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Abstract. Interactive segmentation plays a pivotal role in medical im-
age analysis for several reasons. It enables clinicians to precisely delineate
regions of interest for accurate diagnosis and treatment planning while
also allowing for real-time interaction with rapid annotations without
workflow interruptions. While the emergence of MedSAM in 2023 pre-
sented a promising solution with its modality-agnostic model, its effi-
ciency is hindered by its large size, resulting in long inference times. In
response, we revisited simpler models such as thresholding, k-means clus-
tering, and shape-based slice interpolation for efficient interactive seg-
mentation tailored to specific modalities. Surprisingly, these rudimentary
expert models outperformed MedSAM in terms of both segmentation
performance and computational efficiency on multiple imaging modal-
ities reaching a Dice score of 85.65 and a Normalized Surface Dice of
86.68 on the validation set. Our findings show the need to compare to
older, simpler approaches to unveil the limitations of emerging founda-
tion models. By examining these approaches, we aim to discover why
MedSAM fails on certain modalities and enhance its robustness and ef-
ficiency leading to a more reliable general model for the segmentation of
medical images.

1 Introduction

Background. Advancements in deep learning have propelled the segmentation
of anatomical structures and lesions in medical images. However, they often rely
on manually annotated datasets [7J33I3IT944I12]. Additionally, the volumetric
nature of some imaging modalities such as CT, MRI, or PET, poses a significant
challenge, as annotating each voxel demands extensive time and expertise. To
circumvent this hurdle, interactive segmentation methodologies have emerged,
utilizing less labor-intensive annotations such as clicks or bounding boxes, rather
than dense voxelwise labels [STHASOITOJ4I432614232]. These interactive models
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integrate user interactions with the image input to generate predictions, guided
by these interactions. Once validated by medical experts, these predictions can
serve as new labels [31].

Related work. Recently, MedSAM [28§] released a fine-tuned Segment Any-
thing Model (SAM) [24] on 11 imaging modalities and over 1.5 million image-
mask pairs. MedSAM demonstrates great generalizability across various imag-
ing modalities and segmentation tasks [28J31]. However, its large size hinders
the real-time interaction between the annotator and the model. There have
been multiple light-weight versions of MedSAM such as MobileSam [46] and
EfficientViT-SAM [47] that optimize the efficiency of MedSAM while retaining
most of its generalization to multiple modalities. To explore this further, Ma et
al. [28] hosted the Segment Anything In Medical Images On Laptop Challengeﬁ
to gather insights on how to design efficient bounding-box-based methods for
interactive segmentation. This paper describes our submission to this challenge.

Motivation. We aim to revisit classical methods as they offer a simple and
efficient solution to most segmentation tasks. By comparing them to current
generalist models such as MedSAM, we aim to gain insights into how such sim-
ple models can outperform large pre-trained vision models and delve into the
discussion of how to improve MedSAM in future iterations. Our work presents
the following contributions:

1. We investigate classical approaches for 11 imaging modalities and investigate
if they can outperform MedSAM’s lightweight implementation (LiteMed-
SAMED in terms of segmentation accuracy and efficiency

2. We examine the failure cases and discuss why MedSAM silently fails on cer-
tain modalities and propose how to tackle this in future fine-tuning iterations

3. We make all our code and trained models publicly available to the community

2 Method

We go over each of the 11 imaging modalities one-by-one and examine which
classical approaches are able to outperform MedSAM and propose techniques
to make MedSAM more efficient on modalities on which we could not outper-
form it. The 11 modalities are: (1) Computed Tomography (CT); (2) Magnetic
Resonance Imaging (MRI); (3) Positron Emission Tomography (PET); (4) Ul-
trasound (US); (5) Dermoscopy; (6) Microscopy; (7) Mammography; (8) X-Ray;
(9) Endoscopy; (10) Fundus; and (11) Optical Coherence Tomography (OCT).

Note: We only focus on the segmentation tasks seen in the MedSAM train-
ing dataset, e.g., only FDG-PET lesions segmentation and only optic disc seg-
mentation on fundus images. We also always use LiteMedSAM as a lightweight
MedSAM implementation and refer to it as MedSAM for brevity.

5 https://www.codabench.org/competitions/1847/
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Fig.1: Overview of our pipeline. We apply a different model for the various
imaging modalities. For CT and MRI, we apply MedSAM [28] on a subset of all
slices and interpolate the rest with shape-based interpolation [38]. For PET and
OCT, we use the generalized histogram threshold (GHT) [5]. For microscopy,
we check the number of channels and apply: (1) MedSAM [28] for n = 3; (2)
a threshold, set to the mean image intensity for n = 2; (3) k-means clustering
[30] for n = 1 if less than 35% of the bounding boxes contain circular objects,
otherwise MedSAM. For mammography and dermoscopy, we train a lightweight
MobileUNet [20], and for US, XRay, fundus, and endoscopy, we use MedSAM.
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2.1 CT and MRI

Tasks: The main CT tasks seen in the MedSAM training dataset are extremely
diverse as they focus on organs from all regions in the body as well as different
diseases such as COVID-19 infections, various tumors, pleural effusion, etc. The
same applies to the MRI targets consisting of brain tumors, abdominal organs,
prostate cancer, and many other anatomical and pathological targets.

Challenges: The segmentation tasks are highly diverse, making it challeng-
ing and time-intensive to manually incorporate expert knowledge for all possible
structures. Additionally, both CT and MRI images are 3-dimensional, requiring
MedSAM to perform a forward pass for each slice, which results in significant
computational overhead. Furthermore, the slice-wise predictions are computed
independently, lacking a mechanism to ensure spatial consistency and smooth-
ness across slices.

Classical Approaches: The diversity of potential targets in CT and MRI
images necessitates a general model. Therefore, we did not replace MedSAM with
a classical segmentation model. Instead, we reduced the number of predictions by
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applying MedSAM to only a subset of the slices from the volume. The remaining
slices are interpolated using shape-based interpolation as proposed in [38]. This
interpolation is performed at the prediction level. Specifically, given two binary
slice predictions obtained from MedSAM p; and p;, with j > i, the intermediate
slices k 2 fi+1;:::;;J 19 are interpolated as follows:

i k i
pr = interp(p;; p;; j—i)

where interp() is defined in [38] and ?:Z 2 [0;1] is the step size for the in-
terpolation. To decide which slices to predict with MedSAM, we subsample the
indices uniformly with a subsampling factor s. For example, S = 2 means we
predict with MedSAM every second axial slice and interpolate the rest, s = 3
means we predict only every 3rd slice, etc. We always predict the first and last

axial slice of the bounding box to avoid edge cases.

2.2 PET and OCT

Tasks: The PET data released in the challenge contains samples only from the
AutoPET dataset [7] which focuses on the segmentation of whole-body active
tumor lesions using Fludeoxyglucose (FDG) as a radioactive tracer. The OCT
data also stems from only one dataset [I] and focuses on the segmentation of
intraretinal cystoid fluid.

Challenges: There are very few public PET datasets for tumor segmentation
[1/36U8] which makes it impossible to train large-scale foundation models on
this modality. PET lesions in AutoPET are also with very small contrast to
surrounding tissues and there are other healthy anatomical structures that also
exhibit a large physiological uptake (heart, brain, bladder, etc.). Additionally,
the best results from AutoPET 202{| are quite low (Dice Score of 0.36 in the first
place) indicating that this task is far from trivial. Regarding OCT, the modality
presents images with a high resolution and a very small target size of the retinal
fluid voids, leading to a strong class imbalance.

Classical Approaches: Thresholding methods are popular in tumor seg-
mentation from PET scans [22/17/34] and lead to promising results as they are
quite simple and intuitive to use. Bounding-box approaches are particularly ad-
vantageous because thresholds can be applied within the local context of the box,
effectively excluding healthy tissues like the heart and brain that lie outside the
defined boundaries, in contrast to previous methods that explicitly remove the
brain and bladder from the global context of the whole body [B5/7/IT]. The
bounding box also alleviates the class imbalance in OCT images as it constrains
the input to only the local context around the object instead of the global high-
resolution image.

We compute the Generalized Histogram Threshold (GHT) [5] using the com-
bined PET or OCT values from all bounding boxes. This threshold is then

" https://autopet-ii.grand-challenge.org/leaderboard/
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applied to the entire volume to generate a single prediction, with instance in-
dices assigned according to their respective bounding box indices. Additionally,
we observe that 99% of the PET tumors occupy between 20% and 88% of their
bounding box volume in the training set. To ensure consistency, we apply dila-
tion and erosion to all predictions falling outside this interval until they conform
to it. If thresholding results in an empty prediction, we place a foreground voxel
within the bounding box and dilate it until it reaches at least 20% of the box
volume. For OCT images, we perform the same procedure but do not enforce a
target volume between 20% and 88%. For PET images we keep all values above
the threshold as tumors are characterized by a high FDG uptake, whereas for
OCT we keep all values below the threshold as the cystoid fluids are darker.

2.3 Ultrasound

Tasks: The ultrasound tasks in MedSAM’s training data include: (1) breast
cancer segmentation; and (2) fetal head segmentation.

Challenges: The ultrasound domain presents several challenges due to weak
boundaries and the diversity of tasks (e.g., thyroid, kidney, cardiac structures, fe-
tal head, breast cancer). This necessitates a general model capable of performing
well on unseen data, even when the specific task is unknown. MedSAM struggles
with fetal head segmentation because the labels are always perfect ellipses, while
MedSAM attempts to fit the exact contour present in the image. This label bias
can be mitigated by introducing a "prediction bias," where the prediction is also
a perfect ellipse. However, this approach requires prior knowledge that the task
is fetal head segmentation, which is not available during test time.

Classical Approaches: Although we experimented with ellipse-based tem-
plate matching, this was not included in the final submission. Additionally, we
trained a MobileUNet [20] on ultrasound images from the hcl8 [13] and Breast-
US [2] datasets. However, the results were suboptimal, as shown in Table [7| so
we resorted to using MedSAM in our final submission.

2.4 Dermoscopy

Tasks: The dermoscopy tasks in MedSAM’s training data are limited to a single
dataset, ISIC 2018 [6], which focuses on skin lesion segmentation.

Challenges: This domain is relatively simpler than others, as skin lesions
typically have "blobby" shapes and prominent features. However, the dataset
exhibits high variability in annotation styles, as shown in Fig. 2] Some lesions
are annotated with detailed boundaries, while others are marked with only a few
lines to indicate the lesion boundary.

Classical Approaches: Although we did not employ any classical non-deep
learning methods, we trained a MobileUNet [20] specifically on the ISIC 2018
dataset [6]. The training details are provided in Section
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