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Highlights

« Segment Anything Model (SAM) is a new algorithm for interactive image
segmentation.

» Performance of SAM varies widely on the 19 evaluated medical imaging
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1.Introduction

What is SAM (Segment Anything Model) ?

Segment Anything Model (SAM) is designed to segment an object of
interest in an image given certain prompts provided by a user.

high performance in the zero-shot learning regime.
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Development of the SA-1B image dataset

1.Assisted-Manul Stage 2.Semi-automatic Stage

Diversity of Masks

start with commonly available public datasets 43 : : , >
Y ‘ v Additional unlabelled and detailed objects in the image

Average masks per image was 72 in the end, increasing
from 44 in the previous stage

L

Prompt with 32 X 32 grid points

Predict 3 outputs - part, sub-part and whole object ” x
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Development of the SA-1B image dataset

1.Assisted-Manul Stage 2.Semi-automatic Stage
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Diversity of Masks

Additional unlabelled and detailed objects in the image

Average masks per image was 72 in the end, increasing
from 44 in the previous stage

aa £ =., sAM : '-;‘:.: ;‘-'; - All masks are fully automatically
‘ {“M b - generated by SAM

Prompt with 32 X 32 grid points

Predict 3 outputs - part, sub-part and whole object
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How to segment medical images with SAM?

« Semi-automated annotation
 SAM assisting other segmentation models
 New medical image foundation segmentation models
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2.Method
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2.1Datasets

Object(s) of interest

==+ 19 publicly available medical imaging

Abbreviated dataset Full dataset name and citation Modality Num.classes

name

MRI-Spine Spinal Cord Grey MRI 2 Gray matter,spinal 551
MatterSegmentation cord
Challenge(Prados et al., 2017)

MRI-Heart Medical Segmentation MRI 1 Heart 1,301
Decathlon(Simpzon e al., 2019)

MRI-Prostate Initiative for MRI 1 Prostate 893
CollaborativeComputer Vision
Benchmarking(Lemaitre et al,
2015)

MRI-Brain The Multimodal Brain Tumor MRI 3 GD-enhancing 12,591
i S ion Benchmark tumor, Peritumoral
(BraTS)(Menze et al,, 2014) edema,necrotic and

non-enhancing
tumor core

MRI-Breast Duke Breast Cancer MRI:Breast + MRI 2 Breast, 503
FGT Segmentation(’ ot al, fibrog-landular
2018; Hu et al, tissue

Xray-Chest Montgomery County and X-ray 1 Chest 704
ShenzhenChest X-ray
Datasets(Jaeger et al, 2014)

Xray-Hip X-ray Images of the Hip X-ray 2 Ilium, femur 140
Joints(Gut, 2021)

US-Breast Dataset of Breast Ultrasound Ultrasound 1 Breast 647
Images(Al-Dhabyani et al., 2020)

US-Kidney CT2US for Kidney Ultrasound 1 Kidney 4,586
Segmentation(Song et al, 2022)

US-Muscle Transverse Ultrasound 1 Muscle 4,044
MusculoskeletalUltrasound Image
Segmentations(Marzala et al.,
2021)

US-Nerve Ultrasound Nerve Segmentation Ultrasound 1 Nerve 2,323
Identify (Anna et al, 2016)

US-Ovarian-Tumor Multi-Modality Ovarian Ultrasound 1 Ovarian tumor 1,469
TumorUltrasound (MMOTUNZhao
et al, 2022)

CT-Colon Medical Segmentation cT 1 Colon 1,285
Decathlon(Simpson et al.,, 2019) cancerprimaries

CT-HepaticVessel Medical Segmentation CcT 1 Vessels, tumors 13,046
Decathlon(Simpsc 2019)

CT-Pancreas Medical Segmentation CcT 1 parenchymaand 8,792
Decathlon(Simpson et al., 2019) mass

CT-Spleen Medical Segmentation cT 1 spleen 1,051
Decathlon(Simpson et al., 2019)

CT-Liver The Liver TumorSegmentation cr 1 Liver 5,501

Benchmark (LITS)HBilic et al,

2023)

CT-Organ

CT Volumes with MultipleOrgan
Segmentations (CT-ORG)(Rister

et al., 2019)

Liver, bladder,
lungs kidney, bone

4,776

PET-Whole-Body

A FDG-PET/CT datasetwith
annotated tumor lesions(Gatidis
er al, 2022)

Lesion

datasets, includes planar X-rays(~}~ X
Bf%%), magnetic resonance images
(MRIs) (#%$t#xEl#R) , computed
tomography (CT) images ((TEAMTE
45) , ultrasound (US) images (#8F=
&%) , and positron emission
tomography (PET) images (1FEH ¥ % 5¢
rEREER) .
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2.2. Data pre-processing

* Normalized: dividing all pixel values by the maximum value in that
image and multiplying all pixels by 255.
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2.3. Experiments

Prompting strategies
Non-iterative prompts (generated prior to SAM being applied)

Input Image Prompt Mode 1: Prompt Mode 2: Prompt Mode 3: Prompt Mode 4: Prompt Mode 5:
| point at largest | point for each | box around | box around | box covers
object region object region largest object region each object region all objects

(at most 3 points) (at most 3 boxes)

five prompting modes
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Iterative prompts(generated after seeing the model’s predictions)

Algorithm 1 Prompt Point Generation Scheme RESERAR

Input: Image X € RW | ground truth mask M € {0, 1} Segment Anything Model SAM, prompt count N, closest-zero-pixel distance function
d =distanceTransform().

BE—TRTR pl MR BENRPETRRIZENS

1: Initialize first prompt point p, as the point within the mask foreground farthest from the background:
2: P = argmax(d[(i, j). (k.D]) for all (i, j).(k,!) such that M;; =1, M}; =0. MNARFRE—AFELARFMHFHS
(i,.4)
3: Choose randomly if multiple points satisfy this: BEREF—R, FASZ—THEA
4: p, = random_choice(P)
5: Predict mask Y, = SAM(X, p,) HiRTREILEFRASAM [T 2 BHEFE—1 mask Y1
. e : » B s B \
g gelt)predlcuon error region E,th Y, Ua,/z, Y, N Mth bﬁﬂ?ﬁ/lhi%lziﬁ N - BRI T S R AT
8. fu sequint prt;vm;:lt points are those farthest from the boundary of iteratively-updating error region E,,: B2 X i BT & En
: forn=72::; o
9: P, =argmax(d[(i, ), (k,))) for all (i, j), (k.!) such that [E,_,];; = 1, [E,_, ], = 0. EMERREEBIXSAVELATHR
(i) M mask RYE EECINRTISTE
10: p,=random_choice(P,)
11: Y, =SAM(X,p,) FRIEKFE—/En,
. B e MG — 1 A
% corct tim A, EFRETNX
14: return Prompt points p,,...,py € N°
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Prompt ambiguity.

« Prompts can be ambiguous, so SAM provides multiple outputs to remove
the ambiguity.

* The user can select from multiple outputs the one that is closest to the
desired object.
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Variability in prompt placement

* Observe the performance of SAM when prompt points are at
different locations.
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2.3.2. Comparison with other methods

« compared SAM with three interactive segmentation methods,
namely RITM (Sofiiuk et al., 2021), SimpleClick (Liu et al.,
2022),and FocalClick (Chen et al., 2022).




2.3.3. Performance evaluation metric

« Accuracy of generated masks. loU, confidence interval

area of overlap

10U = =

area of union .
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3.Results

(b) Summarized performance of SAM

y (a) Performance of SAM for 5 modes of use - for the 5 modes of use
0 ]
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Performance of SAM for different modes of use for 28 tasks

* The performance of SAM varies greatly across datasets, with loU ranging from 0.9118
to 0.1136.

 Box prompts are significantly better than point prompts.
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MRI-Spine: GM

Mode 2 (a point for each object part)
and Mode 4 (a box around each
object part) for 4 selected datasets

 High variablility in SAM performance

Green: ground truth
Red: prediction of SAM
Blue: box prompt



3.2. Comparing SAM to other interactive segmentation methods

Comparison of SAM with other methods on multiple Medical-imaging datastes on 1-prompt setting

0.8
EEE SAM vs, RITM
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 SAM performed better than other methods on 24 tasks
 If mode 3 is used, SAM outperforms the other methods in all tasks
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3.3. Performance of SAM and other methods for Iiterative
segmentation

Average performance over all datasets

SAM performance vs. number of points
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Number of points

Number of points

MRI-Spine: GM
MRI-Spine: SC
MRI-Heart

MRI-Prostate g~

MRI-Brain: Core
MRI-Brain: Edema =
MRI-Brain: GD
MRI-Breast: Breast--=--

MRI-Breast: FGT - -

*-- Xray-Chest -
—e - Xray-Hip: llium
e Xray-Hip: Femur --=--

US-Breast
US-Kidney -

US-Nerve
US-Muscle
US-Variantumor
CT-Liver
CT-Organ: Liver
CT-Organ: Bladder
CT-Organ: Lung
CT-Organ: Kidney
CT-Organ: Bone
CT-Spleen
CT-Colon
CT-Pancreas
CT-Hepatovessel
PET-Wholebody

« SAM outperforms other methods in an interactive prompt setup.
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* Prompt points increase, but SAM performance does not increase

Add 6 points
IoU:0.879

Add 7 points Add 8 points

1oU:0.860

Add 9 points

Raw Img Add 1 points
JoU:0.894

185

Add 2 points
10U:0.886

Add 3 points
loU:0.903

Add 4 points
10U:0.738

Add 5 points
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3.4. Performance of SAM in the presence of ambiguity of prompts

Raw img Mode 1 1st Conf. 2nd Conf. 3rd Conf. Mode 2 1st Conf. 2nd Conf. 3rd Conf.
J foll:0,.915 loll:0.267 jol]:0.905 oll:0.550 loll:0.266

« SAM performance
IS better when
confidence is high
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loU:0.110 lol:0.216 loU:0.114

JoU:0.07¢ loU:0.043 loU:0.17! JoU:0.043 loU:0.041
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US-Muscle MRI-Breast: FGT

- A o
W- W) UNIVERSIDADE DE MACAU

UNIVERSITY OF MACAU



3.5. Performance of SAM given different locations of the
prompt within the image

10 ——= - —
Lo TITIT L
1 ‘ ’
08 | [
- I Central point
Most central
; e " sub-region
3 Union of two
é ‘ | most central
) sub-regions
% 0a Union of three
) I  most central
sub-regions
BN Entire object
02 |

MRI-Spine- SP  CT-Organ: Liver CT-Organ. Bfadder CT-Organ: Lungs CT-Organ: Kidneys CT-Organ. Bone  Xray-Hip: lum  Xray-Hip: Femur
Dataset

« For some tasks, there was no degradation in SAM performance when the
prompt was not centered

 For other tasks, SAM performance degrades
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3.6. Performance of SAM for objects of different sizes

(a)
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(b) SAM performance vs. average mask size (¢c) SAM performance vs. average mask size
1.0 Mode 2: 1 point at each region 1.0 Mode 4: 1 box at each region v  MRI-Spine: GM s G5 erve
o : e MRI-Spine: SC » US-Muscle
e o ., »' a4 MRI-Heart + US-Variantumor
- A all =  MRI-Prostate « CT-Liver
3 = ° 2 B B ¢ MRI-Brain: Core + CT-Spleen
= e a =) ¢ MRI-Brain: Edema » CT-Colon
= o Sar ) e + MRI-Brain: GD v CT-Pancreas
(=] 0.5 o Y A o 0.5 e . " i
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= - R % > +« MRI-Breast: FGT 4+ CT-Organ: Liver
= g . » Xray-Chest s CT-Organ: Bladder
5 ., ° .. 8 v Xray-Hip: Ilium ¢ CT-Organ: Lung
i ° » e Xray-Hip: Femur ¢ CT-Organ: Kidney
— = Fitted line, Corr: 0.34 —~—~ Fitted line, Corr: 0.31 s US-Breast ¢ CT-Organ: Bone
0.0 = 0.0 = US-Kidney «  PET-Wholebody
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Averaage obiect size

Averaae obiect size

* Situations where SAM performance improves for larger objects
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3.7. Segment-everything mode for medlcal |mages
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« A example of using SAM on medical
Images

* Divide the image into many different
areas

* Dependent on the number of
orompts

* |t IS not perfect.




4. Conclusions and discussion

« SAM’s accuracy for zero-shot medical image segmentation Is
moderate on average and varies significantly across different
datasets and different images within a dataset.

* The model performs best with box prompts, particularly when
one box is provided for each separate part of the object of
Interest.

* SAM outperforms RITM, SimpleClick, and FocalClick in the vast
majority of the evaluated settings where a single non-iterative
prompt point is provided.
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* In the setting where multiple iteratively-refined point
prompts are provided, SAM obtains very limited benefit from
additional point prompts, except for objects with multiple parts.

* We find a small but non-statistically significant correlation
between the average object size in a dataset and SAM
performance.
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