Beyond Visible Boundaries: Benchmarking Foundation Models for Overlapping
Cell Segmentation in Microscopic Imaging

Vo Minh Khoi Nguyen'* Khanh Nguyen Vo Ngoc?* Vi Vu?
Thanh-Huy Nguyen?

'Vietnamese-German University

Thien Nguyen?®
Min Xu?

ZUniversity of Information Technology, Vietham National University

3Carnegie Mellon University, USA

Abstract

Overlapping cell segmentation remains a critical bottle-
neck in computational pathology, yet existing benchmarks
evaluate models exclusively on clean, non-overlapping
structures, and standard metrics conflate visible and hidden
anatomy into a single score, masking fundamental amodal
completion failures. In this work, we present an algorithm
for synthesising overlapping cell occlusion that is appli-
cable across diverse cell imaging datasets. Building on
this, we construct a controlled benchmark for stress-testing
SAM-family foundation models under overlapping cell oc-
clusion, generating images from the ISBI-2014 (cervical cy-
tology) and SegPC-2021 (plasma-cell microscopy) datasets
across three severity levels: Light, Medium, and Heavy. We
further propose a decomposed evaluation protocol that par-
titions each cell mask into three regions: the full mask, the
non-overlap sub-region, and the overlap sub-region. Stan-
dard metrics such as Dice and Precision are inappropriate
in this setting due to mis-penalization across sub-regions,
leading to systematic bias. To address this, we propose
a fixed-prior recall-weighted F-measure that computes the
weighted harmonic mean between sub-region recall and
full-mask precision. Experiments with SAM, SAM 2, Med-
SAM, and MedSAM?2 show that medical SAM-based mod-
els are more effective at recovering the overlap sub-region
while remaining competitive on the non-overlap sub-region.

1. Introduction

Automated cell segmentation in microscopic imaging un-
derpins computer-aided diagnosis (CAD) in cytology and
histopathology, providing quantitative measurements of cell
morphology, nuclear-to-cytoplasmic ratio, and chromatin
texture for early detection of precancerous lesions [9, 19].

“Equal contribution.

Yet clinical microscopy images are rarely clean: adjacent
cells routinely occlude one another, and even modern mono-
layer preparations such as ThinPrep cannot eliminate cellu-
lar overlap [9]. This challenge spans domains - from over-
lapping red blood cell clusters in blood-smear analysis [14]
to plasma-cell clumps in bone-marrow pathology [3]. Re-
covering the hidden portion of a partially occluded cell -
amodal completion - is therefore a prerequisite for reliable
clinical deployment, yet remains largely uncharacterised for
modern segmentation foundations.

Recent foundation models have dramatically raised the
ceiling for general segmentation. SAM [6] introduced
prompt-driven zero-shot segmentation; SAM 2 [16] ex-
tended it to spatiotemporal settings. To close the domain
gap, MedSAM [11] fine-tuned SAM across ten-plus imag-
ing modalities, while MedSAM?2 [23] reframes 2D/3D seg-
mentation as video object tracking via a self-sorting mem-
ory bank. Together, they represent the current state of the
art in general and medical image segmentation.

Despite their promise, a critical blind spot remains: How
robust are these models to overlapping cell occlusion? Ex-
isting benchmarks rely on clean, well-separated structures
and do not systematically probe this failure mode [4, 10].
Although SAMEO [17] explored amodal segmentation in
natural scenes, no benchmark targets microscopic imaging
or quantifies robustness across clinically relevant overlap
severities. Moreover, standard metrics like Dice and Preci-
sion make this worse: when applied to either the overlap or
non-overlap sub-region, they incorrectly penalize pixels that
are correctly predicted in the complementary sub-region.

To address these problems, we design a controlled evalu-
ation framework to stress-test SAM, SAM?2, MedSAM, and
MedSAM?2 on overlapping cell occlusion, exploring the rea-
sons and factors that make SAM-based models succeed or
fail under this condition. Our contributions can be summa-
rized as follows:

* We introduce a synthesis algorithm for generating syn-
thetic overlapping cell images with explicit control over
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Figure 1. Overlapping cell synthesis pipeline. Cell pairs are extracted from input images and composited into unified bounding regions.
Ground-truth full mask My, is decomposed into overlap (Moverap) and non-overlap (Mpon-overlap) components for targeted evaluation, shown
for opaque cells from SegPC 2021 (top) and transparent cells from ISBI 2014 (bottom).

cell’s transparency, the overlapping ratio range and the
number of cells per image. The algorithm supports both
transparent and opaque cell variants, making it applicable
across diverse cytology datasets and imaging modalities.

* We propose a decomposed evaluation protocol that par-
titions each cell mask into overlap, non-overlap, and full
components, enabling independent assessment of amodal
cell completion and non-occluded boundary delineation-
two distinct challenges conflated by full-mask metrics.

» We introduce F3', a fixed-prior recall-weighted F-
measure for sub-region evaluation that resolves the cross-
region contamination inherent in standard metrics such
as Dice and Precision. By using subregion recall and
full-mask precision in the harmonic mean, F5"° penalises
over-segmentation without penalising correctly predicted
pixels in the complementary sub-region.

* Based on our experiments across three overlap severity
levels, we observed that MedSAM and MedSAM?2 are
more effective at recovering the overlap sub-region while
remaining competitive in the non-overlap sub-region,
suggesting that, within the SAM family, amodal cell com-
pletion rather than visible boundary delineation is the
dominant challenge.

2. Related Work
2.1. Overlapping Cell Segmentation

Classical and early deep-learning approaches to overlap-
ping cell segmentation can be grouped by how they model
the overlap region itself. Watershed-based methods parti-
tion intensity gradients and use marker control or multi-pass
refinement to resolve nucleus and cytoplasm boundaries in

clumps [10, 15, 18], but remain prone to over-segmentation
wherever strong and weak edges coexist. Level-set meth-
ods afford finer boundary control by coupling repulsive
contour penalties [15] or joint pairwise overlap-area con-
straints [9] across all cells in a clump; geometry-driven al-
ternatives detect concave boundary points and fit ellipses
to convex arc segments [14]. All three families degrade
under severe deformation or deep multi-cell stacking, and
none scales gracefully to the high cell counts encountered
in dense smears.

Deep learning shifted the paradigm from hand-crafted
geometry to learned representations. Boundary-weighted
semantic models with CRF post-processing [19] and
instance-based frameworks exploiting inter-instance rela-
tions [21, 22] raised segmentation quality on the ISBI 2014
benchmark but lacked explicit modelling of the overlap re-
gion as a distinct geometric entity. DoNet [4] addressed this
directly with a decompose-and-recombine architecture that
separates intersection from complement sub-regions, set-
ting the prior state of the art on ISBI 2014 and the CPS cy-
tology dataset. Despite these advances, few prior methods
have systematically analyzed how performance degrades as
the overlap coefficient increases, and large-scale foundation
models have not been evaluated under controlled overlap-
ping cell occlusion.

2.2. Foundation Models in Medical Imaging

SAM [6] established a prompt-driven segmentation frame-
work trained on over one billion masks with strong zero-
shot generalisation; SAM 2 [16] extended it to video and
volumetric settings via a streaming memory architecture.
MedSAM [11] fine-tuned SAM on a large-scale multi-



modal medical corpus for robust cross-modality transfer,
while MedSAM2 [23] reframed both 2D and 3D medi-
cal image segmentation as video object tracking with a
self-sorting memory bank that selects relevant embeddings
across slices or temporal frames. None of these models has
been evaluated under controlled overlapping cell occlusion;
their benchmarks focus on anatomical structures that are
clearly delineated and spatially separated.

2.3. Amodal Segmentation

Amodal segmentation, inferring the complete extent of a
partially visible object, has been studied extensively in nat-
ural scenes [7]. Occlusion R-CNN [2] adds three mask pre-
diction heads to R-CNN (visible, amodal, and occlusion) to
jointly infer both the observable and hidden extents of each
instance; Xiao et al. [20] use shape-prior codebooks to in-
fer hidden regions; BCNet [5] directly models the occluder-
occludee relationship; and SAMEO [17] adapts SAM for
amodal mask decoding in general occluded scenes. Di-
rect transfer to cytological microscopy faces two fundamen-
tal obstacles: occlusions arise between densely clustered
instances of the same class, producing entangled bound-
aries unlike the distinct occluder-occludee pairs in natural
scenes.

3. Methodology

To begin with, cytology datasets differ in the optical prop-
erties of their cells depending on the imaging modality and
staining protocol used. In Pap smear datasets such as ISBI
2014 [9], CPS [22], the cytoplasm exhibits characteristic
translucency, such that the underlying cell remains partially
visible beneath an occluding cell; we classify such datasets
as transparent. In contrast, datasets that employ specific
staining protocols such as SegPC 2021 [3], which images
plasma cells produce cells that are optically opaque, fully
occluding any underlying cell content at the overlap region;
we classify these as opaque. This distinction directly gov-
erns the compositing step of the synthesis procedure, as de-
scribed in Section 3.1.

3.1. Synthetic Overlapping Cell Generation

Transparent Overlapping Cell Generation. Inspired by
Lu et al. [9], who proposed an algorithm for generating syn-
thetic overlapping cells with alpha-blended transparency at
overlap regions, and further extended by Wan et al. [19],
we adapt this approach into a general purpose method
for synthesizing overlapping cell images with transparent
properties, applicable across diverse cytology datasets and
imaging modalities.

Source material. Individual free-lying cells are extracted
from the input images, where each cell is accompanied by
its corresponding segmentation mask.

Synthesis procedure. The synthesis procedure, reproduced
as Algorithm 1 generates synthetic images of size 512 x 512
where at least one cell has an overlapping ratio within a
specified range and a certain amount of cells N through
the following steps: (1) Background generation: Back-
ground is formed using background pixels randomly se-
lected from any input image, with mirror transformations
applied to smooth the transitions between pixels. (2) Pick
and transform cell: pick one of the cells, apply a ran-
dom rigid geometric transform (translation, rotation from
(0, 27) and scale from (0.8, 1.2)) and random linear bright-
ness transform and place it on the synthetic image. Using
a random value between 0.88 and 0.99 for the alpha chan-
nel to simulate the partial transparency effect. (3) Adding
N-1 cell for the first cell of N-1 cells, we would repeatedly
transform (like in step 2) and then randomly place it on the
target cell until it has the overlapping ratio within the spec-
ified range. From the second cell of N-1 cells, each of these
new cells would be transformed and placed at random loca-
tions, where each of these new cells overlaps with at least
one of the cells present in the image.

Opaque Overlapping Cell Generation. For datasets in
which cells are opaque, we first crop the cell from the im-
age with the crop of size 512 x 512 and then use another
cell from the same image to iteratively transform and place
on top of the target cell until the overlapping ratio of the tar-
get cell falls within the specified range. The transformation
would be the same as in step 2 of Algorithm | but alpha is
setto 1.

Overlap severity levels. To systematically evaluate model
robustness under varying degrees of occlusion, we define
three controlled overlap configurations based on the propor-
tion of the target cell area that is occluded by other cells.
Light overlap corresponds to 10-20% occlusion, Medium
overlap to 30-40%, and Heavy overlap to 50-60%.

These ranges are enforced during the synthesis process
by constraining the pairwise overlap ratio between the tar-
get cell and at least one occluding cell (see Algorithm 1).
The overlap ratio is computed as the fraction of the target
cell mask that lies within the intersection region with an oc-
cluding cell. This design ensures that each severity level
reflects a distinct level of geometric complexity and occlu-
sion difficulty. Increasing overlap severity not only enlarges
the hidden (amodal) region Myer1ap, but also reduces the di-
rectly observable boundary in Mpon-overlap, thereby creating
a progressively more challenging setting for both bound-
ary delineation and amodal completion. Reporting results
across these levels provides a more granular view of model
behavior under occlusion than aggregate evaluation.
Ground truth decomposition. For each generated sam-
ple, three complementary masks are stored: the full mask
My representing the complete extent of the target cell, the
non-overlap mask Monovertap = M \ Moveriap captur-



Algorithm 1 Cell Synthesis Procedure

Require: Cell image set C, input image set Z, number of
cells N, overlapping ratio range ["min, "max]
Ensure: Synthetic image S of size 512 x 512

1: // Step 1: Background Generation

2: Sample background pixels randomly from I ~ 7

3: Apply mirror transformations to smooth pixel transi-
tions

4: Initialize S with the generated background

5. // Step 2: Pick and Transform Target Cell
6: Pick a random cell ¢ ~ C
7: Apply rigid transform: translation, 8 ~ U(0, 27), s ~
U(0.8, 1.2)
8: Apply random linear brightness transform to cg
9: Sample o ~ U£(0.88, 0.99)
10: Composite ¢y onto S using alpha channel o

11: // Step 3: Add Remaining N — 1 Cells

12: Pick arandom cell ¢; ~ C

13: repeat

14: Apply random rigid geometric and brightness trans-
forms to ¢;

15: Place ¢; at a random location on S

16: until overlap(ci, ¢o) € [Fmin, "max)

17: Composite ¢; onto S using o ~ U(0.88, 0.99)

18: fori < 2to N — 1do

19: Pick a random cell ¢; ~ C

20: repeat

21: Apply random rigid geometric and brightness
transforms to c;

22: Place ¢; at a random location on S

23: until ¢; overlaps with at least one cell present in S

24: Composite ¢; onto S using o ~ 1/(0.88, 0.99)
25: end for
26: return S

ing only the non-overlapped region, and the overlap mask
Moverlap = My N Moccluding cell covering the hidden region
beneath the overlapping cell.

3.2. Evaluation Process

We evaluate each model under three mask settings: the
full mask, the overlap sub-region, and the non-overlap
sub-region. The overlap sub-region Myeap = Mpn N
Mcctuding cett covers the portion of the target cell hidden be-
neath an occluding cell, while the non-overlap sub-region
Mon-overap = Miun \ Moyertap covers the directly visible
cell boundary. For the full-mask setting, we report the
Dice Similarity Coefficient (DSC), Precision, and Recall
between the predicted mask M and the ground-truth mask

M
M N Mg,
Precision = |7Afu|, @))
| M|
|M N M|
Recall = —————, 2)
| Mun|
_ 2|M N M| . 3)
| M| + | M|

Why standard metrics do not apply to sub-regions. Pre-
cision and DSC cannot be directly applied to either sub-
region (Moverlap OF Mhon-overlap)- Because their denominators
include the full predicted mask |M , any correctly predicted
pixel outside the evaluated sub-region is treated as a false
positive. Concretely, restricting precision to a sub-region
Msub S {Moverlapa Mnon—overlap} giVCSI

|M0Msub| < |Msub|

< ; )
| M| | M|

Precisiong,, =

which systematically penalises models that correctly pre-
dict the full cell extent, since those correct predictions lie
outside Myp. DSC inherits the same bias through its |M |
term. This cross-region contamination is an artefact of the
evaluation design, not a genuine indicator of segmentation
quality.

Sub-region recall. Recall avoids this problem because its
denominator is anchored entirely to the ground-truth sub-
region:

Mv Msub S {Moverlapa Mnon—overlap}~
|Msub|

(5)
Specifically, Recalloyeriap measures a model’s ability to re-
cover hidden cell anatomy beneath an occluding cell, while
Recallyon-overlap measures delineation of the directly observ-
able cell boundary.
Recall-weighted F-measure (F5"P). Recall alone, how-
ever, admits a trivial maximiser: a model that predicts the
entire image as foreground achieves Recallg,, = 1.0 regard-
less of quality. To address this, we replace the ill-defined
Precisiong,, with the full-mask precision Py (Eq. (1))
as a cross-region-free proxy that directly penalises over-
segmentation, and combine it with Recall,;, into a weighted
F-measure:

Recally, =

Fsub N 5 Pfuu Recallsub
2

= 6
4 Py + Recallsub7 ©

where My, is instantiated as either Moyerap 0T Mion-overlap
depending on the region of interest. We set 5 = 2 to reflect
the clinical priority of recovering the specific sub-region
over avoiding false positives. This formulation eliminates



the trivial maximiser, as a model predicting the entire im-
age as foreground collapses Py — 0, driving F5"° — 0
even at perfect recall. We report Recallg,, and F§“b for both
sub-regions side by side throughout Section 4.

3.3. Prompt Type Selection

All experiments use bounding-box prompts de-
rived from the tight axis-aligned bounding box
[Zmins Ymins Tmax, Ymax| over ground-truth foreground pix-
els. Box prompts are consistently superior to point prompts
across SAM and its medical variants: Mazurowski et
al. [13] demonstrated this across 19 medical datasets; Mat-
tjie et al. [ 12] corroborated it across eight prompt strategies;
Liu et al. [8] confirmed the same finding in MedSAM-
specific evaluations; and Dai et al. [1] showed that point
prompts for general SAM require explicit augmentation
strategies to approach box-level performance.

4. Experimental Results

4.1. Dataset Settings

Transparent Cell Dataset. For the transparent cell set-
ting, we use the ISBI 2014 Overlapping Cervical Cytology
Segmentation Challenge dataset [9], a standard benchmark
for overlapping cell segmentation in Pap smear cytology, in
which cells exhibit characteristic cytoplasmic translucency
at overlap regions. Applying Algorithm 1 yields 1,216 syn-
thetic samples distributed across three overlapping severity
ranges.

Opaque Cell Dataset. For the opaque cell setting, we
use SegPC 2021 [3], a dataset of plasma cells stained with
Jenner-Giemsa stain, in which cells are optically opaque
and fully occlude any underlying cell content at overlap re-
gions. Applying the opaque variant of Algorithm 1 yields
4,635 synthetic samples distributed across three overlap-
ping severity ranges.

4.2. Full-Mask Evaluation

Per-dataset leaders. As shown in Table 1, on SegPC 2021,
MedSAM is the strongest full-mask model, attaining DSC
of 0.862, 0.821, and 0.830 across Light, Medium, and
Heavy overlap - the only model whose DSC does not de-
crease monotonically with severity. On ISBI 2014, Med-
SAM 2 leads at Medium and Heavy overlap (0.912, 0.900),
while SAM 2 edges it at Light overlap (0.939 vs. 0.938);
MedSAM remains competitive at 0.903, 0.884, and 0.860
across all levels.

Precision-recall asymmetry between model families.
General-domain models attain the highest precision in most
settings (up to 0.979 and 0.962 on SegPC 2021) but pay
a steep recall cost: SAM 2 drops to 0.409 recall at Heavy
overlap on SegPC 2021. Medically adapted models main-
tain a more balanced profile, which explains their stronger

DSC under severe occlusion. On ISBI 2014, MedSAM 2
achieves the highest recall at all levels (0.897, 0.883, 0.891)
while the general-domain models retain higher precision.
Robustness to increasing overlap severity. The DSC gap
between model families widens substantially as overlap in-
creases. On SegPC 2021, general-domain models drop by
0.221 (SAM) and 0.232 (SAM 2) from Light to Heavy,
versus only 0.032 (MedSAM) and 0.054 (MedSAM 2) for
medically adapted models. On ISBI 2014, the correspond-
ing drops are 0.099 and 0.115 versus 0.043 and 0.038,
confirming that medically adapted models are far more ro-
bust and that MedSAM is the strongest cross-dataset choice
overall.

4.3. Overlap-Only Evaluation

The general models (SAM, SAM 2) essentially fail at re-
covering occluded anatomy on SegPC 2021. In Table 2, at
Light severity, their Overlap Recall is just 0.016 and 0.013,
respectively near zero, indicating they make no attempt to
predict the cell region hidden beneath an occluding cell.
Their F5" scores (0.020 and 0.016) confirm this is not a
precision recall trade-off artefact but a genuine inability to
recover the covered anatomy.

Overlap recall increases with occlusion severity for all
models, which is an important structural property: a heav-
ier overlap creates a larger hidden region, so models that im-
plicitly predict the full cell extent score progressively higher
on this metric as severity increases. MedSAM’s Overlap
Recall leaps from 0.291 — 0.696 (a gain of 0.405) on
SegPC 2021, while MedSAM?2 gains 0.277, both reflecting
a capacity to infer occluded structure.

On ISBI 2014, the overlap gap between model fami-
lies narrows, but medical models still lead. SAM and
SAM 2 achieve moderate recall (0.491-0.602), unlike their
near-zero scores on SegPC 2021, because ISBI 2014 cells
are transparent: the occluding cell does not fully block the
underlying cell’s texture and intensity, providing a resid-
ual visual signal that even general-purpose models can ex-
ploit to partially recover the hidden boundary. By con-
trast, SegPC 2021 cells are opaque, leaving no such cue and
forcing models to rely entirely on shape priors—a capacity
that medical pretraining provides but general-purpose train-
ing does not. Critically, MedSAM?2 overtakes MedSAM at
Medium (0.816 vs. 0.783) and Heavy (0.890 vs. 0.815) on
ISBI 2014, while MedSAM leads only at Light (0.666 vs.
0.625), and the MedSAM vs. SAM F5™ gap at Heavy on
SegPC 2021 remains 0.447 (0.736 vs. 0.289), underscoring
that on fully opaque datasets, medical-domain pretraining
is the only available substitute for the absent visual signal.

4.4. Non-overlap-Only Evaluation

Complementary trend: general-domain models lead on
non-overlap sub-regions. Table 3 shows the inverse of



Table 1. Full-mask evaluation under overlapping cell occlusion on SegPC 2021 and ISBI 2014, box prompts. Metrics include DSC,
Precision, and Recall evaluated at Light, Medium, and Heavy severity levels of cell overlap. Best and second best highlighted per column

per dataset.

SegPC 2021 ISBI 2014
Model DSC Precision Recall DSC Precision Recall
Light Med. Heavy|Light Med. Heavy|Light Med. Heavy|Light Med. Heavy|Light Med. Heavy|Light Med. Heavy
SAM .804 .666 .583 |.979 .970 950 |.695 .519 446 |.930 .876 .831 |.997 .993 983 | .874 .793 .743
SAM 2 785 670 553 |.976 972 962 | .675 .524 409 |.939 .879 .824 |.996 .992 .985 |.890 .800 .734
MedSAM | .862 .821 .830 | .971 961 .953 |.780 .726 .748 | .903 .884 .860 |.982 .977 .965 |.840 .812 .786
MedSAM2|.764 .720 .710 | .953 .936 .922 |.671 .620 .617 |.938 .912 .900 | .986 .953 .921 |.897 .883 .891

Table 2. Overlap Sub-region Evaluation under overlapping cell occlusion, box prompts. Evaluated on SegPC 2021 and ISBI 2014
datasets across Light, Medium, and Heavy severity levels. Each severity shows Overlap Recall (Rec) and the fixed-prior recall-weighted

sub

F-measure (F5

). Best and second best highlighted per column per dataset.

SegPC 2021 ISBI 2014
Model Light Medium Heavy Light Medium Heavy
Rec F5™ | Rec F3™ | Rec F3™ | Rec F3™ | Rec F3™ | Rec  F3™
SAM 016 .020 | .078 .096 | 246 289 | 491 546 | 532 586 | .602  .653
SAM 2 013 .016 | .039 .048 | .127 .154 | 495 550 | .528 582 | 573 625
MedSAM 291 338 | 505 558 | 696 736 | .666 712 | .783  .815 | .815 .84l
MedSAM2 | .274 320 | 441 493 | 551 599 | .625 674 | 816 .840 | .890 .896

the overlap sub-region pattern. On ISBI 2014, SAM 2 is
the strongest model across all severity levels (0.957, 0.943,
0.930), with SAM close behind; MedSAM is consistently
the weakest (0.869, 0.827, 0.749), likely due to domain
shift. On SegPC 2021, the ordering reverses: MedSAM
leads at all levels (0.867, 0.844, 0.811) while MedSAM 2
yields the lowest recall (0.742, 0.716, 0.698). Crucially,
inter-model differences here are far smaller than in the over-
lap sub-region setting, confirming that the primary chal-
lenge in overlapping-cell segmentation is amodal cell com-
pletion, not non-overlap sub-region delineation.

Combined view: non-overlap sub-region delineation vs.
amodal overlap recovery. Jointly considering Tables 2
and 3 and Figure 4, a clear division emerges: general-
domain models excel at delineating the non-overlap sub-
region but fail on the overlap sub-region, while med-
ically adapted models maintain competitive non-overlap
sub-region performance and substantially better amodal cell
completion. MedSAM is the most practical cross-dataset
choice when both the overlap and non-overlap sub-regions
must be segmented reliably.

F5" validates non-overlap sub-region performance.
Across both datasets, F5™ for the non-overlap sub-region
systematically exceeds raw recall, confirming that strong
performance is not driven by over-segmentation but re-
flects a balanced trade-off between coverage and precision.
The exception is MedSAM on ISBI 2014 at Heavy over-
lap (Rec=0.749, F5"°=0.784), which signals genuine under-

recovery of the non-overlap sub-region, likely due to do-
main shift rather than conservative bias or excessive false
positives. On SegPC 2021, MedSAM’s F5"° advantage over
general-domain models (e.g., 0.886 vs. 0.845 and 0.825 at
Light overlap) confirms that its non-overlap sub-region su-
periority reflects real segmentation improvement rather than
metric artefacts.

4.5. Qualitative Results

Qualitative comparison of cell segmentation performance
across overlapping and non-overlapping conditions on
SegPC 2021 (top of each pair) and ISBI 2014 (bottom of
each pair). Rows 1-2: full-mask segmentation under in-
creasing overlap severity (Light, Medium, Heavy), where
medical models (MedSAM, MedSAM?2) recover more com-
plete cell boundaries than generalist SAM and SAM 2,
aligning with quantitative trends in Table 1. Rows 3-4:
overlap-mask predictions with Overlap Recall (Ovr-Rec)
scores, where under heavy occlusion SAM and SAM 2
severely under-segment intersecting territories, while Med-
SAM and MedSAM?2 robustly reconstruct hidden bound-
aries in dense overlap regions. Rows 5-6: non-overlap mask
predictions with Non-Overlap Recall (NonOvr-Rec) scores;
SAM and SAM 2 excel at isolated cells, while MedSAM
and MedSAM2 maintain competitive clean-boundary accu-
racy.




Table 3. Non-overlap Sub-region Evaluation under overlapping cell occlusion, box prompts. Evaluated on SegPC 2021 and ISBI 2014

datasets across Light, Medium, and Heavy severity levels.

Each severity shows Non-overlap Recall (Rec) and the fixed-prior recall-

weighted F-measure (F5"°). Best and second best highlighted per column per dataset.

SegPC 2021 ISBI 2014
Model Light Medium Heavy Light Medium Heavy
Rec  F3™ [ Rec F3™ | Rec F3™ [ Rec F3™ | Rec F3™ | Rec  F3™
SAM 817 845 | 756 791 | 687 727 | 939 950 | 930 .942 | 916 .929
SAM 2 794 825 785  .816 | .751 J85 | 957 965 | 943 952 | 930 941
MedSAM 867 886 | 844 865 | .811 .836 | .869 .889 | .827 853 | 749 784
MedSAM2 | 742 776 | 716  .751 698 734 | 942 950 | 918 925 | .891 .897

Table 4. Qualitative comparison of SAM, SAM 2, MedSAM, and
MedSAM?2 on SegPC 2021 and ISBI 2014, showing full-mask,
overlap-mask, and non-overlap-mask cell segmentation under
varying overlap severity, with medical models yielding more com-
plete and robust boundaries, heavily occluded regions.
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5. Conclusion and Discussion

We proposed an algorithm for synthesising overlapping
cell occlusion with specific control over overlapping ra-
tio, number of cells, and cell transparency, and used it to
construct a controlled benchmark for stress-testing SAM-
family foundation models under overlapping cell occlusion
across three severity levels Light, Medium, and Heavy on
ISBI-2014 (cervical cytology) and SegPC-2021 (plasma-
cell microscopy). We further proposed a decomposed

mask protocol into full-mask, overlap sub-region, and non-
overlap sub-region, alongside F35", a fixed-prior recall-
weighted F-measure that evaluates models on sub-regions
without the problems of cross-region contamination and
trivial recall maximisation.

Through our experiments, MedSAM and MedSAM?2 are
more effective at recovering the overlap sub-region while
remaining competitive on the non-overlap sub-region. SAM
and SAM 2 nearly fail to recover occluded anatomy on
opaque cells, whereas MedSAM and MedSAM?2 demon-
strate a strong capacity to infer hidden structure - a gap
that narrows on transparent cells, where residual visual sig-
nals beneath the occluder provide partial recovery cues even
for general-domain models. In the non-overlap sub-region,
inter-model differences are relatively small, indicating that,
within the SAM family, amodal cell completion rather than
visible boundary delineation is the dominant challenge.
Limitations and future work. Our evaluation cov-
ers SAM-family models, single-occluder scenarios,
and bounding-box prompts. Extending the bench-
mark to task-specific architectures such as DoNet [4]

and to multi-occluder settings is left for future
work.
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