελτιστοποιητής (optimizer) µειώνει τον ϱυθµό µάϑησης στις εποχές (epochs) 4 και 8. Για

τον υπολογισµό της απώλειας (loss computation), χρησιµοποιείται το Hungarian match-

ing µε classification, L1 και GIoU losses. Το µοντέλο ϐελτιώνεται πεϱαιτέϱω µέσω text

cross-attention και ενός επιπέδου σύντηξης (fusion layer).

Πεϱιϐάλλον

Το πεϱιϐάλλον εκπαίδευσης αποτελούνταν από έναν NVIDIA A10G GPU έκδοση driver

550.127.05 και CUDA 12.4. H διαδικασία εκπαίδευσης χϱειάστηκε πεϱίπου 44 ώϱες για

τις MRI εικόνες, ενώ το LLaVA-Med χϱειάστηκε πεϱίπου 24 ώϱες για την παϱαγωγή των

πεϱιγϱαϕών των σχηµάτων.

Αξιλόγηση της εκπαίδευσης

Η απόδοση του µοντέλου ποσοτικοποιείϑηκε µέσω δυο µετϱικών συγκεκϱιµένα την τοµή

πϱος ένωση (IoU) και την ακϱίϐεια. Για την σύγκϱιση µε άλλα µοντέλα χϱησιµοποιήϑηκαν

οι µετϱικές dice score coefficient και wall distance.

Τοµή πϱος ΄Ενωση (IoU)

Η µετϱική αυτή παίϱνει ως είσοδο τις δυο µάσκες, την πϱαγµατική και την παϱαγόµενη

από το µοντέλο. ΥπολογίϹεται ως ο λόγος της τοµής πϱος την ένωση των δυο µασκών:

IoU =
Εµϐαδόν Τοµής

Εµϐαδόν ΄Ενωσης
=
|A ∩ B|

|A ∪ B|
(1.1)

Ακϱίϐεια

Η µετϱική αυτή ορίζεται ως ο λόγος των true positives πϱος το άθροισµα των true posi-

tives µε τα false positives.

Precision =
True Positives

True Positives + False Positives
(1.2)

Dice Similarity Coefficient

Το Dice Similarity Coefficient εκϕϱάϹεται µαϑηµατικά:
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DSC(A, B) =
2|A ∩ B|

|A| + |B|
. (1.3)

Wall Distance

To wall distance εκφράζει την µέση απόλυτη διαφορά µεταξύ των οϱίων του προβλεπό-

µενου και του πραγµατικού bounding box. Στις δύο διαστάσεις τα όϱια είναι τέσσεϱα ενώ

στις τϱεις είναι έξι. ∆ίνεται το wall distance για ένα 2D bounding box:

WD =
1

4

4∑
i=1

|d̂i − di | (1.4)

όπου τα di και d̂i είναι τα όϱια του πϱοϐλεπόµενου και του πϱαγµατικού bounding box

αντίστοιχα και ανήκουν στην ίδια πλευϱά.

Αξιολόγηση

Το σύστηµα που προτείνεται αξιολογείται σε ένα σύνολο από εικόνες MRI και CT της

κοιλιακής χώϱας από 67 ασθενείς. Αναλυτικότερα, παρέχονται στο GroundingDINO µια

εικόνα µε µια περιγραφή της οντότητας πϱος κατάτµηση. ΄Επειτα το παραγόµενο bound-

ing box δίνεται σε ένα µοντέλο όπως το SAM2 ή το Med-SAM2 το οποίο παϱάγει και την

προβλεπόµενη µάσκα. Η διαδικασία ϕαίνεται στο διάγραµµα 1.35.

Figure 1.35. Αξιολόγηση του συστήµατος

1.4 Αποτελέσµατα

1.4.1 Prompting LLaVA-Med

Αϱχικά εξετάστηκε η ικανότητα του LLaVA-Med να αναγνωρίζει τα όργανα που παρουσιά-

Ϲονται σε µία εικόνα. Οι απαντήσεις του δεν ήταν ακϱιϐείς, καθώς όργανα που δεν ανήκουν

στο σύνολο δεδοµένων αναγνωρίζονταν και τα σχετικά όργανα τα αγνοούσε. Για την ϐελτίωση

των απαντήσεων αποφασίστηκε να αναϕέϱονται ϱητώς τα ονόµατα των σχετικών οϱγάνων πϱιν

την διατύπωση περεταίρω εϱωτήσεων όπως ϕαίνεται στο παϱάδειγµα 1.36.

Στο επόµενο παϱάδειγµα του σχήµατος 1.37 η εικόνα έχει αναστραφεί και αναϕέϱουµε

ϱητώς τα ονόµατα των σχετικών οϱγάνων πϱιν την διατύπωση της εϱώτησης. Η απάντηση

που δίνεται καταδεικνύει ότι το µοντέλο δεν είναι εύρωστο σε αναστραµµένες εικόνες, κα-

ϑώς επιστϱέϕει την γενική ανατοµική ϑέση του liver. ΄Οσον αϕοϱά το σχήµα του kidney, το
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LLaVA-Med σωστά το αναγνωρίζει ως “bean-shaped”. Παϱόλαυτά, παϱέχει άχϱηστες γενικές

πληροφορίες όπως είναι η λειτουργία των νεφρών που δε συνεισφέρουν στην ικανότητα του

GroundingDINO να παϱάγει ακϱιϐή bounding boxes. Από αυτό το παϱάδειγµα καταλαβαί-

νουµε ότι το µοντέλο απαντά µε ϐάση πληροφορίες που έχει µάθει και δεν τις εξάγει από την

εικόνα.

Στο επόµενο πείϱαµα (Σχήµα 1.38) περιστρέφουµε την εικόνα 180 µοίϱες για να εξετά-

σουµε αν οι περιγραφές των ϑέσεων των οϱγάνων ϑα είναι πιο ακϱιϐείς από προηγουµένως.

Παϱόλο που κάποιες περιγραφές ϑέσεων ϐελτιώϑηκαν, υποθέτουµε ότι οι απαντήσεις δεν

είναι αποτέλεσµα κατανόησης της εικόνας αλλά ευθυγραµµίζονται µε την γνώση που έχει

αποκτήσει το µοντέλο κατά την εκπαίδευση του. Επίσης το LLaVA-Med ξεχνάει να απαντή-

σει για την ϑέση και το σχήµα κάποιον οϱγάνων αποτυγχάνοντας µε αυτό τον τϱόπο να ϕέϱει

εις πέϱας όλα όσα του έχουν ανατεθεί.

Επίσης δοκιµάστηκε και µία άλλη µοϱϕή εϱωτήσεων για τον εντοπισµό των ϑέσεων που

έχει να κάνει µε τα τεταϱτηµόϱια (Παϱάδειγµα 1.39). Φάνηκε ότι το µοντέλο δίνει απαντήσεις

µε µία συγκεκϱιµένη µοϱϕή σε αυτή την εϱώτηση χωϱίς να εµπεϱιέχει γενικές πληϱοϕοϱίες.

Για την ϐελτίωση των επιδόσεων του µοντέλου αποϕασίστηκε ακόµη κάϑε εϱώτηση να ϕοϱά

ένα µόνο όϱγανο και ένα µόνο χαϱακτηϱιστικό.

Πϱοσπάϑειες για εξαγωγή των µασκών µε κϱιτική σκέψη του µοτέλου

Από τις απαντήσεις του µοντέλου είναι εµϕανές πως γνωϱίϹει τα γενικά σχήµατα των

οϱγάνων, παϱόλαυτα σε πολλές πεϱιπτώσεις οι απαντήσεις αϕοϱούν το τϱισδιάστατο σχήµα

και όχι αυτό που αποτυπώνεται στις δύο διαστάσεις της εικόνας. Για παϱάδειγµα µποϱεί το

duodenum να πεϱιγϱαϕεί ως “C-shaped“ ενώ στην εικόνα είναι ελλειψοειδές.

Για την επίλυση αυτού του πϱοϐλήµατος αποϕασίσαµε να παϱουσιάσουµε στο µοντέλο το

εϱώτηµα αυτό ως multiple choice µεταξύ των δισδιάστατων πεϱιγϱαϕών των οϱγάνων. Αυτή

η στϱατηγική αποδείχτηκε µη αποτελεσµατική 1.40.

΄Οσον αϕοϱά το σχήµα και την υϕή ακολουϑήϑηκε ακόµη µία στϱατηγική κατά την

οποία δίνονταν στο µοντέλο τα χαϱακτηϱιστικά οϱισµένων κατηγοϱιών µε στόχο το LVLM να

αναγνωϱίσει από την εικόνα ποια από αυτά ταιϱιάϹουν στο όϱγανο και να το κατηγοϱιοποιήσει

σε κάποια υϕή ή σχήµα. Παϱόλαυτά η στϱατηγική δεν έϕεϱε τα επιϑυµητά αποτελέσµατα

(Παϱαδείγµατα 1.40, 1.41).

Πεϱιγϱαϕές Υϕής

΄Οσον αϕοϱά την υϕή µία εξέταση του συνόλου δεδοµένων εκπαίδευσης του LVLM οδήγησε

στην αναγνώριση δυο όϱων και συγκεκριµένα “οµογενές”, “ετερογενές” ως γνωστούς όσον

αϕοϱά την υϕή. Παϱόλα αυτά το µοντέλο δυσκολευόταν να χαρακτηρίσει ένα όϱγανο σω-

στά ως οµογενές η ετερογενές και γι’ αυτό το λόγο η υϕή τελικά δε χρησιµοποιήθηκε ως

χαρακτηριστικό.

1.4.2 RAOS synthetic MRI τύπου "Delay"

Το GroundingDINO εκπαιδεύτηκε για 11 εποχές σε εικόνες συνθετικής µαγνητικής το-

µογραφίας. Οι επιδόσεις ανά όϱγανο διαφέρουν αρκετά καθώς κάποια όργανα είναι πιο

οϱατά από άλλα λόγω της ϕωτεινότητας. Στα πειράµατα δοκιµάστηκαν prompts µε διάφορα

επίπεδα πληροφορίας όπως ϑέση, σχήµα και ϕωτεινότητα και όπως ϕαίνεται όσο πιο περι-
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1.4.2 RAOS synthetic MRI τύπου "Delay"

γραφικά είναι τα prompts τόσο πιο καλές είναι οι επιδόσεις. Επίσης δοκιµάστηκε το SAM2

σε σύγκριση µε το Med-SAM2 και ϕάνηκε πως το Med-SAM2 παϱόλο που είναι fine-tuned

δεν ϐελτιώνει τα αποτελέσµατα. Ακόµη δοκιµάστηκαν διαφορετικά είδη prompts, όπως µια

κανονική πρόταση για το σχήµα µε λέξεις κλειδιά για ϕωτεινότητα και ϑέση ή κανονικές

προτάσεις χωϱίς λέξεις κλειδιά. Αποδείχϑηκε ότι η πληροφορία όταν δίνεται σε συνοπτική

µοϱϕή µε λέξεις κλειδιά, πεϱνάει πιο καλά στο µοντέλο και έχει καλύτεϱες επιδόσεις.

Fine-tuned Grounding DINO (Epoch 11) + SAM2 IoU Precision

Liver 0.7491 0.7996

Spleen 0.7869 0.8399

Left Kidney 0.8344 0.8770

Right Kidney 0.8153 0.8582

Stomach 0.6430 0.7549

Gallbladder 0.4746 0.5584

Esophagus 0.5132 0.6663

Pancreas 0.3246 0.3831

Duodenum 0.3641 0.4523

Colon 0.4988 0.6183

Intestine 0.3063 0.3541

Left Adrenal 0.2499 0.3186

Right Adrenal 0.3187 0.4171

Segmentation Overall Average 0.5230 0.6010

Table 1.2. Performance results

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 IoU Precision

Liver 0.7281 0.8194

Spleen 0.7815 0.8763

Left Kidney 0.7989 0.9235

Right Kidney 0.7915 0.9036

Stomach 0.6312 0.7738

Gallbladder 0.4637 0.5387

Esophagus 0.5432 0.6648

Pancreas 0.3055 0.3916

Duodenum 0.3642 0.4635

Colon 0.4967 0.6139

Intestine 0.2965 0.378

Left Adrenal 0.233 0.2896

Right Adrenal 0.3334 0.4088

Segmentation Overall Average 0.5133 0.6157

Table 1.3. Performance results
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Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position only) IoU Precision

Liver 0.7557 0.8051

Spleen 0.7677 0.8160

Left Kidney 0.8205 0.8608

Right Kidney 0.7996 0.8388

Stomach 0.5759 0.6674

Gallbladder 0.3927 0.4663

Esophagus 0.4758 0.6228

Pancreas 0.2641 0.3090

Duodenum 0.2509 0.3022

Colon 0.2906 0.3613

Intestine 0.1744 0.1980

Left Adrenal 0.1670 0.2223

Right Adrenal 0.2199 0.2991

Segmentation Overall Average 0.4232 0.4785

Table 1.4. Performance results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position and shape) IoU Precision

Liver 0.7509 0.8010

Spleen 0.7830 0.8353

Left Kidney 0.8295 0.8705

Right Kidney 0.8106 0.8517

Stomach 0.6419 0.7539

Gallbladder 0.439 0.5173

Esophagus 0.4916 0.6321

Pancreas 0.3175 0.3718

Duodenum 0.3254 0.3987

Colon 0.4431 0.5517

Intestine 0.2859 0.3333

Left Adrenal 0.2103 0.2794

Right Adrenal 0.2916 0.3869

Segmentation Overall Average 0.4993 0.5726

Table 1.5. Performance results
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1.4.2 RAOS synthetic MRI τύπου "Delay"

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language shortened version with 2 sentences) IoU Precision

Liver 0.7461 0.7957

Spleen 0.7432 0.7956

Left Kidney 0.8304 0.8712

Right Kidney 0.8138 0.8553

Stomach 0.6350 0.7652

Gallbladder 0.4557 0.5473

Esophagus 0.4915 0.6363

Pancreas 0.3088 0.3659

Duodenum 0.2570 0.3207

Colon 0.4616 0.5756

Intestine 0.237 0.2786

Left Adrenal 0.2043 0.2657

Right Adrenal 0.2828 0.3710

Segmentation Overall Average 0.4855 0.5597

Table 1.6. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image and appears to be Light
Gray."

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language with 3 sentences) IoU Precision

Liver 0.7369 0.7863

Spleen 0.7814 0.8351

Left Kidney 0.8323 0.8739

Right Kidney 0.8146 0.8575

Stomach 0.6319 0.7619

Gallbladder 0.4647 0.5561

Esophagus 0.4981 0.6475

Pancreas 0.2968 0.3533

Duodenum 0.2962 0.3685

Colon 0.4357 0.5450

Intestine 0.2377 0.2818

Left Adrenal 0.2292 0.2974

Right Adrenal 0.3048 0.3981

Segmentation Overall Average 0.4842 0.5590

Table 1.7. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image. The Liver in the image
appears to be Light Gray."

Diploma Thesis 53



Chapter 1. Εκτεταµένη Πεϱίληψη στα Ελληνικά

Fine-tuned Grounding DINO (Epoch 7) + SAM2 IoU Precision

Liver 0.7548 0.8057

Spleen 0.7876 0.840

Left Kidney 0.8345 0.8775

Right Kidney 0.8196 0.8626

Stomach 0.6311 0.7402

Gallbladder 0.4402 0.5185

Esophagus 0.486 0.6211

Pancreas 0.3184 0.3753

Duodenum 0.3259 0.4006

Colon 0.5085 0.6311

Intestine 0.3052 0.3528

Left Adrenal 0.2262 0.2871

Right Adrenal 0.263 0.3391

Segmentation Overall Average 0.5188 0.5951

Table 1.8. Performance results

Original Grounding DINO + SAM2 IoU Precision

Liver 0.1059 0.1078

Spleen 0.0289 0.0291

Left Kidney 0.11306 0.1171

Right Kidney 0.2639 0.2709

Stomach 0.0225 0.0250

Gallbladder 0.0085 0.0085

Esophagus 0.00161 0.0016

Pancreas 0.0177 0.0177

Duodenum 0.00262 0.0026

Colon 0.0230 0.0233

Intestine 0.02708 0.0271

Left Adrenal 0.00088 0.0009

Right Adrenal 0.0018 0.0018

Segmentation Overall Average 0.0487 0.0498

Table 1.9. Performance results

54 Diploma Thesis



1.4.2 RAOS synthetic MRI τύπου "Delay"

Original Grounding DINO + Med-SAM2 IoU Precision

Liver 0.0612 0.0683

Spleen 0.021 0.0223

Left Kidney 0.1054 0.1207

Right Kidney 0.2504 0.2724

Stomach 0.0204 0.02414

Gallbladder 0.0042 0.0042

Esophagus 0.00012 0.00012

Pancreas 0.0085 0.0087

Duodenum 0.00055 0.00056

Colon 0.028 0.0298

Intestine 0.01681 0.01773

Left Adrenal 0.000409 0.000423

Right Adrenal 0.00123 0.00124

Segmentation Overall Average 0.0407 0.0445

Table 1.10. Performance results

Pipeline IoU Precision

Fine-tuned Grounding DINO (Epoch 11) + SAM2 0.5230 0.6010

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 0.5133 0.6157

Original Grounding DINO + SAM2 0.0487 0.0498

Original Grounding DINO + Med-SAM2 0.0407 0.0445

Table 1.11. Results based on model combination

Prompt information IoU Precision

Position 0.4232 0.4785

Position + shape 0.4993 0.5726

Position + shape + brightness 0.5230 0.6010

Table 1.12. Results based on prompt information for the combination of the Fine-tuned
Grounding DINO (Epoch 11) with SAM2
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Figure 1.42. Ground truth bounding box
and mask [5]

Figure 1.43. Predicted bounding box and
mask. IoU = 0.85 Precision = 0.997 [5]

Figure 1.44. Example of stomach grounded segmentation with input: "In the image, the
Stomach has a slightly oval shape. Stomach on upper middle and on left part . Stomach
Light Gray ."

Figure 1.45. Ground truth bounding box
and mask [5]

Figure 1.46. Predicted bounding box and
mask. IoU = 0.927 Precision = 0.969 [5]

Figure 1.47. Example of spleen grounded segmentation with input: "In the image, the
Spleen has a shape that resembles a crescent. Spleen on lower part and on left part .
Spleen Very Light Gray ."
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1.4.3 RAOS CT Scans

Figure 1.48. Ground truth bounding box
and mask [5]

Figure 1.49. Predicted bounding box and
mask. IoU = 0.595 Precision = 0.784 [5]

Figure 1.50. Example of duodenum grounded segmentation with input: "In the image, the
Duodenum has a C-shaped appearance. Duodenum on upper middle and on right middle .
Duodenum Light Gray ."

1.4.3 RAOS CT Scans

Το σύστηµα που αναπτύχϑηκε δοκιµάστηκε και σε εικόνες υπολογιστικής τοµογϱαϕίας.

΄Εγινε αξιολόγηση στα ίδια πειϱάµατα µε εικόνες της κοιλιακής χώϱας από τους ίδιους 67

ασϑενείς.

Fine-tuned Grounding DINO (Epoch 11) + SAM2 IoU Precision

Liver 0.7844 0.8200

Spleen 0.8311 0.8829

Left Kidney 0.8777 0.9288

Right Kidney 0.8689 0.9250

Stomach 0.7219 0.8462

Gallbladder 0.6155 0.7125

Esophagus 0.6553 0.8081

Pancreas 0.5152 0.5899

Duodenum 0.4490 0.5535

Colon 0.5822 0.7347

Intestine 0.3308 0.3770

Left Adrenal 0.5283 0.6468

Right Adrenal 0.4800 0.5863

Rectum 0.7242 0.8564

Bladder 0.8437 0.9023

Left Head of the Femur 0.7773 0.9074

Right Head of the Femur 0.7586 0.9000

Prostate 0.6632 0.7589

Seminal Vescicle 0.6205 0.7329

Segmentation Overall Average 0.5779 0.6702

Table 1.13. Performance Results
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Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 IoU Precision

Liver 0.7879 0.8395

Spleen 0.8435 0.9160

Left Kidney 0.8773 0.9448

Right Kidney 0.8563 0.9257

Stomach 0.7288 0.8368

Gallbladder 0.6108 0.6874

Esophagus 0.6800 0.7888

Pancreas 0.5056 0.5790

Duodenum 0.4601 0.5525

Colon 0.6030 0.6937

Intestine 0.3338 0.3717

Left Adrenal 0.4803 0.5725

Right Adrenal 0.4929 0.5709

Rectum 0.7418 0.8546

Bladder 0.8113 0.8952

Left Head of the Femur 0.6695 0.9011

Right Head of the Femur 0.6967 0.8859

Prostate 0.6445 0.7631

Seminal Vescicle 0.6246 0.7240

Segmentation Overall Average 0.5783 0.6588

Table 1.14. Performance Results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position only) IoU Precision

Liver 0.7358 0.7682

Spleen 0.8230 0.8729

Left Kidney 0.8698 0.9223

Right Kidney 0.8629 0.9194

Stomach 0.6222 0.7217

Gallbladder 0.5396 0.6216

Esophagus 0.6500 0.7945

Pancreas 0.4272 0.4870

Duodenum 0.2862 0.3516

Colon 0.3965 0.4958

Intestine 0.1449 0.1591

Left Adrenal 0.5025 0.6145

Right Adrenal 0.4445 0.5456

Rectum 0.7143 0.8545

Bladder 0.8160 0.8684

Left Head of the Femur 0.7210 0.8487

Right Head of the Femur 0.7292 0.8670

Prostate 0.5699 0.6492

Seminal Vescicle 0.5197 0.5937

Segmentation Overall Average 0.4592 0.5262

Table 1.15. Performance Results
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1.4.3 RAOS CT Scans

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position and shape) IoU Precision

Liver 0.7661 0.7994

Spleen 0.8295 0.8814

Left Kidney 0.8775 0.9286

Right Kidney 0.8687 0.9248

Stomach 0.7137 0.8386

Gallbladder 0.6166 0.7148

Esophagus 0.6566 0.8055

Pancreas 0.4937 0.5646

Duodenum 0.4272 0.5254

Colon 0.5584 0.7064

Intestine 0.2892 0.3274

Left Adrenal 0.5267 0.6476

Right Adrenal 0.4739 0.5780

Rectum 0.7237 0.8530

Bladder 0.8417 0.9003

Left Head of the Femur 0.7164 0.8457

Right Head of the Femur 0.7176 0.8570

Prostate 0.6508 0.7441

Seminal Vescicle 0.5970 0.7023

Segmentation Overall Average 0.5540 0.6422

Table 1.16. Performance Results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language shortened version with 2 sentences) IoU Precision

Liver 0.7272 0.7585

Spleen 0.8280 0.8787

Left Kidney 0.8785 0.9300

Right Kidney 0.8687 0.9246

Stomach 0.6909 0.8130

Gallbladder 0.6049 0.7077

Esophagus 0.6565 0.8047

Pancreas 0.4506 0.5212

Duodenum 0.3806 0.4719

Colon 0.4993 0.6360

Intestine 0.2564 0.2956

Left Adrenal 0.5239 0.6512

Right Adrenal 0.4765 0.5859

Rectum 0.7250 0.8639

Bladder 0.8159 0.8725

Left Head of the Femur 0.7102 0.8360

Right Head of the Femur 0.7117 0.8514

Prostate 0.6481 0.7375

Seminal Vescicle 0.5236 0.6220

Segmentation Overall Average 0.5231 0.6088

Table 1.17. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image and appears to be Light
Gray."
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Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language with 3 sentences) IoU Precision

Liver 0.7754 0.8111

Spleen 0.8279 0.8789

Left Kidney 0.8781 0.9297

Right Kidney 0.8683 0.9242

Stomach 0.7117 0.8364

Gallbladder 0.6090 0.7156

Esophagus 0.6504 0.8054

Pancreas 0.4918 0.5695

Duodenum 0.3982 0.4941

Colon 0.5427 0.6858

Intestine 0.2702 0.3092

Left Adrenal 0.5287 0.6541

Right Adrenal 0.4851 0.5996

Rectum 0.7223 0.8650

Bladder 0.8304 0.8876

Left Head of the Femur 0.7159 0.8393

Right Head of the Femur 0.7368 0.8768

Prostate 0.6615 0.7587

Seminal Vescicle 0.5489 0.6511

Segmentation Overall Average 0.5443 0.6326

Table 1.18. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image. The Liver in the image
appears to be Light Gray."

Fine-tuned Grounding DINO (Epoch 7) + SAM2 IoU Precision

Liver 0.7859 0.8223

Spleen 0.8323 0.8849

Left Kidney 0.8764 0.9285

Right Kidney 0.8675 0.9251

Stomach 0.7187 0.8392

Gallbladder 0.6019 0.7010

Esophagus 0.6523 0.8040

Pancreas 0.5080 0.5837

Duodenum 0.4260 0.5174

Colon 0.5810 0.7358

Intestine 0.3264 0.3731

Left Adrenal 0.5305 0.6542

Right Adrenal 0.4763 0.5861

Rectum 0.7111 0.8459

Bladder 0.8463 0.9062

Left Head of the Femur 0.7717 0.9033

Right Head of the Femur 0.7581 0.8995

Prostate 0.6520 0.7521

Seminal Vescicle 0.6196 0.7277

Segmentation Overall Average 0.5741 0.6668

Table 1.19. Performance Results
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1.4.3 RAOS CT Scans

Original Grounding DINO + SAM2 IoU Precision

Liver 0.0906 0.0910

Spleen 0.0385 0.0385

Left Kidney 0.0433 0.0441

Right Kidney 0.0425 0.0430

Stomach 0.0321 0.0431

Gallbladder 0.0066 0.0066

Esophagus 0.0018 0.0018

Pancreas 0.0184 0.0184

Duodenum 0.0038 0.0044

Colon 0.0113 0.0131

Intestine 0.0259 0.0260

Left Adrenal 0.0014 0.0015

Right Adrenal 0.0015 0.0015

Rectum 0.0130 0.0130

Bladder 0.0717 0.0718

Left Head of the Femur 0.0299 0.0318

Right Head of the Femur 0.1072 0.1155

Prostate 0.0201 0.0201

Seminal Vescicle 0.0051 0.0051

Segmentation Overall Average 0.0293 0.0306

Table 1.20. Performance Results

Original Grounding DINO + Med-SAM2 IoU Precision

Liver 0.1060 0.1098

Spleen 0.0422 0.0422

Left Kidney 0.0427 0.0442

Right Kidney 0.0326 0.0333

Stomach 0.0346 0.0433

Gallbladder 0.0077 0.0077

Esophagus 0.0011 0.0011

Pancreas 0.0205 0.0206

Duodenum 0.0038 0.0043

Colon 0.0102 0.0117

Intestine 0.0266 0.0268

Left Adrenal 0.0012 0.0012

Right Adrenal 0.0015 0.0015

Rectum 0.0123 0.0124

Bladder 0.0776 0.0777

Left Head of the Femur 0.0253 0.0295

Right Head of the Femur 0.0883 0.1053

Prostate 0.0215 0.0215

Seminal Vescicle 0.0062 0.0062

Segmentation Overall Average 0.02949 0.03134

Table 1.21. Performance Results
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Pipeline IoU Precision

Fine-tuned Grounding DINO (Epoch 11) + SAM2 0.5779 0.6702

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 0.5783 0.6588

Original Grounding DINO + SAM2 0.0293 0.0306

Original Grounding DINO + Med-SAM2 0.02949 0.03134

Table 1.22. Results based on model combination

Prompt information IoU Precision

Position 0.4592 0.5262

Position + shape 0.5540 0.6422

Position + shape + brightness 0.5779 0.6702

Table 1.23. Results based on prompt information for the combination of the Fine-tuned
Grounding DINO (Epoch 11) with SAM2

Figure 1.51. Ground truth bounding box
and mask [5]

Figure 1.52. Predicted bounding box and
mask. IoU = 0.91 Precision = 0.98 [5]

Figure 1.53. Ground truth bounding box
and mask [5]

Figure 1.54. Predicted bounding box and
mask. IoU = 0.89 Precision = 0.95 [5]

Figure 1.55. Example of left head of the femur grounded segmentation with input: "In the
image, the Left Head of the Femur has a rounded shape. Part Left Head Femur on lower
middle and on left part Left Head Femur Very Light Gray ." for the first pair and "In the
image, the Left Head of the Femur has a rounded shape. Part Left Head Femur on lower
middle and on leftmost part Left Head Femur Very Light Gray ." for the second pair
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1.4.4 RAOS αξιολόγηση σε άλλα Synthetic MRI

Figure 1.56. Ground truth
bounding box and mask [5]

Figure 1.57. Predicted
bounding box and mask.
IoU = 0.57 Precision = 0.58
[5]

Figure 1.58. Predicted
bounding box and mask.
IoU = 0.54 Precision = 0.46
[5]

Figure 1.59. Example of bladder grounded segmentation with SAM2 on the left and Med-
SAM2 on the right

Figure 1.60. Ground truth bounding box
and mask [5]

Figure 1.61. Predicted bounding box and
mask. IoU = 0.73 Precision = 0.89 [5]

Figure 1.62. Example of pancreas grounded segmentation with input: "In the image, the
Pancreas has a slightly irregular shape. Pancreas on upper middle and on left middle .
Pancreas Very Light Gray."

1.4.4 RAOS αξιολόγηση σε άλλα Synthetic MRI

Μέχϱι αυτό το σηµείο, το µοντέλο έχει αξιολογηϑεί σε σύνολα δεδοµένων στα οποία

εκπαιδεύτηκε. Σε αυτό το πείϱαµα, αξιολογούµε την απόδοση σε σύνολα δεδοµένων εκτός

κατανοµής. Στις νέες συνϑετικές εικόνες MRI, απεικονίϹονται οι ίδιοι ασϑενείς µε σηµαντικές

διαϕοϱοποιήσεις στη ϕωτεινότητα των οϱγάνων σε σύγκϱιση µε τον τύπο "Delayed". Αυτό

σηµαίνει ότι οι απεικονίσεις των οϱγάνων διαϕέϱουν, γεγονός που αντικατοπτϱίϹεται και στις

κειµενικές πεϱιγϱαϕές σχετικά µε τη ϕωτεινότητα. Υπό αυτές τις νέες συνϑήκες, δοκιµάϹουµε

εάν το µοντέλο κατανοεί την αλλαγή και πϱοσαϱµόϹεται, διατηϱώντας παϱόµοια απόδοση.
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Pre Artery type of Synthetic MRI IoU Precision

Liver 0.7166 0.7903

Spleen 0.6833 0.7694

Left Kidney 0.6740 0.7274

Right Kidney 0.5578 0.6058

Stomach 0.5818 0.6977

Gallbladder 0.3575 0.4267

Esophagus 0.4236 0.5426

Pancreas 0.1910 0.2356

Duodenum 0.2007 0.2658

Colon 0.4410 0.5885

Intestine 0.2908 0.3617

Left Adrenal 0.0197 0.0284

Right Adrenal 0.0996 0.1343

Segmentation Overall Average 0.4352 0.5235

Table 1.24. Fine-tuned Grounding DINO (Epoch 11) + SAM2

PV type of Synthetic MRI IoU Precision

Liver 0.7402 0.8076

Spleen 0.7547 0.8254

Left Kidney 0.8173 0.8739

Right Kidney 0.8172 0.8729

Stomach 0.6395 0.7526

Gallbladder 0.4103 0.4979

Esophagus 0.4859 0.6572

Pancreas 0.3341 0.4071

Duodenum 0.3439 0.4404

Colon 0.4703 0.6039

Intestine 0.2985 0.3569

Left Adrenal 0.2556 0.3367

Right Adrenal 0.2742 0.3706

Segmentation Overall Average 0.5071 0.5972

Table 1.25. Fine-tuned Grounding DINO (Epoch 11) + SAM2

Type of Synthetic MRI IoU Precision

Delay 0.5230 0.6010

Pre Artery 0.4352 0.5235

PV 0.5071 0.5972

Table 1.26. Results across different types of Synthetic MRI
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1.5 Συµπεϱάσµατα

Figure 1.63. Delay [5] Figure 1.64. Pre Artery [5] Figure 1.65. PV [5]

Figure 1.66. Examples of different synthetic MRI types

1.5 Συµπεϱάσµατα

1.5.1 Σύγκϱιση µε άλλα µοντέλα

Σε αυτή την ενότητα οι επιδόσεις του πϱοτεινόµενου συστήµατος ϑα συγκϱιϑούν µε άλλα

µοντέλα. Η σύγκϱιση ϑα γίνει µε το MedLAM [31], ένα foundation µοντέλο για εντοπισµό

οϱγάνων που σε συνδυασµό µε το SAM [7] ή το MedSAM [24] πϱαγµατοποιεί κατάτµηση.

Επίσης παϱουσιάϹονται οι επιδόσεις του SAM και του MedSAM όταν δοϑούν τα πϱαγµατικά

bounding boxes [31] (manual prompting) και τέλος παϱουσιάϹεται η επίδοση του nnU-Net

[21], ένα πλήϱως επιϐλεπόµενο µοντέλο ϐαϑιάς µάϑησης.

Είναι σηµαντικό να σηµειωθεί ότι τα αποτελέσµατα που αϕοϱούν άλλα µοντέλα προέρχον-

ται από το σύνολο δεδοµένων WORD [9] το οποίο περιέχει εικόνες υπολογιστικής τοµο-

γραφίας από την κοιλιακή χώϱα, ενώ η δουλειά που παϱουσιάστηκε µε αυτή την εργασία

έχει αξιολογηθεί στο σύνολο δεδοµένων RAOS. Τα δύο αυτά σύνολα δεδοµένων µοιράζονται

τις εικόνες υπολογιστικής τοµογραφίας κάποιων ασθενών. Συγκεκριµένα, οι επισηµειώ-

σεις του WORD που αϕοϱούν τους κοινούς ασθενείς έπϱεπε να επεκταθούν έτσι ώστε να

δηµιουϱγηϑούν 19 κλάσεις όπως στο RAOS αντί για τις 16 που υπήρχαν.

Table 1.27. Dice scores (%) for region segmentation. Prior work is evaluated on the WORD
dataset. Our framework is evaluated on RAOS, a continuation of WORD, and thus, "-" refers
to values missing from prior work.

Regions MedLAM Man. Prompt Fully Supervised nnU-Net Our pipeline

SAM MedSAM SAM MedSAM 5-shot full SAM2 MedSAM2

Liver 66.0 23.8 84.2 46.6 94.3 96.3 85.2 85.7
Spleen 61.7 36.3 85.3 65.0 90.9 95.7 89.4 90.4
Kidney L 82.1 70.7 92.1 84.1 83.4 94.7 93.0 93.0
Kidney R 88.3 77.3 92.9 86.4 86.0 95.2 92.4 91.7
Stomach 44.6 37.2 77.1 80.3 83.2 93.1 80.8 81.3
Gallbladder 13.1 10.2 72.7 68.8 54.7 77.0 70.7 70.5
Esophagus 36.6 27.8 67.0 63.1 72.0 81.5 77.2 79.0
Pancreas 29.7 21.4 64.4 46.9 72.0 84.7 61.6 60.9
Duodenum 26.0 21.1 54.1 51.0 53.7 77.3 53.9 54.9
Colon 25.6 26.6 41.8 44.1 74.7 86.1 67.4 68.7
Intestine 37.5 34.1 61.4 52.5 77.6 88.0 41.2 41.7
Adrenal 3.3 10.0 17.4 26.5 58.3 72.8 63.5 62.0
Left Adrenal − − − − − − 65.6 61.7
Right Adrenal − − − − − − 60.9 62.4
Prostate − − − − − − 75.3 74.3
Seminal Vesicle − − − − − − 72.9 73.2
Rectum 50.1 46.0 75.5 80.0 70.2 80.3 82.2 83.6
Bladder 65.3 59.1 83.0 82.9 84.0 91.8 89.9 87.9
Head of Femur L 81.7 71.5 90.5 80.3 43.1 31.2 84.9 77.3
Head of Femur R 80.1 74.3 89.1 83.2 47.8 40.98 83.3 79.1
Average 49.5 40.5 71.8 65.1 71.6 80.4 66.1 66.3

Από το πινακάκι 1.28 παϱατηϱούµε ότι η πϱοτεινόµενη µέϑοδος παϱάγει τα καλύτεϱα
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bounding boxes. Η σύγκϱιση έχει γίνει µε το MedLAM, το DetCo [33], µία µη επιϐλεπόµενη

µέϑοδο contrastive learning για object detection, το Mask R-CNN [13] και το MIU-VL [30],

ένα µοντέλο όϱασης–γλώσσας για κατανόηση ιατϱικής εικόνας. Tο τελευταίο µοντέλο δεν

έχει εκπαιδευτεί στο WORD το οποίο καταδεικνύει ότι πεϱαιτέϱω εκπαίδευση ϑα µποϱούσε

να ϐελτιώσει τις επιδόσεις.

Table 1.28. Wall Distance (WD) results for each region and method on the RAOS dataset
for our work and WORD for prior work. The best performance for each region is noted in
bold

Regions MedLAM DetCo Mask R-CNN Our pipeline MIU-VL

Liver 10.5 73.8 7.1 4.5 80.4

Spleen 5.7 37.9 6.0 1.7 142.5

Kidney L 5.0 39.4 5.7 0.9 164.3

Kidney R 3.6 61.4 4.1 1.0 166.1

Stomach 17.7 49.3 8.8 4.6 102.8

Gallbladder 16.9 71.4 5.1 2.5 153.2

Esophagus 6.8 47.3 4.1 1.5 153.8

Pancreas 12.2 42.0 7.0 5.1 135.2

Duodenum 12.7 56.6 8.1 5.9 139.8

Colon 15.6 49.0 12.3 9.8 83.3

Intestine 15.4 50.7 11.3 25.3 106.0

Adrenal 7.6 52.3 6.2 2.1 160.2

Rectum 8.6 54.7 5.8 2.2 203.1

Bladder 8.1 65.1 3.7 1.9 167.7

Head of Femur L 5.3 55.8 3.3 4.2 175.1

Head of Femur R 5.9 52.1 4.1 4.0 163.4

Average 9.9 53.9 6.5 4.7 143.6

1.5.2 Επίλογος

Τα αποτελέσµατα των πειϱαµάτων του LLaVA-Med αποδεικνύουν ότι έχει περιορισµένη

κριτική ικανότητα. Παϱόλο που χρησιµοποιήθηκαν διάφορες τεχνικές prompting όπως

ερωτήσεις πολλαπλής επιλογής και rule based inference το µοντέλο ϕαίνεται να µην έχει

κατανοήσει τις σχέσεις µεταξύ των κειµενικών περιγραφών και των χαρακτηριστικών της

εικόνας. Γι’ αυτό το λόγο δεν ϑεωρείται έµπιστο να παϱάξει το σύνολο των κειµενικών περι-

γραφών όπως αρχικά ϑεωρήθηκε.

Σε αυτό το σηµείο πϱέπει επίσης να τονίσουµε ότι το LLaVA-Med όπως τα LLMs δεν είναι

ντετερµινιστικό και δεν παϱάγει την ίδια κειµενική έξοδο µε το ίδιο prompt, το οποίο εισάγει

έναν ϐαθµό ϐεβαιότητας. Στην πεϱίπτωση των περιγραφών σχήµατος αυτός ο µη ντετερ-

µινισµός δεν αποτελεί σοβαρό πϱόϐληµα καθώς τα παραγόµενα σχήµατα είναι αποδεκτά.

Παϱόλαυτά στην πεϱίπτωση της υϕής που δοκιµάστηκε και Ϲητήϑηκε από το το µοντέλο να

κατηγοριοποιήσει τα όργανα σε οµογενή και ετερογενή οι απαντήσεις δεν ήταν πάντα ίδιες

µε ίδια είσοδο.

΄Οπως ϕαίνεται και από τον πίνακα ο εντοπισµός που προσφέρει το προτεινόµενο σύστηµα

είναι αποδοτικός και είναι επίσης το µόνο πϱόϐληµα για το οποίο εκπαιδεύτηκε το Ground-

ingDINO. το επόµενο µέϱος του συστήµατος, το οποίο παϱάγει την µάσκα, επιτυγχάνει

ανταγωνιστικά αποτελέσµατα. Παϱόλα αυτά, υπάρχουν περιπτώσεις στις οποίες πεϱαιτέϱω

εκπαίδευση του segmentation µοντέλο είναι απαϱαίτητη, καθώς τον bounding box είναι το

ιδανικό.

Συγκϱίνοντας το αρχικό GroundingDINO µε την fine-tuned εκδοχή του παϱατηϱούµε ότι
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το αρχικό δεν κατανοεί τα ονόµατα των οϱγάνων που του παρουσιάζονται και απαιτεί παρα-

πάνω εκπαίδευση στον τοµέα της ϐιοϊατρικής καθώς επιστϱέϕει bounding boxes γύϱω από

το σύνολο του σώµατος. To MedSAM2 από τη µεϱιά του δεν αποτελεί σηµαντική ϐελτίωση

στο foundation µοντέλο SAM2, καθώς τα αποτελέσµατα τους είναι συγκρίσιµα.

΄Οσον αϕοϱά τις κειµενικές πεϱιγϱαϕές που δίνονται στο σύστηµα αυτές ϑα πϱέπει να

είναι όσο πιο πεϱιγϱαϕικές γίνεται εµπεϱιέχοντας πληϱοϕοϱία για την σχετική ϑέση του

οϱγάνου στην εικόνα, την ϕωτεινότητα του και το σχήµα του έτσι ώστε να επιτυγχάνεται η

µέγιστη απόδοση. Το µοντέλο είναι επίσης ικανό να εντοπίϹει όϱγανα και να τα κατατµήσει

ακόµα κι αν τα prompts τους διαϕέϱουν από αυτά του training set.

Επίσης το µοντέλο δοκιµάστηκε και σε καινούργια σύνολα δεδοµένων στα οποία µόνο

η ϕωτεινότητα των οϱγάνων άλλαζε, εισάγοντας νέα οπτικά χαρακτηριστικά. Το µοντέλο

παϱουσίασε καλές αποδόσεις για όργανα τα οποία παραµένουν οϱατά. Οι αλλαγές στην

ϕωτεινότητα των οϱγάνων ενσωµατώϑηκαν και στις κειµενικές περιγραφές και το σύστηµα

κατάλαϐε αυτή την αλλαγή σε πολλές περιπτώσεις. Για εικόνες στις οποίες τα όργανα ήταν

ϑολά η παϱουσίαϹαν µεγάλες διαφοροποιήσεις στη ϕωτεινότητα, η απόδοση µειώϑηκε. Συνο-

λικά εικόνες µε καθαρή απεικόνιση των οϱγάνων είχαν τα καλύτεϱα σκοϱ.

Το προτεινόµενο σύστηµα επέδειξε µία προσαρµοστικότητα στο κλειστό περιβάλλον στο

οποίο εκπαιδεύτηκε. Με την έννοια κλειστό περιβάλλον εννοούνται εικόνες οι οποίες προέρχον-

ται από την ίδια κατανοµή για παϱάδειγµα έχουν παραχθεί από το ίδιο µηχάνηµα. Αυτό

το σύστηµα ϑα µποϱούσε να χρησιµοποιηθεί ως ένα ϐοηθητικό εργαλείο για επαγγελµατίες

στον τοµέα σε ένα τέτοιο κλειστό περιβάλλον.

1.5.3 Πεϱιοϱισµοί

΄Ενας ϐασικός παϱάγοντας που πεϱιοϱίϹει τις ϐαϑµολογίες σε όλες τις µετϱικές είναι η

αδυναµία prompting γειτονικών µη συνεχών πεϱιοχών του ίδιου οϱγάνου. Για παϱάδειγµα,

όπως ϕαίνεται στο Σχήµα 1.67, διαϕοϱετικά τµήµατα του παχέος εντέϱου µποϱεί να µην

είναι διακϱιτά ϐάσει της ϑέσης τους, καϑώς καταλαµϐάνουν την ίδια γενική πεϱιοχή και ϑα

αποκτήσουν την ίδια πεϱιγϱαϕή ϑέσης.

Figure 1.67. Για τα δύο µέϱη του ίδιου οϱγάνου που ϐϱίσκονται µέσα στο πϱάσινο πλαίσιο ϑα
πϱαγµατοποιηϑούν δύο prompts στο σύστηµα. ΄Οµως υπάϱχει πιϑανότητα τα δύο prompts να
είναι ακϱιϐώς τα ίδια λόγω της εγγύτητάς τους.
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1.5.4 Μελλοντικές Επεκτάσεις

Σε αυτήν την εργασία, το µοντέλο εκπαιδεύτηκε ξεχωριστά σε δύο διαφορετικά περιβάλ-

λοντα (υπολογιστικές τοµογραφίες και συνθετικές µαγνητικές τοµογραφίες) και αξιολογήθηκε

σε αυτά τα συγκεκριµένα κλειστά περιβάλλοντα και σε κάποια ακόµα καινούρια δεδοµένα.

Μία πιθανή µελλοντική ϐελτίωση ϑα ήταν η πεϱαιτέϱω προσαρµογή του µοντέλου σε ένα ευϱύ

σύνολο δεδοµένων που καλύπτει ολόκληϱο τον τοµέα της ιατρικής απεικόνισης, συµπεριλαµ-

ϐάνοντας πολλαπλές περιοχές του ανθρώπινου σώµατος και εικόνες από διάφορες µεθόδους

απεικόνισης (ακτινογραφίες, πολλαπλοί τύποι µαγνητικής τοµογραφίας, υπολογιστικές το-

µογραφίες, ιστολογία, µακϱοσκοπική παθολογία). Αυτό ϑα οδηγούσε στη δηµιουϱγία ενός

µοντέλου µε εκτεταµένη γνώση στον ιατρικό τοµέα, το οποίο ϑα µποϱούσε να χρησιµοποιηθεί

σε οποιοδήποτε περιβάλλον, καθώς ϑα ϐασίζεται σε ένα µεγάλο σύνολο δεδοµένων και ϑα

είναι γενικεύσιµο.

Μία άλλη κατεύϑυνση για µελλοντική έϱευνα ϑα µποϱούσε να είναι η συνεχής ενηµέϱωση

των ϐαϱών του LVLM µοντέλου µε τις κειµενικές πεϱιγϱαϕές που παϱάγονται από τους

ντετεϱµινιστικούς αλγοϱίϑµους. Αυτό ϑα µποϱούσε να έχει ως αποτέλεσµα την ϐελτίωση της

κϱιτικής ικανότητας του LVLM ώστε να είναι πιο αξιόπιστο και να δίνει ακϱιϐείς απαντήσεις.

Τέλος, ϑα µποϱούσε να ερευνηθεί η εφαρµογή του προτεινόµενου συστήµατος σε 3D

ιατρικές εικόνες παράγοντας τρισδιάστατα bounding boxes is και χρησιµοποιώντας το Med-

SAM2, ώστε να επεξεργαστεί και να κατατµήσει όγκους. Αυτό ϑα µποϱούσε να οδηγήσει

σε ϐελτιωµένα αποτελέσµατα τα οποία ϑα επωφελούνται από την ϕύση των δεδοµένων στις

τϱεις διαστάσεις, όπου όλα τα slices είναι διαθέσιµα σε ένα prompt το οποίο ϑα έχει ως

αποτέλεσµα µία πιο αποδοτική χϱήση του µηχανισµού µνήµης του segmentation µοντέλου.

68 Diploma Thesis



1.5.4 Μελλοντικές Επεκτάσεις

User: Describe the organs in this image in detail in regards to their

position and shape.

LLaVA-Med: In this image, the organs are positioned in a way that is

typical for a female. The liver is located on the right side, and the spleen

is on the left side. The liver appears to be enlarged, with a shape that

resembles a "bunch of grapes." The spleen is also enlarged, with a shape

that resembles a “sausage."

User: The visible organs in this image are the liver, spleen, duodenum,

colon, stomach, pancreas, left and right adrenal. Describe them in detail

in regards to their position and shape.

LLaVA-Med: In the image, the liver is located in the right upper quadrant,

and it appears to be enlarged. The spleen is situated in the left upper

quadrant, and it also appears to be enlarged. The duodenum is the first

part of the small intestine and is located in the upper right quadrant. The

colon is the large intestine and is situated in the lower right quadrant. The

stomach is located in the upper left quadrant, and the pancreas is in the

upper left quadrant, just below the stomach. The left and right adrenal

glands are small, triangular-shaped glands located on top of each kidney.

Figure 1.36. To LLaVA-Med αγνοεί κάποια όϱγανα. Γι’ αυτό το λόγο αποϕασίστηκε σε κάϑε
prompt να αναϕέϱονται τα ονόµατα όλων των οϱγάνων που µας ενδιαϕέϱουν.
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User: In this image the organs are the two kidneys, the liver, the colon,

the intestine, the pancreas, and the duodenum. Describe them as they

appear in the image.

LLaVA-Med: In the image, the two kidneys are visible as well as the liver,

colon, intestine, pancreas, and the duodenum. The kidneys are shown in

their normal positions, with the liver located in the upper right part of the

abdomen, the colon and intestine in the lower right part, the pancreas in

the upper left part, and the duodenum in the upper middle part of the

abdomen. The organs appear to be in their usual anatomical positions,

and there are no visual abnormalities or pathologies mentioned in the

context.

User: Describe the shape of the kidneys.

LLaVA-Med: The kidneys in the image are described as having a normal

shape. They are bean-shaped organs with the right kidney being slightly

higher than the left one. The shape of the kidneys is important for their

proper functioning as it allows them to efficiently filter waste products

and excess water from the blood.

User: Where is the liver here?

LLaVA-Med: In the image the liver is located in the upper right part of

the abdomen.

User: Here the spinal cord is located in the lower part of the image in the

middle. With that in mind, where is the liver?

LLaVA-Med: In the image the liver is located in the upper right part of

the abdomen.

Figure 1.37. Το µοντέλο επικεντϱώνεται πιο πολύ σε πληϱοϕοϱίες που έχει µάϑει και δεν τις
εξάγει µε κϱιτική σκέψη από την εικόνα
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User: The visible organs in this image are the liver, spleen, duodenum,

colon, stomach, pancreas, left and right adrenal. Describe them in detail

in regards to their position and shape.

LLaVA-Med: In the image, the liver is located in the right upper quadrant

of the abdomen. It appears to be enlarged and has a nodular contour.

The spleen is situated in the left upper quadrant, and it also appears to

be enlarged. The duodenum, which is the first part of the small intestine,

is visible in the image. The colon is located in the lower right quadrant,

and it appears to be dilated. The stomach is situated in the upper left

quadrant, and it appears to be enlarged. The pancreas is visible in the

image, and it appears to be enlarged as well. The left and right adrenal

glands are also visible in the image, and they appear to be enlarged.

Figure 1.38. Η εικόνα πεϱιστϱάϕηκε κατά 180 µοίϱες µήπως αυτό ϐοηϑήσει το µοντέλο για
την παϱαγωγή σωστών πεϱιγϱαϕών.
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User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Describe them in detail in regards to their position and say in

which quadrant they belong or center of the image.

LLaVA-Med: In this image, the stomach is located in the left

upper quadrant, the liver is in the right upper quadrant, the

spleen is in the left upper quadrant, the left kidney is in the left

lower quadrant, the right kidney is in the right lower quadrant,

the colon is in the left lower quadrant, the intestine is in the right

lower quadrant, the right adrenal is in the right lower quadrant,

the pancreas is in the left lower quadrant, and the duodenum is

in the right upper quadrant.

User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Describe their shape in the image in detail.

LLaVA-Med: In this image, the stomach appears to be oval-

shaped, the liver is oval-shaped, the spleen is oval-shaped, the

left kidney is bean-shaped, the right kidney is bean-shaped,

the colon is oval-shaped, the intestine is oval-shaped, the right

adrenal is oval-shaped, the pancreas is oval-shaped, and the

duodenum is oval-shaped.

User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Tell me about the brightness of each organ if it is white, gray or

dark closer to black.

LLaVA-Med: In this image, the stomach, the liver, the spleen,

the left kidney, the right kidney, the colon, the intestine, the

right adrenal, the pancreas, and the duodenum appear to be

white. This means that they are well-visualized and easily dis-

tinguishable from the surrounding tissues.

Figure 1.39. Ααποϕασίστηκε κάϑε εϱώτηση να αϕοϱά ένα µόνο χαϱακτηϱιστικό
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User: The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. Describe its shape in detail. If the liver ap-

pears to be elongated and small that means it has the shape of a sausage

but if it is large it has its normal shape. What shape does it have here?

LLaVA-Med: In this image, the liver has a large shape, which is its normal

shape.

User: Can you locate the liver in this image?

LLaVA-Med: Yes, the liver is located slightly up and on the right part of

the image.

User: But it has the shape of a sausage because it is small and elongated.

LLaVA-Med: No, in this image, the liver has its normal shape, which is

large.

User: The liver lies on the right of the right kidney. What shape does it

have?

LLaVA-Med: The liver has a large shape, which is its normal shape.

User: No, it has the shape of a sausage.

LLaVA-Med: No, in this image, the liver has its normal large shape.

User: The liver here appears to cover a small area in regards to the area

of the image, so it must be small, and a small liver typically has the shape

of a sausage. So what shape does it have here?

LLaVA-Med: In this image, the liver has the shape of a sausage because

it is small.

Another example for the same image

User:The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. If the liver appears to cover a small area

in regards to the area of the image it must be small and a small liver

typically has the shape of a sausage. Otherwise it has an irregular shape

and is wedge-shaped. So what shape does it have here?

LLaVA-Med:In this image, the liver appears to be wedge-shaped.

Figure 1.40. Πειϱάµατα µε εϱωτήσεις πολλαπλών επιλογών
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User: The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. If the liver appears to cover a small area

in regards to the area of the image it must be small and a small liver

typically has the shape of a sausage. Otherwise it has an irregular shape

and is wedge-shaped. So what shape does it have here?

LLaVA-Med: In this image, the liver appears to be wedge-shaped.

Figure 1.41. Παϱάδειγµα κϱιτικής σκέψης του µοντέλου για το σχήµα του liver
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Chapter 2

Introduction

2.1 Scope of Work

In Artificial Intelligence (AI), foundation models play a significant role and can be uti-

lized in various domains such as natural language processing (NLP) and computer vision

(CV). Due to the need for generalizability, they are expensive to create, requiring vast

computational resources and rely on large-scale datasets. Any improvement regarding

their architecture, size, training dataset and optimization method can significantly en-

hance performance, bringing new opportunities for their application. A major advantage

of foundation models lies in the fact that their use can be extended to more domains than

they were trained for at a relatively low cost. Notable foundation models in NLP are BERT

[18] and GPT-4 [10].

In computer vision, models such as the U-Net [6], which is a task-specific model,

used to rely on convolutional neural networks(CNNs). With the advent of the transformer

architecture, new models emerged with broader capabilities. These include the Segment

Anything Model(SAM) [7] and its successor SAM2 [2], which are capable of segmenting

images based on a bounding box, point, or mask. Another example is the GroundingDINO

[4], which can detect objects based on a textual description. Beyond these, a new category

of models known as large vision-language models (LVLMs) integrate vision and language

modalities and can be utilized in multimodal tasks. One such model is the large lan-

guage and vision assistant (LLaVA) [1] that can be used in the context of visual question

answering (VQA), a task where an image is provided and the model has to answer an

open-ended question. All of the aforementioned foundation models have learned through

their training general knowledge and can be applied with slight modifications and low

cost to any specific domain.

Especially in the field of medical imaging and more specifically grounded organ seg-

mentation, which is the application of this work, datasets are often either scarce or unan-

notated and the creation of ground truth data can only be the work of experts for reliability

purposes. These constitute limiting factors for the development of models, which special-

ize in medical imaging, as the dataset is the backbone of the training process. To address

this issue, in this work, we propose a method that is able to partly replace the need for

expert annotations by utilizing the domain-specific knowledge of a fine-tuned LVLM, the

LLaVA-Med [8] and transferring it to GroundingDINO. For the grounded segmentation
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of the organs (or parts of them if they are non-contiguous), we develop a pipeline con-

sisting of the GroundingDINO for the production of a bounding box from the (2D image,

text) input and SAM2 or Med-SAM2 [3] to generate the predicted mask of the organ. As

for the dataset it comprises both CT scans and Synthetic MRI images along with their

respective labelmaps all of which belong to the RAOS [5, 9] dataset. The only missing

part for grounded segmentation training are the organ textual descriptions which will be

generated by LLaVA-Med and deterministic algorithms. From the utilized models, only

GroundingDINO will be fine-tuned in the combined data of the RAOS and the produced

textual descriptions, while the segmentation models will remain unaltered.

With the proposed method we proceed on fine-tuning the GroundingDINO and con-

duct a series of experiments to analyze the performance of the pipeline on grounded

segmentation. As metrics, the intersection over union (IoU), the precision, the dice score

coefficient and wall distance are used to quantify the performance. During the testing

phase, different types of prompting strategies are initially assessed both for the whole

pipeline and LLaVA-Med. Additionally, a comparison is presented between the fine-tuned

version of the GroundingDINO and its original counterpart. Furthermore, the pipeline

performance is assessed with the use of SAM2 and then the fine-tuned Med-SAM2 to

understand if the fine-tuning of the second component is imperative for improved results.

Lastly, the pipeline will be evaluated on unseen synthetic MRI images of unknown type

for the system.

2.2 Thesis Organization

This work is organized into the following chapters:

• Chapter 2: Introduction - This section provides a brief overview of the work, the

motives and the purposes.

• Chapter 3: Background and Related Work - In this chapter a small introduction

to computer vision and relevant concepts are presented. Additionally, the utilized

models are analyzed in more detail and related work is also mentioned.

• Chapter 4: Methodology - Here, all of the decisions regarding the architecture of

the pipeline, the hyperparameters of the model, the dataset and a dataset evaluation

are provided.

• Chapter 5: Results - In this section, the results are presented in both quantitative

and qualitative form with the use of example images and segmentation masks.

• Chapter 6: Discussion - In the last chapter, we include a comparison with other

models, an analysis of the findings, a discussion about the limitations of the project

and a suggestion about future work.
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3.1 Overview of Computer Vision

Computer vision (CV) is a subfield of Artificial Intelligence (AI) that focuses on enabling

machines to analyze and interpret visual information in a meaningful way. In the past

computer vision relied on handcrafted features and rule-based approaches for tasks such

as edge detection and feature matching. However, the introduction of large-scale data-

driven models, availability of information and improvement of computational methods

and hardware have all resulted in more robust and generalizable models. The field has

progressed rapidly with the advent of deep learning, particularly with convolutional neural

networks and the more recent transformer-based architectures.

Recent developments have enabled the use of large vision language models (LVLMs)

that bridge the gap between visual and textual modalities performing applications such

as image captioning, visual question answering and grounded segmentation. Other tasks

that fall under CV are image classification, object detection and image segmentation.

In the image classification task, there is a list of classes and the objective is to match

each image to one class. To this end, images usually depict a single object to reduce the

chance of containing objects from two different classes.

Object detection is another task in which an image and a class name are given as

prompts and the output should be the bounding box surrounding the requested object in

the image. In some cases, there might exist multiple instances of the object in a single

image and multiple bounding boxes are required.

Grounded image segmentation is a task in which the object is detected with pixel

precision and a mask is formed. The input for this task should be the image along with

a textual description of the requested object.

Visual question answering (VQA) is a task in which an image along with a text-based

question regarding its content is provided as input. The model in turn is expected to

extract image features, understand the given text and produce an accurate response to

the question.

Mask

A mask of an object in computer vision is the set of pixels that are used to delineate

it, segmenting it from the background. The shape of a mask is arbitrary, depending on
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Figure 3.1. Architecture of LLaVA [1]

factors such as the structure of the object, occlusion and the camera’s capture angle.

Bounding box

A bounding box around the object of interest is a rectangular region that perfectly fits

the object. In this study, the edges of the bounding box are parallel to the horizontal and

vertical axes of the images. Notably, a bounding box does not include any row or column

of pixels unless at least one of them is part of the object’s mask.

3.2 Relevant Models

3.2.1 LLaVA

The Large Language and Vision Assistant (LLaVA) is a large-scale multimodal model

[1] that accepts image text pairs as input and generates a textual response. The tasks

it can handle vary as each task can be described in the textual input and the answer is

based on the input image.

The model was trained using an instruction-following dataset, consisting of tasks and

their corresponding responses. The dataset was curated using text-only GPT-4, which was

prompted with the caption for each image along with a set of questions to answer. The

questions covered a wide variety of tasks and difficulties ranging from simple conversation

and detailed description to complex reasoning. This process resulted in an elaborate set

of questions and answers with diversity. As a result, the GPT-4 worked as a teacher

model that distilled its knowledge to the LLaVA model.

The architecture of LLaVA (Figure 3.1) consists of both text and vision encoders.

The text encoder is a pre-trained large language model, the Vicuna [11], while the vision

encoder is the ViT-L/14 [12], the same model used in CLIP [28]. A linear layer is employed

to transform the embeddings of the image encoder into a representation in the vector space

of their textual counterparts acting as a form of fusion. The resulting embeddings of the

linear layer along with the text embeddings are then processed by the LLM that generates

a textual response.
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3.2.2 LLAVA-Med

The Large Language and Vision Assistant for BioMedicine (LLaVA-Med) [8] is a conver-

sational generative artificial intelligence model. Similarly to LLaVA it takes a multimodal

input (text-image) and produces a textual output. The difference between LLaVA and

LLaVA-Med is that the latter is a fine-tuned variant of the former, retaining the same ar-

chitecture. The fine-tuning process is based on a dataset that includes images, captions

and question-answer pairs regarding multiple fields of medicine such as X-rays, MRI,

Histology, Gross pathology and CT scans. The training procedure consists of two stages

one entailing a concept feature alignment and an end-to-end instruction tuning stage.

In the first stage, the image encoder and the language model (LM) weights remain

frozen, while only the projection matrix that transforms the visual input embeddings

into a vector in the text domain is updated. This training process leads to an improved

alignment between the two modalities in the biomedical domain, thus expanding the

vocabulary and image understanding of the model.

The subsequent stage involved training the LM and the projection layer weights using

an instruction-following dataset in the same way the original LLaVA used one. The model

is claimed to achieve good zero-shot task transfer performance on several VQA datasets.

However, for more specialized scenarios the model needs further fine-tuning and as with

other large multimodal models (LMMs), the model presents hallucinations and has a

limited reasoning capability.

3.2.3 Segment Anything Model 2 (SAM2)

SAM2 [2] is a foundation model capable of segmenting objects in both images and

videos. It accepts bounding boxes, points, or masks as prompts and outputs a segmenta-

tion mask. In this study, it will be tested solely on medical 2D images with a bounding box

acting as input. The model’s architecture comprises an image encoder, prompt encoder,

memory encoder, mask decoder, a memory attention block and a memory bank (Figure

3.2).

The image encoder transforms visual data tokens into embeddings, leveraging hi-

erarchical feature extraction. It employs a Masked Autoencoder [13] (MAE) pre-trained

Hiera [14, 15] image encoder and after producing the image embedding, multiple prompts

and segmentation masks can be inferred.

The prompt encoder is a part of the model that produces the input embeddings from

masks, points, or bounding boxes.

The mask decoder is responsible for generating a mask based on the embeddings it

receives. This component can produce multiple outputs in cases of ambiguity, but only

one mask will be given on the output without a refinement of the prompts. A notable

difference between its predecessor in SAM [7] is that this part can sometimes output no

mask in case the model does not detect any valid objects that require segmentation.

At this point, it should be noted that when the SAM2 model is used to segment images

instead of videos, the memory mechanism is not utilized and remains empty. This leads

SAM2 to behave as SAM. Despite this, in our work, we employ SAM2 due to its training

Diploma Thesis 79



Chapter 3. Background and Related Work

Figure 3.2. Architecture of SAM2 [2]

that is based on a larger dataset.

This dataset known as SA-V was created with the use of a data engine. It includes

35.5M masks across 50.9K videos. The masks are not limited to a predefined list of

objects but rather regard any visible object or even occluded.

The dataset generation was completed in three phases. Initially, the original SAM

model was used in videos to segment objects in each frame and human annotators ad-

justed the predicted masks. In the subsequent stage, both SAM and SAM2 were utilized.

SAM generated a mask for the first frame of the video and SAM2 was tasked with predict-

ing the mask of the same object in the next frames using its memory mechanism. At any

frame, annotators may have adjusted the masks with pixel precision. In the last phase,

only SAM2 was used in its final structural form accepting all kinds of prompts such as

points or masks. During this phase, only slight modifications to the masks were made.

3.2.4 Med-SAM2

The Medical SAM 2 (MedSAM2)[3] is a model developed to handle medical image

segmentation tasks both for 2D and 3D applications. It utilizes the SAM2 model as

a foundation and builds upon it in terms of architecture (Figure 3.3) and fine-tuning

enabling a more diverse set of functions such as the One prompt image segmentation

[16]. In more detail, the memory bank of the model has been altered and does not keep

the last K frames, but only the most relevant and informative embeddings. In this way,

the model is more robust as the images presented are not sorted and the tasks may

vary from image to image. Another action in the direction of enhancing the model is the

fine-tuning. The dataset used for this was the One-Prompt dataset [16] a compilation of

publicly available datasets that span many modalities and organs. All of these actions

make the model more generalizable to unseen tasks directed to the medical domain and

enhance its capabilities for 3D input, video segmentation and One prompt segmentation.

3.2.5 Grounding DINO

Grounding DINO [4] is an open-set object detector that processes an image-text pair

as input to generate bounding boxes for objects relevant to the textual description within

the image. It is characterized as open-set because it can be guided from the textual input

to detect objects outside of the training set. This capability is enabled through modality

fusion (image-text) and grounded pre-training strategies.
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Figure 3.3. Medical SAM 2 Architecture [3]

The architecture (Figure 3.4) comprises two distinct encoders and a single decoder.

The image encoder utilizes the Swin Transformer [17], a deformable attention-based

framework, while the text encoder employs BERT [18]. A feature enhancer facilitates a fu-

sion between the two modalities as it combines cross attention to align the two modalities.

Subsequently, a language guided query selection stage selects the most relevant image

tokens by evaluating their inner product with text tokens. Lastly, the cross modality

decoder is responsible for the production of the bounding boxes.

A key innovation of the Grounding DINO lies in its ability to process each text input

on a sub-sentence level (Figure 3.5) in the process of grounded training. This approach

enables the model to analyze each sentence word by word, independently of other sen-

tences within the same text prompt. By doing so, it mitigates irrelevant dependencies and

ensures more precise alignment between textual and visual features while maintaining

the fine grained details of each sentence regarding a single class.

3.3 Related Work

Medical Imaging. Medical imaging plays a fundamental role in healthcare and

biomedical research, enabling the delineation of anatomical structures, automated diag-

nosis and treatment planning. Among its applications, organ segmentation has received

significant attention with various deep learning based approaches. A notable example is

the U-Net [6] and some variations [19, 20, 21]. Transformer based models have also been

developed to address this problem [22, 23], leveraging self-attention mechanisms.

In addition, the advent of the Segment Anything Model (SAM) has further fueled re-

search interest, with numerous efforts being made to tackle this problem by fine-tuning

[24, 25], prompting [26] or developing adapter-based enhancements to improve segmen-

tation efficiency [27]. The introduction of Segment Anything 2 (SAM2) [2] has expanded

the scope of segmentation research, particularly in the realm of 3D segmentation, with

the use of the memory bank architecture.

Another prominent direction of research interest involves multimodal approaches that

utilize both image and language modalities. Vision language models such as CLIP [28]

have been adapted to address this issue [29]. They utilize text as a means to make
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Figure 3.4. Grounding DINO Architecture [4]

Figure 3.5. Sub-sentence level [4]
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segmentation more robust and efficient across diverse datasets.

More specialized LVLM’s, such as LLaVA [1] and especially LLaVA-Med [8] for the

biomedical domain, have been trained to analyze images describe them in detail often

detecting if there is an anomaly and are able to answer simple questions.

Grounded Segmentation/Open-set object Detection. Traditional segmentation ap-

proaches rely solely on visual features and predefined categories or prompts in the form of

points and bounding boxes. Unlike those, the problem of grounded segmentation refers

to the use of textual prompts to guide a model in segmenting objects within an image.

This method leads to an inherently more generalizable segmentation that utilizes learned

features to detect even unseen objects. Similarly, open-set object detection is a task in

which a textual input describes the requested entity. The key difference between those

two tasks lies in the output, which is a mask in the first case and a bounding box in

object detection.

Several implementations have been proposed, including Grounding DINO [4], which

integrates transformer-based object detection with textual grounding mechanisms and

Grounded SAM [39, 7, 4], which extends the capabilities of SAM by incorporating text

prompts.

MIU-VL [30] is a framework that integrates both language and vision to localize and

produce a bounding box in the medical domain. It is prompted with the name of the object

to be localized and a textual prompt is automatically generated containing information

about the color, shape and location of the requested entity. The combined information

from the text and image modalities is assessed by a VLM and a bounding box is produced.

This study aims to evaluate the generalization of pretrained VLMs on medical images with

the appropriate prompts and proceed on fine-tuning models to showcase the performance

improvement.

MedLAM [31] is a 3D medical foundation model that is capable of localizing organs,

producing three dimensional bounding boxes. It consists of CNN based encoder and

decoder along with a multilayer perceptron and has been trained on 16 datasets including

14,012 CT scans. When integrated with SAM, MedLSAM is able to segment an organ,

generating the respective 3D mask. The only required input is the class of the organ.

In the same work, to create comparable data to MedLAM for organ localization, they

utilized a pretrained 3D ResNet50 backbone [32] following the DetCo [33] approach,

an unsupervised contrastive learning method for object detection. Additionally, they

evaluated the Mask R-CNN [34] framework in the same task. Mask R-CNN is a deep

learning model for instance segmentation and builds upon Fast/Faster R-CNN [36, 37].

It comprises two stages, the region proposal network which produces candidate bounding

boxes and a second stage where it classifies the object and refines the bounding box,

while simultaneously predicting a mask.
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4.1 Dataset Description

The dataset used for fine-tuning the Grounding DINO is multimodal, consisting of

(image, bounding box, text) triplets. The CT scans and Synthetic MR images originate

from the RAOS [5, 9] dataset, with the bounding boxes deriving from the annotated label

maps within the same dataset. The textual input analyzed in section 4.6.1 provides a

detailed description of each annotated entity, including its relative position in the image,

shape, brightness and its corresponding name. A snippet of the dataset file can be viewed

in Figure 4.1.

1 {

2 "filename": "0_0.jpg",

3 "height": 259,

4 "width": 331,

5 "grounding": {

6 "caption": "In the image, the Colon has a slightly curved shape...",

7 "regions": [

8 {

9 "bbox": [240, 107, 286, 157],

10 "phrase": "<s> In the image, the Colon has a slightly curved shape.

11 </s>Part Colon on lower middle and on right part Colon Dark Gray ."

12 },

13 {

14 {"bbox": [44, 76, 79, 124],

15 "phrase": "<s> In the image, the Intestine has a curved shape.

16 </s>Part Intestine on upper middle and on left part Intestine Dark Gray ."},

17 }

18 ]

19 }

20 }

Figure 4.1. Example of dataset structure regarding a single image with multiple bounding
boxes

Diploma Thesis 85



Chapter 4. Methodology

4.1.1 RAOS

The images and bounding boxes employed for fine-tuning the groundingDINO model

derive from the RAOS [5, 9] dataset. It consists of 413 real clinical CT scans and 413x9

MR scans from the human abdominal area. It is also worth noting that this dataset

contains mask annotations by a senior oncologist, which enables supervised fine-tuning.

From the nine available types of Synthetic MRI scans, we have selected to train the model

on the category “Delayed” as various filters and imaging techniques have been applied

to increase the contrast between the organs and thus create more suitable conditions

for computer vision tasks. Among the annotated organs which will be the categories of

interest are the liver, spleen, left and right kidneys, stomach, gallbladder, esophagus,

pancreas, duodenum, colon, intestine, left and right adrenals and left head of the femur.

The rest of the organs in the dataset, such as the rectum, bladder, right head of the femur,

prostate and seminal vesicle, are not present in this type of Synthetic MRI but exist in the

CT scans. The dataset is also separated into sets A, B and C. Set A has slices considered

as the average case, while sets B and C consist of corner cases because of missing organs

or parts of them. For this reason, we chose to fine-tune and evaluate the model on the

images of Set A, which contains CT scans and MRI slices from 287 patients. It should

be noted that the fine-tuning is separate for the CT scans and the Synthetic MRI of type

"Delay".

(A) CT scan (B) Synthetic MRI of type "Delayed"

Figure 4.2. On the left (A) is an original CT scan that displays the organs of the abdomen.
On the right (B) the same area is displayed but it appears to be an enhanced version as the
organs are more distinguishable, their boundaries are clearer and the contrast is higher.

The images have been rotated so that the spinal cord is positioned at the lower part

of the image, as illustrated in Figure 4.2. Each slice is presented as a top-down view to

maintain consistency across the dataset. In total, there are 220 patients for the training

set and 67 patients for the test set.
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4.2 Dataset Evaluation

The textual descriptions of the masks were evaluated for their accuracy and reliability

using a large language model (LLM) and specifically the GPT-4o-mini model [40]. The

LLM was initially prompted to assess the descriptions without any further instructions.

However, it was quickly evident that it focused on aspects that cannot be changed, such

as sentence cohesiveness (Figure 4.3). Subsequently, an explanation regarding the eval-

uation task was provided to guide the model and ensure that it focused on relevant points

(Figure 4.4).

You are a dataset quality assessor. Rate the caption from 1 to 10

based on quality and accuracy.

Assessing region phrase: <s> In the image, the Liver has a slightly oval

shape. </s>Liver on lower middle and on right part . Liver Light Gray .

Rating: 5

The caption describes the liver with some basic characteristics, such as

its shape and color; however, it is vague and lacks clarity. The statement

"Liver on lower middle and on right part" is confusing, as it does not

accurately convey the liver’s location in relation to the rest of the image.

Overall, the caption needs improvement in precision and completeness.

Figure 4.3. Request to assess the mask description

In the next example illustrated in Figure 4.4, the model focused on the fragmented

nature of the sentence, penalizing the lack of cohesiveness, grammatical and syntactical

correctness. Admittedly, the cohesiveness cannot be improved as the sentences pass

through a filtering function that omits all the frequently occurring words such as “and”

and "the". This filtering aims to mitigate the redundancy by preventing the repetition of

such words during the training process, thereby allowing the model to focus on relevant

information. For this reason, further refinement of the prompt was necessary. The final

version, which serves as the basis for evaluating all textual descriptions is presented in

Figure 4.5.
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You are a dataset quality assessor. Rate the caption from 1 to 10

based on quality and accuracy keeping in mind that this is the

dataset for grounded training of a model that detects bounding

boxes. We would like to give the model the shape, relative posi-

tion of the organ in the image and its brightness.

Assessing region phrase: <s> In the image, the Liver has a slightly oval

shape. </s>Liver on lower middle and on right part . Liver Light Gray .

I would rate this caption a 7 out of 10.

Here’s my reasoning: - **Shape**: It accurately describes the liver as

having a slightly oval shape, which is relevant for the model to learn

about the organ’s form. - **Position**: It indicates that the liver is located

in the lower middle and the right part of the image, which provides useful

information about its relative position. - **Brightness**: It describes the

liver’s color as light gray, which is important for the model to learn about

the organ’s appearance.

However, the phrase structure is a bit fragmented and could be improved

for clarity. Additionally, a more precise description of the liver’s spa-

tial relation to other organs or anatomical landmarks could enhance the

caption’s informative value. Overall, it contains the essential elements

needed for training but could benefit from refinement.

Figure 4.4. Request to assess the mask description with some guidance

You are a dataset quality assessor. Rate the caption from 1 to

10 based on quality and accuracy keeping in mind that this is the

dataset for grounded training of a model that detects bounding boxes

in synthetic MRI images of type Delay. We would like to give the

model the shape, relative position of the organ in the image and its

brightness. We have filtered out words that appear too often. Thus,

only important keywords remain that bind the relative words with

the region. Disregard grammatical and syntactical correctness.

Assessing region phrase: <s> In the image, the Liver has a slightly oval

shape. </s>Liver on lower middle and on right part . Liver Light Gray .

Rating: 8

The caption accurately describes the shape (slightly oval) and position

(lower middle and right part) of the liver, as well as its brightness (light

gray). It includes important keywords that are relevant for the model’s

understanding of the texture, location and appearance of the organ in the

synthetic MRI image. However, the inclusion of "on" before "right part"

could be clearer to specify the exact position more effectively. Overall, it

provides a good amount of relevant information for grounded training.

Figure 4.5. Request to assess the mask description with detailed guidance
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Finally, the average rating will be a metric of the accuracy and quality of the dataset.

Average Rating

7.25/10

Table 4.1. Average rating of the accuracy and quality of dataset’s textual modality

4.3 Shape Descriptions by LLaVA-Med

In this work, we have assigned the task of finding the shape for each mask to LLaVA-

Med. In this section the descriptions are presented analytically per category.

s
li
g
h
tl
y
o
v
a
l

s
o
m

e
w
h
a
t
o
v
a
l

b
e
ll

1,000

1,500

2,000

F
r
e
q
u

e
n

c
y

Bladder Shapes Histogram
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Figure 4.8. Histogram of Duodenum Shapes
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Figure 4.10. Histogram of Gallbladder Shapes
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Figure 4.11. Histogram of Intestine Shapes
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Figure 4.12. Histogram of Left Adrenal Gland Shapes
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Figure 4.13. Histogram of Left Head of the Femur Shapes
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Figure 4.14. Histogram of Left Kidney Shapes
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Figure 4.15. Histogram of Liver Shapes
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Figure 4.16. Histogram of Pancreas Shapes
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Figure 4.17. Histogram of Prostate Shapes
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Figure 4.18. Histogram of Rectum Shapes
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Figure 4.19. Histogram of Right Adrenal Gland Shapes
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Figure 4.20. Histogram of Right Head of the Femur Shapes
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Figure 4.21. Histogram of Right Kidney Shapes
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Figure 4.22. Histogram of Seminal Vesicle Shapes
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Figure 4.23. Histogram of Spleen Shapes
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Figure 4.24. Histogram of Stomach Shapes

4.4 Visualization Tool

During data preparation, a tool (Figure 4.25) was developed to display abdominal

Synthetic MRI or CT slices of patients and allow easy switching between them using a

slider. This tool displays the actual image on the left and a label map on the right. Users

can interact with the tool using the slider or by clicking on any region within the image or

on the label map to reveal the associated mask label. Additionally, the tool provides the

pixel value and the coordinates of the cursor on the image, improving the interpretability

of the data.

Figure 4.25. Visualization tool for the patient’s abdominal images.
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4.5 Data Augmentation

In the medical field, CT and MRI scans can appear in multiple orientations and in

some cases, may even be flipped. To address this issue, we extended the dataset by

incorporating rotated and flipped versions of the existing images. This augmentation

enhances the model’s ability to generalize across different orientations, improving its

robustness when processing normally oriented scans. In addition, we applied resizing

and random cropping to ensure that the model learns from objects of different scales and

improve its robustness to object occlusion and localization errors.

As a result, 35 patients were randomly selected and their slices were appended to the

dataset in altered forms:

• 5 patient’s slices were rotated 90 degrees

• 5 patient’s slices were rotated 180 degrees

• 5 patient’s slices were rotated 270 degrees

• 5 patient’s slices were flipped

• 5 patient’s slices were flipped and rotated 90 degrees

• 5 patient’s slices were flipped and rotated 180 degrees

• 5 patient’s slices were flipped and rotated 270 degrees

4.6 Project Phases

4.6.1 Generation of textual descriptions for the masks

The first stage of the experiments involved prompting LLaVA-Med to create relative

captions for the images. These captions should describe in detail the organs depicted,

forming image-text pairs. The aim was to ultimately extract the knowledge of the fine-

tuned LVLM in the biomedical field and distill it to groundingDINO. This step is essential

for enabling the latter model to comprehend medical terminology and accurately produce

a bounding box around the relevant organs.

To achieve this, key features were identified, namely shape, position, brightness and

texture. Therefore, these constitute the primary attributes that LLaVA-Med will be asked

to produce. However, texture was dropped as a feature. As for the relative position and

brightness, deterministic algorithms were used instead to generate the textual descrip-

tions, due to the inaccuracies of the LVLM. The overall process is illustrated in Figure

4.26 and the reasons for selecting this structure are presented in section 5.1.

Diploma Thesis 99



Chapter 4. Methodology

Figure 4.26. Extraction of textual descriptions for the shape of each mask

Relative position

The locations provided by LLaVA-Med were inaccurate, making them unsuitable for

fine-tuning the GroundingDINO, as the erroneous information could be learned and result

in inaccuracies during inference. To address this issue, the retrieval of organ positions

was automated using Python scripts. For each organ mask, whether it represented a

non-contiguous part of an organ or the whole organ, the center of mass was calculated.

Subsequently, a sentence was generated based on the region of the image where the

center of mass was located. The image divisions, are shown in Figure 4.27.

(A) Horizontal division (B) Vertical division

Figure 4.27. The image is divided into four equal parts along both the vertical and hori-
zontal axes. Each part is assigned a descriptive label. The center of mass of each mask is
used to determine its position, acquiring one descriptor for the horizontal axis and another
for the vertical axis. For instance a generated description might be: “The Left Kidney is
located slightly up and slightly left in the image and appears to be Very Light Gray.”

Brightness

An automated method for generating captions regarding the brightness of each organ

was also implemented. Since the dataset described in section 4.1 includes pixel-level an-

notations, it allows for the computation of the mean brightness value for each segmented
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entity. The brightness scale used in this process to classify the brightness of a mask is

presented in Figure 4.28.

Figure 4.28. Brightness scale utilized to categorize the brightness of each organ mask
based on the mean pixel intensity value

Shape

We ultimately decided to provide the LLaVA-Med with the information about the po-

sition and brightness to assist it in locating the organ within the image. The revised

prompts for LLaVa-Med, incorporating both positional and brightness information, are

illustrated in figure 4.29.

User: The Stomach is located on the lower part and slightly right

in the image and appears to be Dark Gray. What shape does it

have in the image?

LLaVA-Med: The stomach in the image has a round shape.

Figure 4.29. Revised prompts, utilizing automated position and brightness descriptions,
that should help the model identify the organ.

4.6.2 Fine-tuning Grounding DINO

For this phase, the Open-GroundingDino [41] was utilized, a third-party implementa-

tion of GroundingDINO with fine-tuning capability. The diagram depicting the process is

illustrated in Figure 4.30.

Diploma Thesis 101



Chapter 4. Methodology

Figure 4.30. Fine-tuning of GroundingDINO diagram

The dataset used consisted of images from the RAOS dataset, as mentioned earlier,

enriched with shape, position and brightness descriptions for each mask in every slice.

The brightness description was calculated using the same methodology as in the prompts

provided to Llava-Med. However, to enhance the accuracy of the position descriptions,

the image was further subdivided and the number of possible combinations increased

(Figure 4.31). For organ shape descriptions, the output of Llava-med was utilized and

treated as ground truth.
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(A) Horizontal division (B) Vertical division

Figure 4.31. The image is divided into six equal parts along both the vertical and horizontal
axis. The center of mass of each organ is used to determine its spacial description, acquiring
one regarding the horizontal axis and another regarding the vertical axis. For instance, a
generated description might state: “The Left Kidney is located on the topmost part and on
the left part in the image and appears to be Very Light Gray.”

Before concatenating the descriptions obtained from LLaVA-Med (shape) and those

from the deterministic algorithms (position and brightness), a filtering function was ap-

plied to the combined prompt for position and brightness. This step aimed to minimize

redundancy by reducing the frequency of commonly used words, helping the model to

focus on relevant information. In contrast, the shape prompt remained unfiltered for the

primary dataset images but was filtered for the augmented, flipped or rotated, images.

Without the full filtering regarding the augmented images, the model exhibited signs of

collapse, failing to generate meaningful outputs. This issue may be attributed to the fact

that in this case the same textual prompts would be combined with the original and the

altered augmented versions of the same image, thus hindering the learning process.

An additional advantage of adding flipped and rotated images to the dataset is the

improvement in precision with respect to the task of object detection. Without the inclu-

sion of augmented images, the model failed to generate any results for object detection.

However, with the augmented dataset, its performance improved significantly, demon-

strating greater accuracy in detecting objects. Nevertheless, further training is required

to optimize the model’s performance on this task.

Hyperparameters

Grounding DINO was trained using Swin-B [17] (swin_B_384_22k) as the image back-

bone and BERT-base-uncased [18] as the text encoder. The model operates with 900

queries and supports a maximum text token length of 256. It features six encoder and

six decoder layers, with a hidden dimension of 256 and a feedforward dimension of 2048.

The transformer uses 8 attention heads with ReLU activation. Training involves batch

size 4, a base learning rate of 0.0001 and weight decay of 0.0001. Data augmentation

is applied with scales ranging from 480 to 800 and a maximum image size of 1333. The

optimizer follows a learning rate drop at epochs 4 and 8. For loss computation, the Hun-

garian matching is used with classification, L1 and GIoU losses. The model is further
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enhanced by text cross-attention and a fusion layer.

Environment

Our environment is equipped with an NVIDIA A10G GPU, running driver version

550.127.05 and CUDA 12.4. The training process took approximately 44 hours for the

synthetic MRI images, while the LLaVA-Med required around 24 hours to produce the

shape descriptions.

4.6.3 Evaluation of the fine-tuning

Evaluation metrics

The experiment involves prompting Grounding DINO with a textual description of the

mask, which in turn generates a bounding box that serves as input to the SAM2 model.

The SAM2 model then produces the final output, a segmentation mask of the target object.

The performance of this pipeline is assessed using two evaluation metrics: Intersection

over Union (IoU) and precision. For the comparison with other models in the next chapter

we will use the Dice similarity coefficient and wall distance.

Intersection over Union (IoU)

As the name suggests, intersection over union (IoU) is defined as the ratio of the

common pixel area between the predicted and the ground truth mask to the total area

covered by both masks. A value of one indicates a perfect match, while lower values

signify a deviation from the ground truth. In mathematical terms:

IoU =
Area of Intersection

Area of Union
=
|A ∩ B|

|A ∪ B|
(4.1)

where A and B are the ground truth and predicted masks, respectively.

Precision

Precision is defined as the ratio of true positive values to the sum of true positive and

false positive values. It quantifies the proportion of the predicted mask that correctly

overlaps with the ground truth mask. A precision value of one indicates that all predicted

pixels belong to the ground truth mask, whereas lower values suggest that some pixels

that do not belong in the mask have been classified as mask pixels. Mathematically,

precision is expressed as:

Precision =
True Positives

True Positives + False Positives
(4.2)

Dice Similarity Coefficient

The dice similarity coefficient is expressed mathematically as follows:
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DSC(A, B) =
2|A ∩ B|

|A| + |B|
. (4.3)

where A and B are the ground truth and predicted masks, respectively. A score of 1

is the perfect match, while 0 indicates no common area.

Wall Distance

The Wall Distance expresses the average absolute difference between the boundaries

of the predicted and the ground truth bounding boxes. In two dimensional bounding

boxes the boundaries are four while in three dimensional bounding boxes the boundaries

are six. We showcase the Wall Distance of a 2D bounding box:

WD =
1

4

4∑
i=1

|d̂i − di | (4.4)

where di and d̂i are the boundaries of the predicted and ground truth bounding boxes

respectively, belonging to the same side.

Evaluation

The fine-tuned Grounding DINO model was evaluated on a dataset consisting of syn-

thetic MR images of type “Delay” and CT scans from 67 patients with slices of their

abdominal area. The testing pipeline, as illustrated in Figure 4.32, consists of Grounding

DINO and a segmentation model, such as SAM2 or Med-SAM2. In this process, the im-

age, along with a detailed description of each mask, are provided as input to Grounding

DINO, which generates a bounding box. This pair (image, bounding box) is then used

as the input for the segmentation model that processes it and produces a segmentation

mask.

Figure 4.32. Inference mode architecture
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Results

5.1 Prompting LLaVA-Med

Initially, the ability of LLaVA-Med to detect organs within an image was evaluated. Its

responses were not always accurate, as unannotated organs in our dataset were identified

and occasionally, it failed to detect relevant ones. To improve the approach, we decided to

adjust the prompts to explicitly mention the names of the relevant organs before asking

other questions about them as depicted in figure 5.1.

In the next example illustrated in figure 5.2 the image is flipped and we explicitly

mention the relevant organs before assigning a task to the model. The answer indicates

that the model lacks robustness to this flipped version of the image, as it incorrectly

returns the general anatomical position of the liver (upper right instead of lower left).

Regarding kidney shape, LLaVA-Med correctly identifies them as “bean shaped”. However,

it also provides extraneous general information, such as the function of the kidneys and

a comparison of their vertical positions in three dimensions, which does not contribute

to groundingDINO’s ability to generate accurate bounding boxes. This example suggests

that the model prioritizes learned knowledge over direct image-based reasoning. Instead,

the locations it returns are the anatomical positions of the organs in the human body and

not the relative positions of the organs in the image.

In the subsequent experiment (Figure 5.3), we rotated the image 180 degrees to eval-

uate whether the model’s descriptions of organ positions became more accurate than

previously. Although the positional descriptions improved, it is hypothesized that the

responses are not directly inferred from the image, but rather align with the model’s

learned anatomical knowledge. Furthermore, the model continues to avoid elaborating

on the position and shape of some organs, failing to describe all the requested structures.

We further concentrated on asking about the quadrants to which each organ belongs

(Figure 5.4), as the model demonstrated an understanding of this task and provided

consistent responses without including general information. To enhance the model’s

performance, each task was segmented into distinct prompts, simplifying the process

and task clarity.
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Attempts to reason with the model

From the responses, it is evident that LLaVA-Med has learned the general shapes

of the organs, although in many cases the answers reflect the three-dimensional shape

rather than the actual shape observed in the image. For example, the model may describe

the duodenum as "C-shaped" even when it appears ovoid in the given image.

One approach to address the problem of the 3D shape descriptions that it returns is to

present this task as a multiple choice question for LLaVa-Med between the 2D descriptions

of the organ and let the model deduce the correct shape. However, this strategy proved

ineffective, as demonstrated in Figure 5.5.

Regarding shape and texture, another reasoning-based prompting strategy was also

utilized to enhance the quality and reliability of the responses. This method involved

providing detailed descriptions of the characteristics of each shape and texture while

guiding the model through a step-by-step reasoning process. By analyzing the available

information and identifying the relevant features, the model was expected to provide more

precise predictions (Figures 5.5, 5.7). However, this proved ineffective as the model’s

reasoning capabilities are limited.

Texture descriptions

Regarding texture, a review of the training set of the LLava-Med was conducted to

identify frequently occurring terms associated with texture. Based on this analysis, the

model was asked whether an organ exhibited a homogenous or heterogenous texture,

leveraging its familiarity with these terms (Figure 5.6). However, the model demonstrated

limited reliability and struggled to recognize homogenous and heterogenous textures. This

issue may be attributed to the fact that there are numerous synthetic MRI types, each

displaying organs with varying colors and textures. Consequently, the model’s responses

were inaccurate, likely due to its lack of exposure to the specific synthetic MRI type.

Given these challenges, texture was ultimately discarded as a descriptive feature for

each organ.

5.2 Evaluation on Synthetic MRI of type "Delayed"

The model was fine-tuned for eleven epochs and this updated version of Grounding

DINO demonstrated enhanced capabilities, surpassing the original foundation model in

the task of segmenting medical images (Table 5.10). However, the performance differs

across the organs, as some are more clearly visible than others due to higher contrast at

their borders and distinct texture. A significant challenge is that certain organs are not

easily distinguishable to the untrained eye, necessitating expert knowledge for accurate

segmentation.

During the testing phase, a series of evaluations were performed using prompts with

varying levels of detail, including or excluding position, shape and brightness descriptions

of the masks. Initially, the model was provided with only positional information, followed

by a combination of positional and shape data and finally, with position, shape and
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brightness details for each organ. As anticipated, the model’s performance improved as

more descriptive and inclusive input was provided (Table 5.11).

Another evaluation was conducted to assess the impact of bigger sentences on the

model’s performance. In the previous tests, the model was prompted with only one full

sentence regarding the shape and keywords for the position and brightness. However, in

this phase, two and three full-sentence descriptions were given. The results indicate that

this excess of information distracts the model, leading to slightly inferior results. While

shorter prompts provide more focused input, full-sentence prompts necessitate that the

model filter out irrelevant details, which may result in the model overlooking essential

information (Tables 5.5 and 5.6).

Fine-tuned Grounding DINO (Epoch 11) + SAM2 IoU Precision

Liver 0.7491 0.7996

Spleen 0.7869 0.8399

Left Kidney 0.8344 0.8770

Right Kidney 0.8153 0.8582

Stomach 0.6430 0.7549

Gallbladder 0.4746 0.5584

Esophagus 0.5132 0.6663

Pancreas 0.3246 0.3831

Duodenum 0.3641 0.4523

Colon 0.4988 0.6183

Intestine 0.3063 0.3541

Left Adrenal 0.2499 0.3186

Right Adrenal 0.3187 0.4171

Segmentation Overall Average 0.5230 0.6010

Table 5.1. Performance results

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 IoU Precision

Liver 0.7281 0.8194

Spleen 0.7815 0.8763

Left Kidney 0.7989 0.9235

Right Kidney 0.7915 0.9036

Stomach 0.6312 0.7738

Gallbladder 0.4637 0.5387

Esophagus 0.5432 0.6648

Pancreas 0.3055 0.3916

Duodenum 0.3642 0.4635

Colon 0.4967 0.6139

Intestine 0.2965 0.378

Left Adrenal 0.233 0.2896

Right Adrenal 0.3334 0.4088

Segmentation Overall Average 0.5133 0.6157

Table 5.2. Performance results
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Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position only) IoU Precision

Liver 0.7557 0.8051

Spleen 0.7677 0.8160

Left Kidney 0.8205 0.8608

Right Kidney 0.7996 0.8388

Stomach 0.5759 0.6674

Gallbladder 0.3927 0.4663

Esophagus 0.4758 0.6228

Pancreas 0.2641 0.3090

Duodenum 0.2509 0.3022

Colon 0.2906 0.3613

Intestine 0.1744 0.1980

Left Adrenal 0.1670 0.2223

Right Adrenal 0.2199 0.2991

Segmentation Overall Average 0.4232 0.4785

Table 5.3. Performance results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position and shape) IoU Precision

Liver 0.7509 0.8010

Spleen 0.7830 0.8353

Left Kidney 0.8295 0.8705

Right Kidney 0.8106 0.8517

Stomach 0.6419 0.7539

Gallbladder 0.439 0.5173

Esophagus 0.4916 0.6321

Pancreas 0.3175 0.3718

Duodenum 0.3254 0.3987

Colon 0.4431 0.5517

Intestine 0.2859 0.3333

Left Adrenal 0.2103 0.2794

Right Adrenal 0.2916 0.3869

Segmentation Overall Average 0.4993 0.5726

Table 5.4. Performance results
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Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language shortened version with 2 sentences) IoU Precision

Liver 0.7461 0.7957

Spleen 0.7432 0.7956

Left Kidney 0.8304 0.8712

Right Kidney 0.8138 0.8553

Stomach 0.6350 0.7652

Gallbladder 0.4557 0.5473

Esophagus 0.4915 0.6363

Pancreas 0.3088 0.3659

Duodenum 0.2570 0.3207

Colon 0.4616 0.5756

Intestine 0.237 0.2786

Left Adrenal 0.2043 0.2657

Right Adrenal 0.2828 0.3710

Segmentation Overall Average 0.4855 0.5597

Table 5.5. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image and appears to be Light
Gray."

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language with 3 sentences) IoU Precision

Liver 0.7369 0.7863

Spleen 0.7814 0.8351

Left Kidney 0.8323 0.8739

Right Kidney 0.8146 0.8575

Stomach 0.6319 0.7619

Gallbladder 0.4647 0.5561

Esophagus 0.4981 0.6475

Pancreas 0.2968 0.3533

Duodenum 0.2962 0.3685

Colon 0.4357 0.5450

Intestine 0.2377 0.2818

Left Adrenal 0.2292 0.2974

Right Adrenal 0.3048 0.3981

Segmentation Overall Average 0.4842 0.5590

Table 5.6. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image. The Liver in the image
appears to be Light Gray."
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Fine-tuned Grounding DINO (Epoch 7) + SAM2 IoU Precision

Liver 0.7548 0.8057

Spleen 0.7876 0.840

Left Kidney 0.8345 0.8775

Right Kidney 0.8196 0.8626

Stomach 0.6311 0.7402

Gallbladder 0.4402 0.5185

Esophagus 0.486 0.6211

Pancreas 0.3184 0.3753

Duodenum 0.3259 0.4006

Colon 0.5085 0.6311

Intestine 0.3052 0.3528

Left Adrenal 0.2262 0.2871

Right Adrenal 0.263 0.3391

Segmentation Overall Average 0.5188 0.5951

Table 5.7. Performance results

Original Grounding DINO + SAM2 IoU Precision

Liver 0.1059 0.1078

Spleen 0.0289 0.0291

Left Kidney 0.11306 0.1171

Right Kidney 0.2639 0.2709

Stomach 0.0225 0.0250

Gallbladder 0.0085 0.0085

Esophagus 0.00161 0.0016

Pancreas 0.0177 0.0177

Duodenum 0.00262 0.0026

Colon 0.0230 0.0233

Intestine 0.02708 0.0271

Left Adrenal 0.00088 0.0009

Right Adrenal 0.0018 0.0018

Segmentation Overall Average 0.0487 0.0498

Table 5.8. Performance results
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Original Grounding DINO + Med-SAM2 IoU Precision

Liver 0.0612 0.0683

Spleen 0.021 0.0223

Left Kidney 0.1054 0.1207

Right Kidney 0.2504 0.2724

Stomach 0.0204 0.02414

Gallbladder 0.0042 0.0042

Esophagus 0.00012 0.00012

Pancreas 0.0085 0.0087

Duodenum 0.00055 0.00056

Colon 0.028 0.0298

Intestine 0.01681 0.01773

Left Adrenal 0.000409 0.000423

Right Adrenal 0.00123 0.00124

Segmentation Overall Average 0.0407 0.0445

Table 5.9. Performance results

Pipeline IoU Precision

Fine-tuned Grounding DINO (Epoch 11) + SAM2 0.5230 0.6010

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 0.5133 0.6157

Original Grounding DINO + SAM2 0.0487 0.0498

Original Grounding DINO + Med-SAM2 0.0407 0.0445

Table 5.10. Results based on model combination

Prompt information IoU Precision

Position 0.4232 0.4785

Position + shape 0.4993 0.5726

Position + shape + brightness 0.5230 0.6010

Table 5.11. Results based on prompt information for the combination of the Fine-tuned
Grounding DINO (Epoch 11) with SAM2
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Figure 5.9. Ground truth bounding box and
mask [5]

Figure 5.10. Predicted bounding box and
mask. IoU = 0.85 Precision = 0.997 [5]

Figure 5.11. Example of stomach grounded segmentation with input: "In the image, the
Stomach has a slightly oval shape. Stomach on upper middle and on left part . Stomach
Light Gray ."

Figure 5.12. Ground truth bounding box
and mask [5]

Figure 5.13. Predicted bounding box and
mask. IoU = 0.927 Precision = 0.969 [5]

Figure 5.14. Example of spleen grounded segmentation with input: "In the image, the
Spleen has a shape that resembles a crescent. Spleen on lower part and on left part .
Spleen Very Light Gray ."
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Figure 5.15. Ground truth bounding box
and mask [5]

Figure 5.16. Predicted bounding box and
mask. IoU = 0.595 Precision = 0.784 [5]

Figure 5.17. Example of duodenum grounded segmentation with input: "In the image, the
Duodenum has a C-shaped appearance. Duodenum on upper middle and on right middle .
Duodenum Light Gray ."

5.3 Evaluation on CT Scans

The developed pipeline was also evaluated on computed tomography scans. Following

the same steps by first producing the textual descriptions, then training GroundingDINO

we proceed on asking the model to predict the masks for the organs of the abdominal area

of the same 67 patients as in the previous section.

Fine-tuned Grounding DINO (Epoch 11) + SAM2 IoU Precision

Liver 0.7844 0.8200

Spleen 0.8311 0.8829

Left Kidney 0.8777 0.9288

Right Kidney 0.8689 0.9250

Stomach 0.7219 0.8462

Gallbladder 0.6155 0.7125

Esophagus 0.6553 0.8081

Pancreas 0.5152 0.5899

Duodenum 0.4490 0.5535

Colon 0.5822 0.7347

Intestine 0.3308 0.3770

Left Adrenal 0.5283 0.6468

Right Adrenal 0.4800 0.5863

Rectum 0.7242 0.8564

Bladder 0.8437 0.9023

Left Head of the Femur 0.7773 0.9074

Right Head of the Femur 0.7586 0.9000

Prostate 0.6632 0.7589

Seminal Vescicle 0.6205 0.7329

Segmentation Overall Average 0.5779 0.6702

Table 5.12. Performance Results
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Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 IoU Precision

Liver 0.7879 0.8395

Spleen 0.8435 0.9160

Left Kidney 0.8773 0.9448

Right Kidney 0.8563 0.9257

Stomach 0.7288 0.8368

Gallbladder 0.6108 0.6874

Esophagus 0.6800 0.7888

Pancreas 0.5056 0.5790

Duodenum 0.4601 0.5525

Colon 0.6030 0.6937

Intestine 0.3338 0.3717

Left Adrenal 0.4803 0.5725

Right Adrenal 0.4929 0.5709

Rectum 0.7418 0.8546

Bladder 0.8113 0.8952

Left Head of the Femur 0.6695 0.9011

Right Head of the Femur 0.6967 0.8859

Prostate 0.6445 0.7631

Seminal Vescicle 0.6246 0.7240

Segmentation Overall Average 0.5783 0.6588

Table 5.13. Performance Results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position only) IoU Precision

Liver 0.7358 0.7682

Spleen 0.8230 0.8729

Left Kidney 0.8698 0.9223

Right Kidney 0.8629 0.9194

Stomach 0.6222 0.7217

Gallbladder 0.5396 0.6216

Esophagus 0.6500 0.7945

Pancreas 0.4272 0.4870

Duodenum 0.2862 0.3516

Colon 0.3965 0.4958

Intestine 0.1449 0.1591

Left Adrenal 0.5025 0.6145

Right Adrenal 0.4445 0.5456

Rectum 0.7143 0.8545

Bladder 0.8160 0.8684

Left Head of the Femur 0.7210 0.8487

Right Head of the Femur 0.7292 0.8670

Prostate 0.5699 0.6492

Seminal Vescicle 0.5197 0.5937

Segmentation Overall Average 0.4592 0.5262

Table 5.14. Performance Results
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5.3 Evaluation on CT Scans

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Position and shape) IoU Precision

Liver 0.7661 0.7994

Spleen 0.8295 0.8814

Left Kidney 0.8775 0.9286

Right Kidney 0.8687 0.9248

Stomach 0.7137 0.8386

Gallbladder 0.6166 0.7148

Esophagus 0.6566 0.8055

Pancreas 0.4937 0.5646

Duodenum 0.4272 0.5254

Colon 0.5584 0.7064

Intestine 0.2892 0.3274

Left Adrenal 0.5267 0.6476

Right Adrenal 0.4739 0.5780

Rectum 0.7237 0.8530

Bladder 0.8417 0.9003

Left Head of the Femur 0.7164 0.8457

Right Head of the Femur 0.7176 0.8570

Prostate 0.6508 0.7441

Seminal Vescicle 0.5970 0.7023

Segmentation Overall Average 0.5540 0.6422

Table 5.15. Performance Results

Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language shortened version with 2 sentences) IoU Precision

Liver 0.7272 0.7585

Spleen 0.8280 0.8787

Left Kidney 0.8785 0.9300

Right Kidney 0.8687 0.9246

Stomach 0.6909 0.8130

Gallbladder 0.6049 0.7077

Esophagus 0.6565 0.8047

Pancreas 0.4506 0.5212

Duodenum 0.3806 0.4719

Colon 0.4993 0.6360

Intestine 0.2564 0.2956

Left Adrenal 0.5239 0.6512

Right Adrenal 0.4765 0.5859

Rectum 0.7250 0.8639

Bladder 0.8159 0.8725

Left Head of the Femur 0.7102 0.8360

Right Head of the Femur 0.7117 0.8514

Prostate 0.6481 0.7375

Seminal Vescicle 0.5236 0.6220

Segmentation Overall Average 0.5231 0.6088

Table 5.16. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image and appears to be Light
Gray."
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Fine-tuned Grounding DINO (Epoch 11) + SAM2 (Unfiltered prompts

natural language with 3 sentences) IoU Precision

Liver 0.7754 0.8111

Spleen 0.8279 0.8789

Left Kidney 0.8781 0.9297

Right Kidney 0.8683 0.9242

Stomach 0.7117 0.8364

Gallbladder 0.6090 0.7156

Esophagus 0.6504 0.8054

Pancreas 0.4918 0.5695

Duodenum 0.3982 0.4941

Colon 0.5427 0.6858

Intestine 0.2702 0.3092

Left Adrenal 0.5287 0.6541

Right Adrenal 0.4851 0.5996

Rectum 0.7223 0.8650

Bladder 0.8304 0.8876

Left Head of the Femur 0.7159 0.8393

Right Head of the Femur 0.7368 0.8768

Prostate 0.6615 0.7587

Seminal Vescicle 0.5489 0.6511

Segmentation Overall Average 0.5443 0.6326

Table 5.17. Example of input: "In the image, the Liver has a slightly oval shape. The Liver
is located on the lower middle and on the right part of the image. The Liver in the image
appears to be Light Gray."

Fine-tuned Grounding DINO (Epoch 7) + SAM2 IoU Precision

Liver 0.7859 0.8223

Spleen 0.8323 0.8849

Left Kidney 0.8764 0.9285

Right Kidney 0.8675 0.9251

Stomach 0.7187 0.8392

Gallbladder 0.6019 0.7010

Esophagus 0.6523 0.8040

Pancreas 0.5080 0.5837

Duodenum 0.4260 0.5174

Colon 0.5810 0.7358

Intestine 0.3264 0.3731

Left Adrenal 0.5305 0.6542

Right Adrenal 0.4763 0.5861

Rectum 0.7111 0.8459

Bladder 0.8463 0.9062

Left Head of the Femur 0.7717 0.9033

Right Head of the Femur 0.7581 0.8995

Prostate 0.6520 0.7521

Seminal Vescicle 0.6196 0.7277

Segmentation Overall Average 0.5741 0.6668

Table 5.18. Performance Results
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Original Grounding DINO + SAM2 IoU Precision

Liver 0.0906 0.0910

Spleen 0.0385 0.0385

Left Kidney 0.0433 0.0441

Right Kidney 0.0425 0.0430

Stomach 0.0321 0.0431

Gallbladder 0.0066 0.0066

Esophagus 0.0018 0.0018

Pancreas 0.0184 0.0184

Duodenum 0.0038 0.0044

Colon 0.0113 0.0131

Intestine 0.0259 0.0260

Left Adrenal 0.0014 0.0015

Right Adrenal 0.0015 0.0015

Rectum 0.0130 0.0130

Bladder 0.0717 0.0718

Left Head of the Femur 0.0299 0.0318

Right Head of the Femur 0.1072 0.1155

Prostate 0.0201 0.0201

Seminal Vescicle 0.0051 0.0051

Segmentation Overall Average 0.0293 0.0306

Table 5.19. Performance Results

Original Grounding DINO + Med-SAM2 IoU Precision

Liver 0.1060 0.1098

Spleen 0.0422 0.0422

Left Kidney 0.0427 0.0442

Right Kidney 0.0326 0.0333

Stomach 0.0346 0.0433

Gallbladder 0.0077 0.0077

Esophagus 0.0011 0.0011

Pancreas 0.0205 0.0206

Duodenum 0.0038 0.0043

Colon 0.0102 0.0117

Intestine 0.0266 0.0268

Left Adrenal 0.0012 0.0012

Right Adrenal 0.0015 0.0015

Rectum 0.0123 0.0124

Bladder 0.0776 0.0777

Left Head of the Femur 0.0253 0.0295

Right Head of the Femur 0.0883 0.1053

Prostate 0.0215 0.0215

Seminal Vescicle 0.0062 0.0062

Segmentation Overall Average 0.02949 0.03134

Table 5.20. Performance Results
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Pipeline IoU Precision

Fine-tuned Grounding DINO (Epoch 11) + SAM2 0.5779 0.6702

Fine-tuned Grounding DINO (Epoch 11) + Med-SAM2 0.5783 0.6588

Original Grounding DINO + SAM2 0.0293 0.0306

Original Grounding DINO + Med-SAM2 0.02949 0.03134

Table 5.21. Results based on model combination

Prompt information IoU Precision

Position 0.4592 0.5262

Position + shape 0.5540 0.6422

Position + shape + brightness 0.5779 0.6702

Table 5.22. Results based on prompt information for the combination of the Fine-tuned
Grounding DINO (Epoch 11) with SAM2

Figure 5.18. Ground truth bounding box
and mask [5]

Figure 5.19. Predicted bounding box and
mask. IoU = 0.91 Precision = 0.98 [5]

Figure 5.20. Ground truth bounding box
and mask [5]

Figure 5.21. Predicted bounding box and
mask. IoU = 0.89 Precision = 0.95 [5]

Figure 5.22. Example of left head of the femur grounded segmentation with input: "In the
image, the Left Head of the Femur has a rounded shape. Part Left Head Femur on lower
middle and on left part Left Head Femur Very Light Gray ." for the first pair and "In the
image, the Left Head of the Femur has a rounded shape. Part Left Head Femur on lower
middle and on leftmost part Left Head Femur Very Light Gray ." for the second pair
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5.4 Evaluation on out-of-distribution Synthetic MRI types

Figure 5.23. Ground truth
bounding box and mask [5]

Figure 5.24. Predicted
bounding box and mask.
IoU = 0.57 Precision = 0.58
[5]

Figure 5.25. Predicted
bounding box and mask.
IoU = 0.54 Precision = 0.46
[5]

Figure 5.26. Example of bladder grounded segmentation with SAM2 on the left and Med-
SAM2 on the right

Figure 5.27. Ground truth bounding box
and mask [5]

Figure 5.28. Predicted bounding box and
mask. IoU = 0.73 Precision = 0.89 [5]

Figure 5.29. Example of pancreas grounded segmentation with input: "In the image, the
Pancreas has a slightly irregular shape. Pancreas on upper middle and on left middle .
Pancreas Very Light Gray."

5.4 Evaluation on out-of-distribution Synthetic MRI types

Up to this point, the model has been evaluated on datasets it was trained on. In this

experiment, we assess the performance of the pipeline on out-of-distribution datasets. On

the new Synthetic MRI images, the same patients are depicted with significant variations

in organ brightness compared to the "Delayed" type. This means that the image depictions

differ and that is also reflected on textual prompts regarding the brightness. Under these

unseen circumstances we test whether the model understands the change and adapts to

it.
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Pre Artery type of Synthetic MRI IoU Precision

Liver 0.7166 0.7903

Spleen 0.6833 0.7694

Left Kidney 0.6740 0.7274

Right Kidney 0.5578 0.6058

Stomach 0.5818 0.6977

Gallbladder 0.3575 0.4267

Esophagus 0.4236 0.5426

Pancreas 0.1910 0.2356

Duodenum 0.2007 0.2658

Colon 0.4410 0.5885

Intestine 0.2908 0.3617

Left Adrenal 0.0197 0.0284

Right Adrenal 0.0996 0.1343

Segmentation Overall Average 0.4352 0.5235

Table 5.23. Fine-tuned Grounding DINO (Epoch 11) + SAM2

PV type of Synthetic MRI IoU Precision

Liver 0.7402 0.8076

Spleen 0.7547 0.8254

Left Kidney 0.8173 0.8739

Right Kidney 0.8172 0.8729

Stomach 0.6395 0.7526

Gallbladder 0.4103 0.4979

Esophagus 0.4859 0.6572

Pancreas 0.3341 0.4071

Duodenum 0.3439 0.4404

Colon 0.4703 0.6039

Intestine 0.2985 0.3569

Left Adrenal 0.2556 0.3367

Right Adrenal 0.2742 0.3706

Segmentation Overall Average 0.5071 0.5972

Table 5.24. Fine-tuned Grounding DINO (Epoch 11) + SAM2

Type of Synthetic MRI IoU Precision

Delay 0.5230 0.6010

Pre Artery 0.4352 0.5235

PV 0.5071 0.5972

Table 5.25. Results across different types of Synthetic MRI
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Figure 5.30. Delay [5] Figure 5.31. Pre Artery [5] Figure 5.32. PV [5]

Figure 5.33. Examples of different synthetic MRI types
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User: Describe the organs in this image in detail in regards to their

position and shape.

LLaVA-Med: In this image, the organs are positioned in a way that is

typical for a female. The liver is located on the right side and the spleen

is on the left side. The liver appears to be enlarged, with a shape that

resembles a "bunch of grapes." The spleen is also enlarged, with a shape

that resembles a “sausage."

User: The visible organs in this image are the liver, spleen, duodenum,

colon, stomach, pancreas, left and right adrenal. Describe them in detail

in regards to their position and shape.

LLaVA-Med: In the image, the liver is located in the right upper quadrant

and it appears to be enlarged. The spleen is situated in the left upper

quadrant and it also appears to be enlarged. The duodenum is the first

part of the small intestine and is located in the upper right quadrant. The

colon is the large intestine and is situated in the lower right quadrant. The

stomach is located in the upper left quadrant and the pancreas is in the

upper left quadrant, just below the stomach. The left and right adrenal

glands are small, triangular-shaped glands located on top of each kidney.

Figure 5.1. LLaVA-Med misses some organs and does not return their shapes in the image.
It may get confused when asked about multiple organs simultaneously
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User: In this image the organs are the two kidneys, the liver, the colon,

the intestine, the pancreas and the duodenum. Describe them as they

appear in the image.

LLaVA-Med: In the image, the two kidneys are visible as well as the liver,

colon, intestine, pancreas and the duodenum. The kidneys are shown in

their normal positions, with the liver located in the upper right part of the

abdomen, the colon and intestine in the lower right part, the pancreas

in the upper left part and the duodenum in the upper middle part of the

abdomen. The organs appear to be in their usual anatomical positions

and there are no visual abnormalities or pathologies mentioned in the

context.

User: Describe the shape of the kidneys.

LLaVA-Med: The kidneys in the image are described as having a normal

shape. They are bean-shaped organs with the right kidney being slightly

higher than the left one. The shape of the kidneys is important for their

proper functioning as it allows them to efficiently filter waste products

and excess water from the blood.

User: Where is the liver here?

LLaVA-Med: In the image the liver is located in the upper right part of

the abdomen.

User: Here the spinal cord is located in the lower part of the image in the

middle. With that in mind, where is the liver?

LLaVA-Med: In the image the liver is located in the upper right part of

the abdomen.

Figure 5.2. The model focuses on the learned general anatomical knowledge rather than
reasoning directly from the image
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User: The visible organs in this image are the liver, spleen, duodenum,

colon, stomach, pancreas, left and right adrenal. Describe them in detail

in regards to their position and shape.

LLaVA-Med: In the image, the liver is located in the right upper quadrant

of the abdomen. It appears to be enlarged and has a nodular contour.

The spleen is situated in the left upper quadrant and it also appears to

be enlarged. The duodenum, which is the first part of the small intestine,

is visible in the image. The colon is located in the lower right quadrant

and it appears to be dilated. The stomach is situated in the upper left

quadrant and it appears to be enlarged. The pancreas is visible in the

image and it appears to be enlarged as well. The left and right adrenal

glands are also visible in the image and they appear to be enlarged.

Figure 5.3. Rotated version of the image to assess whether the positional descriptions
improve.

126 Diploma Thesis



5.4 Evaluation on out-of-distribution Synthetic MRI types

User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Describe them in detail in regards to their position and say in

which quadrant they belong or center of the image.

LLaVA-Med: In this image, the stomach is located in the left

upper quadrant, the liver is in the right upper quadrant, the

spleen is in the left upper quadrant, the left kidney is in the left

lower quadrant, the right kidney is in the right lower quadrant,

the colon is in the left lower quadrant, the intestine is in the right

lower quadrant, the right adrenal is in the right lower quadrant,

the pancreas is in the left lower quadrant and the duodenum is

in the right upper quadrant.

User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Describe their shape in the image in detail.

LLaVA-Med: In this image, the stomach appears to be oval-

shaped, the liver is oval-shaped, the spleen is oval-shaped, the

left kidney is bean-shaped, the right kidney is bean-shaped,

the colon is oval-shaped, the intestine is oval-shaped, the right

adrenal is oval-shaped, the pancreas is oval-shaped and the duo-

denum is oval-shaped.

User: The visible organs in this image are the stomach, the

liver, the spleen, the left kidney, the right kidney, the colon, the

intestine, the right adrenal, the pancreas and the duodenum.

Tell me about the brightness of each organ if it is white, gray or

dark closer to black.

LLaVA-Med: In this image, the stomach, the liver, the spleen,

the left kidney, the right kidney, the colon, the intestine, the

right adrenal, the pancreas and the duodenum appear to be

white. This means that they are well-visualized and easily dis-

tinguishable from the surrounding tissues.

Figure 5.4. The tasks were divided into separate propmts, requesting the position response
to be in terms of quadrants. This was followed by inquiries about their shape and, finally
brightness in a multiple-choice question form
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User: The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. Describe its shape in detail. If the liver ap-

pears to be elongated and small that means it has the shape of a sausage

but if it is large it has its normal shape. What shape does it have here?

LLaVA-Med: In this image, the liver has a large shape, which is its normal

shape.

User: Can you locate the liver in this image?

LLaVA-Med: Yes, the liver is located slightly up and on the right part of

the image.

User: But it has the shape of a sausage because it is small and elongated.

LLaVA-Med: No, in this image, the liver has its normal shape, which is

large.

User: The liver lies on the right of the right kidney. What shape does it

have?

LLaVA-Med: The liver has a large shape, which is its normal shape.

User: No, it has the shape of a sausage.

LLaVA-Med: No, in this image, the liver has its normal large shape.

User: The liver here appears to cover a small area in regards to the area

of the image, so it must be small and a small liver typically has the shape

of a sausage. So what shape does it have here?

LLaVA-Med: In this image, the liver has the shape of a sausage because

it is small.

Another example for the same image

User:The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. If the liver appears to cover a small area

in regards to the area of the image it must be small and a small liver

typically has the shape of a sausage. Otherwise it has an irregular shape

and is wedge-shaped. So what shape does it have here?

LLaVA-Med:In this image, the liver appears to be wedge-shaped.

Figure 5.5. Experiments with multiple choice questions and reasoning based propmts
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User: The Spleen is located slightly up and on the left part of the image.

Does it have a homogenous or heterogenous texture? How did you come

to the conclusion?

LLaVA-Med: The spleen appears to have a homogenous texture in the

MRI image. This means that the spleen’s appearance is uniform and

consistent throughout the image.

Figure 5.6. Example of prompt and response regarding texture

User: The Liver is located slightly up and on the right part of the image

and appears to be Light Gray. If the liver appears to cover a small area

in regards to the area of the image it must be small and a small liver

typically has the shape of a sausage. Otherwise it has an irregular shape

and is wedge-shaped. So what shape does it have here?

LLaVA-Med: In this image, the liver appears to be wedge-shaped.

Figure 5.7. Example of reasoning-based prompt for the shape of the liver
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User: The texture of the organ has to do with the inconsistencies that

appear in the image. For example if there are arteries visible or other

artifacts and noise then it is inconsistent. If there are different parts of

the same organ with different brightness then it is inconsistent. The Liver

is located slightly up and on the right part of the image and appears to

be Light Gray. In this image what is the texture of the Liver?

LLaVA-Med: The texture of the Liver in this image is described as Light

Gray.

User: I mean is it consistent or does it have irregularities in the pattern

of the liver?

LLaVA-Med: The texture of the liver in this image is described as Light

Gray, which suggests that it is consistent in appearance. However, it is

important to note that the actual appearance of the liver in the image may

vary depending on the imaging technique used and the specific details of

the image.

User: The imaging technique is the delayed MRI. what is the texture of

the liver?

LLaVA-Med: The texture of the liver in this delayed MRI image is de-

scribed as Light Gray. This consistent appearance suggests that the liver

tissue is uniform in this particular image. However, it is important to

remember that the actual appearance of the liver in the image may vary

depending on the imaging technique used and the specific details of the

image.

Figure 5.8. The model does not accurately interpret the concept of texture and instead
mistakenly associates it with brightness
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Chapter 6

Discussion

6.1 Comparison with other Methods

In this section, we compare the performance of our pipeline with that of other mod-

els. Primarily, we compare it with MedLAM [31], a foundation model that localizes the

requested organ and in combination with SAM [7] or MedSAM [24] segments it. We also

present the performance of manual prompting [31] with SAM and MedSAM and lastly,

the performance of nnU-Net [21], a fully supervised deep learning-based method.

It is important to note that prior work is tested on the WORD [9] dataset, which

contains CT scans from the abdominal area, while our work is evaluated on the RAOS

dataset. These two datasets share some patient CT scans. In particular, the annotations

in WORD regarding common patients needed to be extended to match the 19 classes of

RAOS instead of 16.

Table 6.1. Dice scores (%) for region segmentation. Prior work is evaluated on the WORD
dataset. Our framework is evaluated on RAOS, a continuation of WORD and thus, "-" refers
to values missing from prior work.

Regions MedLAM Man. Prompt Fully Supervised nnU-Net Our pipeline

SAM MedSAM SAM MedSAM 5-shot full SAM2 MedSAM2

Liver 66.0 23.8 84.2 46.6 94.3 96.3 85.2 85.7
Spleen 61.7 36.3 85.3 65.0 90.9 95.7 89.4 90.4
Kidney L 82.1 70.7 92.1 84.1 83.4 94.7 93.0 93.0
Kidney R 88.3 77.3 92.9 86.4 86.0 95.2 92.4 91.7
Stomach 44.6 37.2 77.1 80.3 83.2 93.1 80.8 81.3
Gallbladder 13.1 10.2 72.7 68.8 54.7 77.0 70.7 70.5
Esophagus 36.6 27.8 67.0 63.1 72.0 81.5 77.2 79.0
Pancreas 29.7 21.4 64.4 46.9 72.0 84.7 61.6 60.9
Duodenum 26.0 21.1 54.1 51.0 53.7 77.3 53.9 54.9
Colon 25.6 26.6 41.8 44.1 74.7 86.1 67.4 68.7
Intestine 37.5 34.1 61.4 52.5 77.6 88.0 41.2 41.7
Adrenal 3.3 10.0 17.4 26.5 58.3 72.8 63.5 62.0
Left Adrenal − − − − − − 65.6 61.7
Right Adrenal − − − − − − 60.9 62.4
Prostate − − − − − − 75.3 74.3
Seminal Vesicle − − − − − − 72.9 73.2
Rectum 50.1 46.0 75.5 80.0 70.2 80.3 82.2 83.6
Bladder 65.3 59.1 83.0 82.9 84.0 91.8 89.9 87.9
Head of Femur L 81.7 71.5 90.5 80.3 43.1 31.2 84.9 77.3
Head of Femur R 80.1 74.3 89.1 83.2 47.8 40.98 83.3 79.1
Average 49.5 40.5 71.8 65.1 71.6 80.4 66.1 66.3

From Table 6.1 it is evident that our pipeline has a higher average dice score than Med-

LAM with SAM and MedSAM and is more successful in segmentation. It even surpasses

in some classes the segmentation when the ground truth bounding boxes are provided

to SAM or MedSAM. However, the fully supervised model nnU-Net with self adapting

capabilities surpasses our results in most classes.
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From Table 6.2 it is evident that our framework establishes better bounding boxes.

We compare against MedLAM, DetCo [33], an unsupervised contrastive learning method

for object detection, Mask R-CNN [13], a fully-supervised detection and segmentation

approach and MIU-VL [30], a visual-language foundation model for medical image un-

derstanding. This model is not fine-tuned on the WORD dataset, which showcases that

further training could significantly improve the results. Our performance is higher in

most classes, except for the intestine.

Table 6.2. Wall Distance (WD) results for each region and method on the RAOS dataset for
our work and WORD for prior work. The best performance for each region is noted in bold

Regions MedLAM DetCo Mask R-CNN Our pipeline MIU-VL

Liver 10.5 73.8 7.1 4.5 80.4

Spleen 5.7 37.9 6.0 1.7 142.5

Kidney L 5.0 39.4 5.7 0.9 164.3

Kidney R 3.6 61.4 4.1 1.0 166.1

Stomach 17.7 49.3 8.8 4.6 102.8

Gallbladder 16.9 71.4 5.1 2.5 153.2

Esophagus 6.8 47.3 4.1 1.5 153.8

Pancreas 12.2 42.0 7.0 5.1 135.2

Duodenum 12.7 56.6 8.1 5.9 139.8

Colon 15.6 49.0 12.3 9.8 83.3

Intestine 15.4 50.7 11.3 25.3 106.0

Adrenal 7.6 52.3 6.2 2.1 160.2

Rectum 8.6 54.7 5.8 2.2 203.1

Bladder 8.1 65.1 3.7 1.9 167.7

Head of Femur L 5.3 55.8 3.3 4.2 175.1

Head of Femur R 5.9 52.1 4.1 4.0 163.4

Average 9.9 53.9 6.5 4.7 143.6

6.2 Conclusion

From the analysis of the sets of prompts and responses generated by LLaVA-Med,

it can be concluded that there are limitations in the reasoning capability of the model.

Despite the use of various prompting methods, such as multiple choice questions and

rule based inference, the model seemed to lack an understanding of the relationship

between the textual descriptions and the image features. Thus, it cannot be entrusted

with producing the entirety of the textual descriptions as initially theorized.

At this point, it should be noted that LLaVA-Med as an LLMs is not deterministic,

meaning it does not produce identical textual output for the same prompt, introducing a

degree of unpredictability. In the case of the shape descriptions, this non-determinism

does not constitute a significant issue, as the generated description generally aligns with

the expected shape of the organ and in an open ended question other similar words can

be selected. However, in the case of the organ’s texture, when the model was prompted

to classify the texture as either homogeneous or heterogeneous, its responses were not

always consistent for the same image and prompt. This could also be detrimental for the

position and brightness of the organs where the question has a multiple choice form and

only one answer is correct.

As demonstrated in table 6.2 the localization that our pipeline offers is efficient and

was the only task for which GroundingDINO was trained. The consecutive part of the

framework, which generates the mask, achieves competitive results. However, there
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are cases in which further fine-tuning is necessary for the segmentation model, as the

bounding box is ideal.

When comparing the original GroundingDINO with its fine-tuned version, it is evident

that the original does not comprehend the concepts presented and needs further training

on the biomedical field as it detects the whole body. The segmentor MedSAM2 does not

constitute a significant improvement of SAM2 as they achieve comparable results.

Regarding the textual prompts of the pipeline, they need to be as detailed as possible

including information about the relative position in the image, brightness and shape of

the mask to increase the performance of the pipeline. The model can also detect organs

and segment them successfully when the prompts are different from the training set as

was the case for the unfiltered version of the textual descriptions.

Finally, the performance of the model on unseen datasets was evaluated in which only

the brightness of the organs changed, introducing new visual features. The result is that

the model performed well when the organs remained clearly visible. Variations in organ

intensity were also incorporated in the textual descriptions and the model understood

this change in many cases. For images in which organs were blurred or exhibited signif-

icant variation in the pixel intensity, the model’s performance declined. Overall, images

with clear depictions, where the displayed organ’s appearance deviated slightly from the

training set, retained the best scores.

The proposed pipeline demonstrated adaptability in a closed setting, as demonstrated

by the multiple evaluations on the datasets it was trained on. By closed setting it is

inferred that images stem from the same distribution, for example have been generated

by the same imaging technique and machine. As a result, this tool could be utilized as an

assisting tool for medical professionals within a single clinical setting, trained on internal

data.

6.3 Limitations

A key factor that limits the scores across all metrics is the inability to prompt neigh-

boring non-contiguous areas of the same organ, as they cannot be exclusively prompted

because the position description will be the same. For instance, as illustrated in Figure

6.1, different parts of the colon may not be distinguishable based on their position as they

occupy the same general area.
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Figure 6.1. Labelmap illustrating the challenge of distinguishing adjacent segments of the
same organ based solely on position. The two parts inside the green bounding box will be
prompted separately in the evaluation process as they are non-contiguous. However, if the
same prompt is used for both, the model may generate identical outputs, affecting the final
score.

6.4 Future Work

In this work, the model was trained separately in two different settings (CT scans and

synthetic MRI) and was evaluated in those particular closed settings. A possible future

improvement would be to fine-tune the model on a large set of datasets spanning the whole

medical imaging field covering multiple areas of the human body and containing images of

different modalities (X-rays, multiple types of MRI, CT scans, Histology, Gross pathology).

This would create a model with vast knowledge across the medical field that can be utilized

in any setting as it is based on a large-scale dataset and will be generalizable.

Another direction for future development could be the continuous weight update of

the LVLM model with the textual descriptions produced by the deterministic algorithms.

This could enhance its reasoning capabilities and lead to more reliable answers.

Lastly, the application of the pipeline on 3D medical images could be explored by

generating three dimensional bounding boxes and utilizing MedSAM2 to process and

segment volumetric data. This could lead to improved results benefiting from the nature

of the data, which is volumetric and the availability of all the slices in one prompt, leading

to a more effective use of the memory mechanism of the segmentation model.
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List of Abbreviations

AI Artificial Intelligence

CNN Convolutional Neural Network

CT Computed Tomography

CV Computer Vision

IoU Intersection over Union

LLaVA Large Language and Vision Assistant

LLM Large Language Model

LM Language Model

LMM Large Multimodal Model

LVLM Large Vision-Language Model

MAE Masked Autoencoder

MRI Magnetic Resonance Imaging

NLP Natural Language Processing

SAM Segment Anything Model

VLM Vision-Language Model

VQA Visual Question Answering
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