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Abstract

Nucleus segmentation is an important analysis task in digital pathology. However, meth-
ods for automatic segmentation often struggle with new data from a different distribution,
requiring users to manually annotate nuclei and retrain data-specific models. Vision foun-
dation models (VFMs), such as the Segment Anything Model (SAM), offer a more robust
alternative for automatic and interactive segmentation. Despite their success in natural im-
ages, a foundation model for nucleus segmentation in histopathology is still missing. Initial
efforts to adapt SAM have shown some success, but did not yet introduce a comprehen-
sive model for diverse segmentation tasks. To close this gap, we introduce PathoSAM, a
VFM for nucleus segmentation, based on training SAM on a diverse dataset. Our extensive
experiments show that it is the new state-of-the-art model for automatic and interactive nu-
cleus instance segmentation in histopathology. We also demonstrate how it can be adapted
for other segmentation tasks, including semantic nucleus segmentation. For this task, we
show that it yields results better than popular methods, while not yet beating the state-of-
the-art, CellViT. Our models are open-source and compatible with popular tools for data
annotation. We also provide scripts for whole-slide image segmentation.
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1. Introduction

Nucleus segmentation is an important task in computational pathology, with applications
in cancer grading, tumor micro-environment analysis and survival prediction (van der Laak
et al., 2021). Most approaches rely on supervised learning, typically based on UNets (Ron-
neberger et al., 2015). Several methods, e.g. StarDist (Weigert and Schmidt, 2022) or
HoVerNet (Graham et al., 2019), address domain-specific challenges, such as overlapping
nuclei or joint segmentation and classification. HoVer-UNet (Tommasino et al., 2024),
HoVerNeXt (Baumann et al., 2024), and InstanSeg (Goldsborough et al., 2024) focus on
efficiency without sacrificing segmentation accuracy. Despite these developments, existing
models struggle to generalize to new conditions, for example due to different staining pro-
tocols, imaging devices, or sample extraction quality. Adapting them to new data involves
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training new models, which requires domain expertise for precise and exhaustive annota-
tions (drawing each nucleus in new training patches). While tools like QuPath (Bankhead
et al., 2017) are popular for this task, the procedure remains tedious and resource intensive.
Recently, vision foundation models (VFM) for segmentation tasks have been introduced
(Kirillov et al., 2023; Zou et al., 2024). They generalize to di erent imaging domains and
support di erent segmentation tasks, including automatic and interactive segmentation.
In particular, the Segment Anything Model (SAM) (Kirillov et al., 2023) enables inter-
active segmentation from user input. SAM has been successfully applied and adapted to
biomedical imaging domains (Archit et al., 2025a; Cheng et al., 2023; Yue et al., 2024;
Archit et al., 2025b), but so far has not been comprehensively adapted to histopathology,
where the performance of the original SAM is limited (Deng et al., 2023; Zhang et al.,
2023; Archit et al., 2025a; Xu et al., 2024). Prior work used SAM for specic tasks in
histopathology. For example, CellViT (Herst et al., 2024) used its pretrained encoder for
semantic instance segmentation. However, it only addresses automatic segmentation, ne-
glecting interactive segmentation, and the available models are trained on a single dataset,
PanNuke (Gamper et al., 2019). Other approaches, such as (Xu et al., 2024) use SAM for
semi-supervised instance segmentation. However, this approach does not leverage the full
potential of interactive segmentation with SAM, which enables human-in-the-loop correc-
tion and data-speci ¢ netuning (Archit et al., 2025a). More recently, BioMedParse (Zhao
et al., 2024), which is based on SEEM (Zou et al., 2024), has demonstrated text-prompt
based semantic segmentation, but lacks support for instance segmentation. In summary, a
VFM for automatic and interactive nucleus segmentation in histopathology is missing.
Here, we presentPathoSAM, a VFM for nucleus segmentation in histopathology. It
supports interactive and automatic segmentation, based on netuning SAM on a large
and diverse annotated dataset. PathoSAM outperforms other SAM variants for inter-
active segmentation, is the new state-of-the-art for nucleus instance segmentation, and
supports netuning for semantic segmentation. PathoSAM is compatible with the user-
friendly tools QuPath (Bankhead et al., 2017) and SAM (Archit et al., 2025a). We pro-
vide scripts to automatically segment whole-slide-images, together with the rest of our code,
at https://github.com/computational-cell-analytics/patho-sam . Our contributions
and a summary of results are shown in Fig. 1.

2. Methods

We review interactive (Sec. 2.1) and automatic (Sec. 2.2) instance segmentation with SAM
and SAM, which form the basis of PathoSAM, our VFM for histopathology (Sec. 2.3). We
also study automatic semantic segmentation based on PathoSAM (Sec. 2.4). Our models
are trained and evaluated on a large aggregated histopathology dataset (Sec. 2.5).

2.1. Segment Anything Model and Interactive Segmentation

SAM (Kirillov et al., 2023) has introduced a new formulation for interactive segmentation,

where a user can provide input prompts, points (positive or negative), a bounding box or a
low-resolution mask, to identify an object. The model then predicts the corresponding mask
by processing the image with the image encoder, a vision transformer (ViT, (Dosovitskiy
et al., 2021)), the prompts with the prompt encoder, and the outputs of image encoder
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Figure 1. a) Overview of the PathoSAM: we train generalist models for nucleus segmenta-
tion on a combination of 6 datasets. The models support interactive and auto-
matic instance segmentation, are integrated with user-friendly tools, and can be
further netuned for semantic segmentation. b) Automatic instance segmentation
results of 12 datasets. PathoSAM (ViT-L) is the best model, despite evaluations
favoring other models by choosing the best model per dataset (if multiple ver-
sions are available). c) Interactive instance segmentation results of 12 datasets.
PathoSAM is the best model, especially for single point prompts.

and prompt encoder with the mask decoder. The predictions can be corrected by providing
more prompts. See Fig. 5 for an overview of SAM's architecture.

SAM is trained on a large natural image dataset with annotations, using an objec-
tive that simulates interactive segmentation. In each iteration, this objective rst samples
prompts from an annotated mask, predicts the object mask, and then iteratively corrects
the prediction with prompts sampled from the annotation. Predictions and annotations are
compared with a loss function for each iteration, and the average loss is used for parameter
updates. We use the training implementation of SAM (Archit et al., 2025a).

To evaluate interactive segmentation, we automatically derive prompts from annotations
to segment the object and then iteratively correct the segmentation, similar to the training
objective. We perform 7 correction iterations. We compute the mean segmentation accuracy
(App. A) between annotations and predictions for the initial prompt and corrections. We
report the results for an initial point prompt, an initial box prompt, and the last correction
iteration, when starting from a point ( 1p), and when starting from a box (Ig).

2.2. Automatic Segmentation

SAM supports automatic instance segmentation by placing a grid of point prompts across
the image, applying the model to each prompt to obtain segmentation masks, and removing
overlapping or unlikely masks. This approach is called automatic mask generation (AMG).
SAM (Archit et al., 2025a) introduces an alternative method for automatic instance
segmentation, by adding a decoder, similar to UNETR (Hatamizadeh et al., 2022), to the
model. It predicts foreground probabilities, the distance to the closest object center and the
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distance to the closest object boundary. During training, the decoder is jointly optimized
with the rest of the model, using targets derived from ground-truth annotations. During
inference, the decoder outputs are processed with a seeded watershed to obtain an instance
segmentation. SAM has termed this approach automatic instance segmentation (AlS), and
has shown that it improves over AMG in terms of segmentation quality and computational

e ciency for microscopy data. We evaluate interactive segmentation (for SAM or variants)
with AMG and, if available, AlS, using the mean segmentation accuracy, (App. A).

2.3. A vision foundation model for histopathology

In order to train a VFM model for histopathology, we adopt the training procedure of
SAM for joint training of interactive (Sec. 2.1) and automatic (Sec. 2.2) segmentation.
We train di erent models based on the datasets for nucleus segmentation (Sec. 2.5): three
generalist models trained on 6 datasets, one for each of the three image encoders (ViT-B,
ViT-L and ViT-H), which we call PathoSAM generalists, and a ViT-B model trained on

PanNuke. The training settings can be found in App. C.

2.4. Semantic Segmentation

We extend PathoSAM to semantic segmentation, to support the analysis of di erent cell
types. We add a separate decoder, following the same design as in Sec. 2.2. See also Fig. 5
for the combined architecture. This decoder predicts one output channel per semantic
class, including background, and is optimized based on the cross entropy loss. We train
and evaluate it on PanNuke ((Gamper et al.,, 2019), Sec. 2.5), which provides semantic
annotations for 5 classes. Here, we compare 4 dierent training strategies, which start
from a PathoSAM generalist: (i) freeze the image encoder, initialize the new decoder from
scratch; (i) netune the image encoder initialize the new decoder from scratch; (iii) freeze
the image encoder, initialize the new decoder with the AIS decoder weights; (iv) netune
the image encoder, initialize the new decoder with the AIS decoder weights. Semantic
segmentation is evaluated with the class-frequency weighted dice score, see App. A.

2.5. Data

We assemble 14 publicly available histopathology datasets to train and evaluate PathoSAM.
We use 6 datasets (Vu et al., 2019; Graham et al., 2021; Kumar et al., 2017; Gamper et al.,
2019; Schuiveling et al., 2025; Naylor et al., 2019) with tissue images stained with hema-
toxylin and eosin (H&E) staining and nucleus instance annotations to train our generalists.
For each of these datasets we reserve a separate test split. An additional model is trained on
PanNuke (Gamper et al., 2019), which is the most popular dataset for nucleus segmentation.
This dataset is also used for semantic segmentation, since it provides semantic annotations
for 5 classes. We use the remaining 8 datasets (Graham et al., 2019; Mahbod et al., 2021;
Sirinukunwattana et al., 2017; Naji et al., 2024; Verma et al., 2021; Alemi Koohbanani
et al., 2020; Mahbod et al., 2024; Wang et al., 2024) for out-of-domain evaluation, i.e to test
our models on data which was not directly represented in the training set. Among these,
two datasets contain di erent segmentation tasks, lymphocyte segmentation (Wang et al.,
2024) and gland segmentation (Sirinukunwattana et al., 2017). They are used for separate
evaluation experiments. Details on the datasets can be found in App. B.
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Figure 2: a) Automatic instance segmentation results for 8 datasets. Italic font indicates
that the corresponding training split of the dataset was used for our generalist
training, while bold font indicates that it was not. b) Interactive segmentation
results for 8 datasets (same as in a)) for PathoSAM and other SAM variants. We
report the interactive segmentation quality for initial point and box prompts as
well as correction for 7 iterations after an initial point (1p) and box (Ig).

3. Results

We compare PathoSAM to state-of-the-art methods for automatic instance segmentation
(Sec. 3.1), interactive segmentation (Sec. 3.2), and for semantic segmentation (Sec. 3.3).

3.1. Automatic Instance Segmentation

We compare PathoSAM (generalist) with 5 di erent methods for automatic instance seg-
mentation, HoVerNet (Graham et al., 2019), StarDist (Weigert and Schmidt, 2022), CellViT
(Herst et al., 2024), HoVerNeXt (Baumann et al., 2024), InstanSeg (Goldsborough et al.,
2024), see App. D.1 details on the other methods. We evaluate these methods on 12 dif-
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ferent datasets, 6 that were part of the training set for our generalists, using separate test
splits for evaluation, and 6 that were not. The methods HoverNet, HoverNext and CellViT

o er di erent model versions. For them, we evaluate all available versions and report the
results for the best version per dataset. Fig. 2 a) shows the results on 8 selected datasets,
for the ViT-L PathoSAM generalist. Fig. 1 b) shows the average over all datasets. The
detailed results are given in App. D.1.

We observe that PathoSAM with AIS is the best overall model, despite our reporting
favoring methods with multiple versions. On the "in-domain\ datasets, PathoSAM is either
the best or on par with the best method. For the "out-of-domain\ datasets it shows re-
markable generalization, outperforming other methods for NulnsSeg (H&E-stained images)
and IHC-TMA (IHC-stained tissue microarrays). CryoNuSeg (cryo-sectioned H&E-stained
images) is the only dataset where it underperforms, see Fig. D.1 for details. We include the
comparison to PathoSAM (PanNuke), to investigate the advantage of training on multiple
datasets. The e ectiveness of this approach is validated, as the generalist model is on par or
better for all datasets except IHC-TMA. We also see that AIS is superior to AMG in most
cases. Hence this approach is clearly preferable, also due to its better e ciency (Archit
et al., 2025a). The results in D.1 show that di erences between ViT-B, ViT-L and ViT-H
are small, with ViT-L reaching the highest score. Furthermore, we investigate the seg-
mentation quality across overlap thresholds in Fig. 9 and the in uence of post-processing
parameters on the precision-recall trade-o in Fig. 10. We also study the segmentation
results for neutrophils, which have complex nuclear shapes, in Fig. 11.

3.2. Interactive Instance Segmentation

We compare PathoSAM (generalist, ViT-B), with other SAM variants for interactive seg-
mentation. Speci cally, we compare it with the original SAM (Kirillov et al., 2023) and
with  SAM (Archit et al., 2025a), which was netuned on a large microscopy dataset. We
use the same 12 datasets as before. The results for 8 selected datasets are reported in Fig. 2
b) and the overall results in Fig. 1 c). Detailed results are given in App. D.2. We use the
evaluation procedure introduced by SAM, see also Sec. 2.1, reporting the mean segmen-
tation accuracy for segmentation with a point prompt, a box prompt, iterative correction
after an initial point, and iterative correction after an initial box.

PathoSAM outperforms the other models when using a single point or box prompt. The
segmentation quality after iterative correction of PathoSAM and SAM are on par; they
are clearly better than SAM. Notably, their segmentation quality after correction is almost
perfect. The strong performance of SAM demonstrates that SAM variants can generalize
beyond their training set for interactive segmentation. This is also apparent for CryoNuSeg,
where PathoSAM improves drastically through iterative correction.

3.3. Other Segmentation Tasks

We also evaluate PathoSAM on three other segmentation tasks. First, we evaluate segmen-
tation of di erent structures, lymphocytes in IHC-stained tissue images (Alemi Koohbanani

et al., 2020) and glands in H&E-stained colon tissue images (Sirinukunwattana et al., 2017).
Here, we compare the automatic and interactive segmentation with SAM, SAM, and
PathoSAM. We also netune a new model, PathoSAM (specialist), on the training splits of
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the respective datasets. Quantitative and qualitative results are shown in Fig. 3 a) and b).
For lymphocytes, SAM, SAM and PathoSAM (generalist) cannot automatically segment
the data well, but provide good interactive segmentation. Conversely, the specialist model
yields better automatic segmentation, but is worse for interactive segmentation. The rea-
son for the di erence in automatic segmentation is clear: the lymphocytes only make up
a fraction of the nuclei in the images. In automatic segmentation, the non-speci ¢ models
segment all nuclei, resulting in a bad score. The specialist model distinguishes lymphocytes
from other nuclei, thus providing a better result. It is unclear why it performs worse in in-
teractive segmentation. Overall, this task may be better formulated as a semantic instance
segmentation problem, see also next paragraph, to avoid penalizing the segmentation of all
nuclei. For gland segmentation, the specialist outperforms all other SAM variants. The
glands have a di erent appearance and size compared to nuclei, see the images on the right,
explaining this observation. In both cases, the specialist was trained based on the default
SAM, which provided the best results among the non-speci ¢ models. Another architecture
based on SAM has been proposed for gland segmentation (Zhang et al., 2024). However,
this approach addresses semantic segmentation, not instance segmentation, so we do not
compare to it here. Overall, these experiments show that neither of the available SAM vari-
ants are su cient to address general instance segmentation tasks beyond nuclei. Finetuning
for a speci c task using our recipe can however be used to obtain a good tailored model.

We also evaluate PathoSAM for semantic nucleus segmentation on PanNuke (Gamper
et al., 2019). For this application, we train an additional decoder based on the PathoSAM
generalist, see Sec. 2.4 for details. The comparison to other methods trained for this task
on PanNuke are shown in Fig. 3 c). Here, we observe that PathoSAM is the second best
model, after CellViT, the clear state-of-the-art. HoverNet and HoverNext are on par and
better than BioMedParse. Additional results for semantic segmentation are given in D.1 and
App. D.1, reporting the individual class scores and, for PathoSAM, the result for di erent
training strategies. Here, the main observation is that only CellViT correctly segments the
\dead cells" minority class (<2 % of the nuclei). Furthermore, netuning the encoder and
training the new decoder from scratch yields the best results for PathoSAM.

3.4. Practical Use of PathoSAM

We evaluate the practical utility of PathoSAM by conducting a qualitative user study
for interactive data annotation. Here, we check integration with two user-friendly tools:
QuPath (Bankhead et al., 2017), using the SAM-API plugin (Sugawara, 2023), and SAM
(Archit et al., 2025a). We use the tools to annotate nuclei in (Janowczyk and Madabhushi,
2016), which contains nuclei in H&E stained breast tissue images. The qualitative results,
comparing SAM and PathoSAM, are shown in Fig. 15 and 16. We see clear improvements
with PathoSAM in both tools: it captures nuclei better from single point or box prompts.

We also implement tile-and-stitch based prediction to apply PathoSAM to whole-slide
images (WSI) and enable automatic segmentation in practice. By default, we use a tile
shape of 512 512 pixels, which corresponds to the training patch shape of PathoSAM,
with an overlap of 64 pixels on each side. See Fig. 4 for an example and for an overview of
the resources needed for WSI inference. Segmentation of a WSI runs in less than 1 hour on
a GPU, requiring ca. 5 GB of VRAM per tile. It takes much longer on a CPU (ca. 37 hrs).



Griebel Archit Pape

Figure 3: Segmentation of lymphocytes a) and glands b) with di erent SAM variants. We
report measures for automatic and interactive segmentation, the right hand side
shows qualitative examples from the dataset with automatic segmentation results.
In both cases, PathoSAM (specialist) is trained on a separate split, using default
SAM for weight initialization. ¢) Semantic segmentation results on PanNuke,
comparing PathoSAM with other models. The right hand side shows qualitative
examples from all methods.

Our implementation on the GPU has been optimized. The encoder and decoder are applied
with a batch size of 1 on CPU resource, otherwise it is automatically selected depending
on available VRAM. Increasing the batch size to process multiple tiles in parallel speeds up
inference, especially on GPUs with large VRAM.

4. Discussion

Our model, PathoSAM, is the new state-of-the-art for interactive and automatic instance
segmentation of nuclei in histopathology. To our knowledge, it is the rst foundation model
for this task, as it generalizes to diverse settings with a single model. We believe that it
will have great practical impact by speeding up many nucleus analysis tasks. To support
this use, we provide integration with user-friendly tools and scripts for processing WSIs.
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