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U-SAM for Brain MRI: A Hybrid Approach for Intracranial
Meningioma Segmentation with SAM and U-Net
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2.1 Machine Learning

» rmRg S noouw nORmW
sr 0w NS R ur s Ss

o =

s m
»r S s

s e r was [14]
pr owr wmff

WS rugs wp "
P urng

sswmp 1S ng[ ] rwax » s x



U-SAM for Brain MRI: A Hybrid Approach for Intracranial Meningioma Segmentation with SAM and U-Net

Figure 1: The SAM Architecture, with Image Encoder, Prompt
Encoder, and Mask Decoder [23].
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2.3 Visual Transformers
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3.4 Fine-Tuning Approaches

» PrR X W s x » wngS " g e
s o fin  wewg x mpRwRws S —mg w x
Ry ¥ m WS r— X X r m nom
s T s ppr T8 s 2 g s S
s " » ne w p wmrx ff

W S W L

Cassandra Wallace

Trms m S WS 1] w fim ww S rs ™
XS g W T rm » P XoTR W
wpr o wa W wr s rsmr swg rw |l »r
u g WMSgw W Wg swurxr s wmsSwm xr P o»
S [] w fim we S rX® ®S emRm »
ng WSS W wr s rs X Sswaw s s
s s ng ff » ss s ppr » xs wa
m sT s WP S WA WS X w finm wwwg w
e wr X s BE qUT SS 8N
CHN S Tt ®orser s w » T MMg WS
» w CIRl 3y » N
T X ss ng s oty 1L » S ™ r mNg
o orm mow fim wemgswm rs r oxs i
Prwm rx fi » "n Tuwwng(® “T)m s P ST mpr s
s fim wm m  sas prwm rs S x
» ng nfis pr rm W s »
P Om g s [11] S [ 16m ww S s ma
g W X ®m WS X » Ng RSN T X
rzm T sm ws » » ng S i)
1 reg s r WR XS WM Pr WP S ¥ SH WNg
I | MWW M ST Ngg®WT S ng
4 wr T sppu xP TS SX g ®m ™ r w S
wupY ®oowWr W oW S Prsr s ®orm xS
S g xS »p XSS r wsm
wa ws [11 ]

3.5 Framework Modification Approaches

» rsgnfi o m x nwm pwgS w
I ISR S W Bg S Irm r X W gr ng x
s s x wur s[4 ]
Sxms ™ meS »r s [ 1] » e sS
o [tT] m m» g 1 S gm m »
X W r ™ gr mg$S S pug WP W W »
R x wr o wwS TS SWP X XS gwa M »
ur rs m ®m S X AR T s» gr » g
s S S SSX Mg S MWK S MW now "
» mw e S sp S n oNg W g s
Swma «x »S [ 1 » xprx S P( =
s Mgr g Mg Pr r mwg) W » »
» gns M g S strp ws[ '] » wgp x
wzZr s Mg r g8 ™ B WM W » sT s
» gr ®mmw™m m sS s xS W N ¥ WS
Pr oRAp S g W m SSPS mMwg S r WS x
GV m mg wm ss[ ]
» X R e sS S » »
[ ] »r w s prx rm CI ur s
x » Mg W r S T smn m»m m=m» »mr s
wr ropr s m »m WS Spr wrx s
¥ W WESW ¥ NPpM SZS X NN R MW
m gwg S S s wms » U8 S [ 1]
» x » MS XSS r wsm g Ng W S
sgnfi ® r w wmg wpu » ss[ ]
x ff s rwm x wm fi ns »
nrow » wap ] jid xr s
P MM mY x r s wgs[4]



U-SAM for Brain MRI: A Hybrid Approach for Intracranial Meningioma Segmentation with SAM and U-Net

s s ®ow RS » »n S r Ss
S neg g W™ W™ sw S N rg " ng

moow wrrs r s r Ng SPrSs W » e
S r r om S gm W » s ® TRS W
oW S ®mg Wrsm W Ss x » o
o ow £ wmg wur S gm ® ® Tearox
wx fim wewgS$S sw s x ss npr WS
Ss rswr W WS CHED N s sgnfi »
RPr MRS W IR wrr m » BST @wx

N ey 18 B XS wr s CU] g Ss
s

ur s o s nrow Sgr wgrs r »oS
& mwg W ppr »S XREX IR W RNg W
S gm®m R OXW S ws S X ss s wng
Y P rRg P r ormom wrwa i owma s
rgnm S " » W Ng B Xg W WPr W WS
®oowr n fi ow»

4 DESIGN AND IMPLEMENTATION

T ss »ow WS IR S wp ne s
Ss mg W s m m fi m x wr s
s gn S ™ oW € ST prsm nSwr x pr
m X WS W SS W % Mg wrpr P s S w
» 1S X Wr's rRr OXWM M NN WS gwm W
T x = ®owx e S s ®m 1w »rox
r suwuss wmS »n wm S » » s s gm
s r wfluw wr s © TS su mass »[ ]

»r » ge m nrfinmg wrsr g s m
n g wNg Ss ng S

4.1 Data Collection

2

W s «u R s s s 41] wr

rs r w® S r TS Iy

now s s wms rss wr ffrm ps m s

T1 s (W) T1 mrs » m e

Tw w XS W () »T 8 (

[4]T ss ms p » ¥ gur » ur sS® W™ W

sra wr suswg ff rwm W gwgpr S »r S
®  SsH mrxss Srwms W 1 m m s wea wr s

s g ff »n finwgflu i xg wsT s

s g m » s ppr S
IR ) S R R W Om R w »

®X RPr RS W XS W Ng wR owrr g mW

T rgm s wp s ur  SSS gm W S S W

( er uw / Tssu 1 » » m wng Tawa wr

Surr we wg ¥ prmoms ) Tor owr

» Towa wr 1

)

S

P wWm X

=

» % wg Tewa wr

s w » swp fi mr o om mg(
RS nwg m )T sswyp fi ® sw s ™ Tgur
SX W W s gn urs gwa m npr  Ss w
ur wa s UN PrR X » ng »
no wg WR owrr g W

4.2 Pre-processing
T x TS S WwR X ®m w »r Pr  SS Ng

Mg g WS TS W W Ng T ma (m gz) » «r
s ®m rgsxr 0w S 4 S sp I

Figure 2: The 4 different scans in our dataset per sample: t1n,
tlc, t2f, and t2w [24].
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Figure 3: Original Class Segmentation Mask (left) and the
corresponding Binary Mask (right). The Four-Class Sys-
tem distinguishes between four types of regions: back-
ground/healthy tissue (black), non-enhancing tumour core
(yellow), enhancing tumour (red), and surrounding FLAIR
hyperintensity (green). The binary mask simplifies classifica-
tion to just two categories: non-tumour (black) and tumour
(white) [24]
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Algorithm 1: Bounding Box Generation

Input: seg_mask S gm w RS m rgw
Output: wn w»g rmos xr W
contours < “m  wm wrs(seg_mask).
if contours is empty then
‘ return w» .
end
(Xmin> Ymin» Xmax> Ymax) < contours[ ].
foreach contour in contours[1 | do
(x,y,w,h) « wn ng (contour).
Xmin < % W (Xmin, X).
Ymin < % 8 (Ymin, ).
Xmax < % (Xmax, X +W).
Ymax < ™ (ymaXs y+ h)
end
Xmin < % (, Xmin —m).
Ymin < % (,Ymin —m).
Xmax — ®n( seg_mask, Xmax + m).
Ymax — mn( g

return (Xmin, Ymin> Xmax:> Ymax)-

seg_mask, Ymax +m).
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Figure 4: The different planes of the brain [8].
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Figure 5: Architecture of U-SAM-Combo.

Figure 6: Architecture of U1-SAM2.
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5 RESULTS AND DISCUSSION
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5.1 Vanilla SAM Baseline
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Table 1: Vanilla SAM Testing Dice Scores across different
MRI modalities. As seen by the bold value, t1c achieved the
highest performance, which is expected due to the increased
visibility of tumours in contrast-enhanced T1-weighted im-
ages. However, the overall score remains most relevant for
generalisation.
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Figure 7: PEFT-SAM Training Progression, showing the rela-
tionship between Training Loss, Validation Loss, and Valida-
tion Dice across 125 epochs. The training loss is represented
by a blue line, validation loss by orange bars, and validation
Dice score by green markers.
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Figure 8: PEFT-SAM Testing Dice for different scan types and
overall across epochs. While overall performance improves
consistently, some individual scans exhibit deterioration in
Dice scores, highlighting the challenges in achieving uniform
accuracy across different scan types.
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5.3 3D U-Net
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Figure 9: Training Progression of 3D U-Net, showing the rela-
tionship between Training Loss, Validation Loss, and Valida-
tion Dice across 125 epochs. The training loss is represented
by a blue line, validation loss by orange bars, and validation
Dice score by green markers.

Figure 10: Testing Dice comparison across different MRI
modalities and the overall for four models: U-Net without
BBox, U-Net with BBox, Vanilla SAM, and PEFT-SAM E125.
Results highlight the variation in performance between
the models for each modality, emphasising the effective-
ness of each approach in different scenarios. The PEFT-SAM
E125 model demonstrates exceptional overall performance,
whereas the Vanilla SAM excels in certain specific modalities.



5.4 U-SAM-Combo

T S w M ORST S W »owr
ff » ss C T » S »r »S
mm wsr g (™ ®m wm rs oW )
ffreg sm srwmg s m m CH]
54.1 Union. T ® oRw 88T 8 ST ns
e wow LN WPUS WSS W wpr
wp W US Ng » »r o wx » »
S »r nS W sugs S Wg » s gr
ff »s s r ogr WA W X wypr WS e wr
S gm W » » s x we we
R Ol s P STS 1 s
»nT
Sk S WS W PP W us x »Rw s
®SS W X g ne i SSrmg S W W wNg x
rg T s wpr mam s sp » g rrw
wg » s S » ne ® W W wmfis
X r W W sT ws pr s X WS sSx g
S mr s xS »r mS X X
5.4.2 Intersection. T wm s % us Ss
» X » ®» S pr »s LI IS
s ®op T s mpr S gm W WS s ®s s
w wg r S S gr Wm WS X XX xS
s S WSS W x s 1S LI »
w xsws LR
”m R »r S s s e & » s
® xS » W Pr o wr w ne P ur s gw
» ewa wrprx wms T ss x wurs WS XX XS r W
W rsuw W SuSs W Sss rw P S sT mwm
L ) we ng L B wr  rsugg S S
®m xS » s ss ff RR TP K Ng s m
R WA RS WX rwe xS rwg » oW ™o S
now oW xoopx by
54.3 Weighted. T s w n gr spr
CRI] ® W i IR N gnm W s
X rsws S rsp ng 1 ss naT
sw ff moS mr oW WS s
»r o owr g ®m W wNg & SS X X S
s x
»”m »r S sw » & »
SWp X rpr rmm s » »oowr S W r W
» »ogr »oopr S M WM NgS gwm ®W » wr
» Pr oW r W wp ss X oW U
»r WS X WM WSS W TS wWpr oW W g n
reur W r W rm w o » S
»r RS ®Mr W ospPp W s s s sup r
P r oI m s » Skge SS S pr WS wg
sr g ¥ W RMNgS gwmw »owpus
5.5 U1-SAM2
T 1S w rprswms » ffr » » S s pr
ns M gr WNg WSg S rm S Mg W Wpr  Ng
S gm m » o ug s Sppr ms X su s

x s ng s

Cassandra Wallace

Table 2: U-SAM-Combo Testing Dice Scores for different
PEFT-SAM versions and combination strategies, utilising
the most performant U-Net (E100). Raw U-Net and SAM Dice
scores are included for comparison. The bold values in each
row indicate the best performance for each configuration.

U-Net | SAM Version | U-Net Only | SAM Only | Union | Intersection | Weighted
w/

BBox

T s » 41 11 41 0.908
Tra » 41 | 41 0.911
s : 4 1 0.912
Tru : 1 1 0.915
7 s 1 0.915
Tra 1 4 0.917
° s 1 0.916
Tra 1 0.918

Table 3: U1-SAM2 Testing Dice Scores for different PEFT-SAM
versions with the most performant U-Net (E100). Raw U-Net
and SAM Dice scores are included for comparison. The bold
values in each row indicate the best performance for each
configuration.

U-Net w/ BBox | SAM Version | U-Net Only | SAM Only | U1-SAM2
7 s » 0.841 )
Tra » 0.841
7 s 0.867
Tra 0.867
s 1 0.875 4
Tru 1 0.875 4
T s 1 0.877 1
Tra 1 0.877 1
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6 SUMMARY OF MAIN FINDINGS
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Table 4: Comparison of Overall Testing Dice Scores across
Various Models. As seen by the bolded value, the U-SAM-
Combo Weighted model achieves the highest performance
with a Dice of 0.918, significantly outperforming the baseline
Vanilla SAM model. This improvement is likely due to the
weighted combination approach that leverages the strengths
of both U-Net and SAM architectures.

Model Testing Dice
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7 CONCLUSIONS AND FUTURE WORK

® Ssu iy O Sgmnm m wng s
S )sgmmn O IR v » M RMNg WS W
o] mgng roug fin wwwg » wm B S & W
X wrprsr rs r «ws ®m S rm gr wgS
'R )} S g% » wr ¥Rx rm
W RMWg WS X ss squs W mp  we »
»pr s S ] MW S » S »r
WS X Wg WM W W XS now 8 OO ) »
wa s m 18§ s s % e S
s ® ®nopr WP

rrm

wWrm s W WX S S |

s » S w X Ssp T sm » mam wmn®
N ogng X

s m nE o® S W ®S e S w S w

x » owm r s x ng S g &
®orSswr s m »
sgnfi m wppr mWmwms w »
S m BS B WM WNg Wg W xS x fim
e g W » K B TgW  WPr W WS
T S U 33 s ns prwms 0w
W Ng » S »r RS M MW
S gm W P T IR W X 1S i
e nrxow Spax WS S ™ r W SSPr W
X »S s wnfi wm s » ne s W
raqur s ar  rr fim wmam
T s rsus wg wm s wwm rs xS sp 0w »
" N ogne W nrow &r  we » 4
» wa S AR S s » s
R WM WS gW W » X ™ w x s
1 rom S MKXr mwg W
®»wms ®»S o w o » W -3
Jidid »s
RURCy rs w ws ms r X s W  wp W
s fim wmgs » wm wg w ®m gr wm S s wwm wg
P WP S W X RmRgm X X WS S gWm W
nrXSH S W nop rwRg O wr 1S
i S 1 xS s pr ®S & WS S Wpu
g W WSS ¥ 1 S wpr wr X
8 ne Sr mg S » s m WP MR X KRR X
m n S g W by’ Pr WP N WA S su L )
s X S pr Waps wa pr
» wmswgS X
nOR WS W wrs w e &
X g we M nS wr ¥
¥ ™ X W SSX W r s sp w O

Wr r WSg S W
X WS m

=t
2
w
=
=
&
e
2
E]
2
w
E]
"m
w



8

ETHICAL, PROFESSIONAL, AND
INTELLECTUAL PROPERTY

¥s ™ ssw S ® W™ ®WwmSs nsur pr
sp S b2 s NS S »ox S ow
s x s m w us M nSUr Ng
np WS ¥ » fi » np W™ wm s
¥ rrx s rw s m Tros wap by
S wr XW P RS ur P WS m w » s
nprmwr
9 ACKNOWLEDGEMENTS
»owr X ns Por x s ™ Ar s
x e g M WM osSwppr xr wg W S U
» wr s mpr * TS wa x X s
S rw ssw R » 4 »
s P T ms TS g Pr mamn mppH R w
[ 1] =xpr ng 1 GP ¥ WS ¥
wr x mwg W 1 »s

REFERENCES

(1

]

T w S x Sw» Ts »ms T ru » swx
» 1 »un » gWX N PIXPIN T P WZ NITW
r  m Proceedings of the 25th ACM SIGKDD international conference on knowl-
edge discovery & data mining - 1
Sas W X P ow s s xoox
mr s wg S rz m » »s m RP
N ¥ rs ®» DbioRxiv( ) ws// rg/1

» 1 x »
s P rom wor ™ gw 4 S Ssg
4 ]

P Ne w wwgw W Y

r rsS «r s

o O] w wea 1 G ws » ) s 1 noowow
noar w r ( ) ©wm g ® ™ r gm W™ w2018 first interna-
tional conference on secure cyber computing and communication (ICSCCC)

neg n juz wg wowoow g M S ww W) wg w
ng ng N w Suw g T wwmawg wP wng ww
ng W W wZ Ng S gms S » »
x Mg Sgwmnw »ox 4 [s ] ps/x rg/
s/ 4
by 1 sng ng s ™ x Nature
Medicine (1 1) 1- ws// g/l 1 /s41 1 1 17
Swur 1 Fam ow s ® ws w Functional MRI
: Methods and Applications ws//mswmn s x xg/  tpus 44l
wnwg wg wm ow wwm wT ®mwunwn u s w s S uw wg
e LR ss x urm T s w
g wgS w gns Tg we wng w wgT wg w
u W o Sgwmm » wg S )~ g P 8
ssss r s Sgwmnm o S wm gwg ArXiv s/ 4 41
( ) ps//psmwmn s x xg/ xpus 41
s s u s x nox sm x ss ™ 1w
o T ms » r mr s g » s » rr QG g
8 S » G J sz » us »n oW og
s o101 xs Trms rmaxs r ™ g g w» S CoRR

Cassandra Wallace

s borow z » P
© X W oW XS gww » w International MICCAI
brainlesion workshop Sprwg x 1 —
Sz mnGwng un ng » ynp ng
g P wg wm  wg ® o S
» S X oW x Prx wap
x 14 [s ] ms/x g/ s/ 14
) rgmw ng 17 gr m S1 NS WS rwg
g © W Journal of the Royal Statistical Society. Series C (Applied Statistics)
117 )1 -1 w// s r rg/s / 4
g » »S mng ng P ox rom ss G rs
s U xs xS s m e xs W 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR) 1~ -1
ws// g/l 11/ P 1
L) " » »S s
g ®» Sgmwm w» wng S )m u p» s
»n ArXiv s/ 4 ( ) »s//®smwn s
14

-
2]
3
=t

[ LA
2
4 =t

MgsS WA S
xTawa xS gwa »
x rg/ xpus

u wg » g wg S =S wp eSS ®»

Sgmwn » nwg x 41 [s ]

Tswmn » w»z wew G i x s
nr R » rm s 1 nRNg W W s
»gn ww x x » s w romm MR WS
CNS Oncology 1 (G| S’ ws// rg/1 17/ ws 1
r ws// g/l 17/ wms 1 P
T msws JwsP rswm wmrx » wwa xor P ow
) ss x Grgr T s
us X » 1 ww S
Mg Sgmm »ox 1
s s ss Pr Sx » s x
xS S w g Pr  SSwg Naw rowpr g u m
» ss fi » Computer Methods and Programs in Biomedicine 1 (1)
— 44 ws// xg/1 1.1/ mwap 1
J Jwg wg » » ng Sgmm »
sPx »® sg ™ S »n ffrw oo
ws ArXiv s/ 4 ( ) »s// ®mswmn s x re/

Grs S xS roow s
wmegwg(  )-or

»or

St wm 11 ) TS Rw
International journal of dental clinics 1 ( 11) -~
x » »Z » wr
Gas sw» T Spw ox »ox i oW P or
rom ss G xs Sgmwm » wg x 4
mw X »s sw» T ss s

T S x »Tawa xS gw »
» nRg W r 4 [s ]
x W x r s rm Smawn G w» wss r  zr
G mm Ts o Sus »wm  wss nroox X »
s mm®ms 1 s » sTs m sSrx »now sPmpmw o
S uow raff ® pp MR O® WS x R
15T Gu wgPrm p» s » NS MSUS v R ns x
Tras  x x fi » gm W w gwng ArXiv s/ 1
(G)] ws//psmn s o
S wgz Jmom P wng o ng
»S P w S x
r 411 [s 1]
u wg ez w w ng N P »S
P pSsemn »ox x
"o wg ) we
Pug » » Sgmwn w» ng
1o s ]

m( P;TS) ng

wnganTu m T » 4
»mwm  Segmnw »

Tr wms ©S x

xe/ s/

ng ® o ne eSS
wpr S AW Prx mwaw


https://doi.org/10.1101/2023.08.21.554208
https://doi.org/10.1101/2023.08.21.554208
https://arxiv.org/abs/2309.03493
https://arxiv.org/abs/2309.03493
https://arxiv.org/abs/2211.02701
https://arxiv.org/abs/2211.02701
https://arxiv.org/abs/2309.08842
https://arxiv.org/abs/2309.08842
https://arxiv.org/abs/2309.08842
https://doi.org/10.1038/s41591-021-01577-2
https://api.semanticscholar.org/CorpusID:8441926
https://api.semanticscholar.org/CorpusID:258049163
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2308.14133
https://arxiv.org/abs/2308.14133
https://arxiv.org/abs/2306.13465
https://arxiv.org/abs/2306.13465
http://www.jstor.org/stable/2346830
https://doi.org/10.1109/CVPR52688.2022.01553
https://api.semanticscholar.org/CorpusID:258187428
https://api.semanticscholar.org/CorpusID:258187428
https://arxiv.org/abs/2304.13973
https://arxiv.org/abs/2304.13973
https://doi.org/10.2217/cns-2021-0003
https://arxiv.org/abs/https://doi.org/10.2217/cns-2021-0003
https://arxiv.org/abs/1809.10486
https://doi.org/10.1016/j.cmpb.2015.08.002
https://api.semanticscholar.org/CorpusID:258079065
https://api.semanticscholar.org/CorpusID:258079065
https://arxiv.org/abs/2304.02643
https://arxiv.org/abs/2305.07642
https://api.semanticscholar.org/CorpusID:237572282
https://arxiv.org/abs/2401.12665
https://arxiv.org/abs/2305.00293
https://arxiv.org/abs/2305.00293
https://arxiv.org/abs/2309.16967

U-SAM for Brain MRI: A Hybrid Approach for Intracranial Meningioma Segmentation with SAM and U-Net

[ ] n W wmg wng ng N m  wg
S S ®» wgSgmm wn ng room R
Gwnr z rsum wmg Sgmm »ox 4[
[ ] Jaw u ng 8 noow e ow W ne »
» o Rg BW w g s Nature Communications 1 1 (J » 4) 4
ws// xg/1 1 /s414 4 44 4 7
[1] = =xs P T »Tm oW omr H T P
7 ws// rg/1 1z » 111
[ ] s W™ gs X rRowm P ox » x ms m 1
»Rg W » m g P s gn ss Tr wam
» Twowx x wns  Biomedicines ( ws// xg/1 /
L w s 1
[ 17 Prwp »nGp XS MW
woow s P » S T rs fi » Tuwwng
S *Sarg S m S gwmw »ox s ]
[ 4] mP sz SwmGrss rw s ss m rrxywms r w Grgr
naTr » wnNg W Gwm s » w n g 1
P ox oW r s g Pr TMN » ewg rr Advances
in neural information processing systems (1)
[ ] xzR zs Z au s R Ng » s
nZU wr s x xS R
z » »r w ™ Tss Fr
»RSs x T rm m wz G «r x s
ym xS S S waw nor W ogn s m
sr S mS gww » s Scientific Data (1 ) »s
// g/l 1 /s41 1
[ 1] w«n wwn “wng Torwg ng an w wm S » o
S S sS wg w x ]
) wg wa xS ms G r G
Grs Ssxr mw

S m mwm S xSS x »

w

wgr ow Sus x
wur wgu g Supr s m ¥ 1 [s 1]
» »ow s s S 1w gwm P
oW ®mwr 4 Pmz wmTrwm  r  rPr  sswg
» Tr ws x e T x S » » ArXiv s/ 4
( 4 »s//®msmwn s Lt
[ 1] » g r P ppSs r wm T ms r 1 noww
rs r W mg Sgmn »
[4] T wng » »S Sgwmn = g »
ArXiv s/ 4 4 ( ) »s

Sm ®» grx
Gr X

R
»

=]

1 s nopw s 0w M oWmars
s/1 11 (1) ws// mswmn s x xg/ xpus
[4] ng wr RgS m W™ ws 4 Sgranm w» ng W
X W Mg Sewmw noowr R e ®S M wwr LN
Computers in Biology and Medicine 11 ( 4) 1 ws// g/l 1.1/
Ny W 41

10 SUPPLEMENTARY INFORMATION
A VANILLA SAM TO PEFT-SAM VISUALS

Note: The following visualisations use the slice with the largest cross-
sectional area of the tumour. The colour-coding is as follows:
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(a) Vanilla

(b) PEFT-SAM

(c) U-SAM-Combo (Union)

(d) U1-SAM2

Figure 11: A 3D Visualisation of our model’s predictions on a
sample for subjective assessment. Each image shows ground
truth (green) and predictions (red). The amount of red indi-
cates prediction accuracy: (a) Vanilla SAM, (b) PEFT-SAM, (c)
U-SAM-Combo (Union), and (d) U1-SAM2. This highlights
how our models have improved from Vanilla SAM as more
red pixels are shaved off, but still imperfect.
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Figure 12: Comparison of Vanilla SAM and PEFT-SAM (E125) on good examples. The figure shows the per-scan predictions for
each modality (tlc, t1n, t2f, t2w), the ground truth, and overall prediction, from left to right. In each grouping, the first row
displays Vanilla SAM results, while the second row shows PEFT-SAM results. Although PEFT-SAM shows improved performance
with fewer false positives, Vanilla SAM’s predictions are already quite good in some cases, and tuning has a minimal effect

where predictions are accurate.
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Figure 13: Comparison of Vanilla SAM and PEFT-SAM (E125) on challenging examples. The figure shows the per-scan predictions
for each modality (t1c, t1n, t2f, t2w), the ground truth, and overall prediction, from left to right. In each grouping, the first row
displays Vanilla SAM results, while the second row shows PEFT-SAM results. PEFT-SAM shows improved results with fewer
false positives, especially on complex edges and large tumours. However, the per-scan type deterioration is evident, especially
tln, though it is clear overall performance has improved relative to Vanilla SAM.
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B 3D U-NET VISUALS

Figure 14: Comparison of 3D U-Net (E100). The figure shows the per-scan predictions for each modality (t1c, t1n, t2f, t2w), the
ground truth, and overall prediction, from left to right. This figure highlights the U-Net’s precise edge delineation capabilities,
which are notably better than those of Vanilla SAM. The model was trained on all scan types at once, making per-scan
performance less relevant but still shown for clarity. The main takeaway is the U-Net’s ability to achieve precise segmentation,
even for complex tumours.
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C U-SAM-COMBO AND U1-SAM2 VISUALS

Figure 15: Comparison of of U-SAM-Combo and U1-SAM2 models. Each row displays overall predictions of 3D U-Net (E100),
PEFT-SAM (E125), U-SAM-Combo (Union, Intersection, Weighted), and U1-SAM2, followed by the ground truth, from left
to right. This figure illustrates how combining different methods can significantly impact results. The Union and Weighted
U-SAM-Combo methods show the most visually pleasing results, whereas U1-SAM2 exhibits noticeable spurious pixels. The
subjective assessment demonstrates how combining methods can affect performance differently depending on the use case.
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