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Abstract. Segmentation in 3D microscopy is challenging due to hard (to
segment) patches, noisy labels resulting from the use of semi-automated
labeling methods, image artifacts, off-target fluorescence, and lack of la-
beled data because of high labeling effort. In this work, we introduce
a novel unified method to tackle these issues simultaneously in 3D mi-
croscopy. First, we introduce µ3DINO, a 3D model pretrained on an
ultra-large multimodal dataset of over 2 million microscopy volumes.
We then create µDivSeg, a segmentation pipeline that uses pretrained
weights to detect noisy labels and hard patches to guide and correct seg-
mentation training. We evaluate our methods on a toy dataset and 4 real-
world datasets from light-sheet and two-photon microscopy with a variety
of markers, in comparison to two state-of-the-art (SOTA) pipelines. Our
methods outperform SOTA techniques on increasing levels of synthetic
label perturbations and real-world data with diverse distributions.

Keywords: 3D Microscopy · Self-supervised learning · Noisy labels

1 Introduction

Recent advances in imaging hardware, computational resources, and data storage
have enabled the acquisition of exceptionally large and high-resolution 3D mi-
croscopy datasets. Modalities such as two-photon excitation microscopy (TPEM)
allow real-time, in vivo imaging, while light-sheet fluorescence microscopy (LSFM)
combined with tissue clearing enables whole-brain imaging at cellular resolution.
Confocal microscopy is capable of live-cell microscopic imaging, which can also
yield large quantities of data. Together, such technological advances help facili-
tate the study of disease and injury in animal models with unprecedented detail,
with single images often on the order of teravoxels in scale.

Image segmentation is a key task for analyzing 3D microscopy and is used to
delineate structures like neurons and vessels, provide insights on the structural
and functional connectivity of animal brains [18,30], and perform tasks like cell
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Fig. 1: To handle label scarcity, label error (red circle), and hard regions (yellow el-
lipse) in 3D microscopy segmentation, we pretrain µ3DINO, and use it in our novel
pipeline, µDivSeg, to obtain KNN clustering-based probability masks to increase
pseudo-labelling in noisy areas, and loss weighting in hard regions.

tracking [1, 27]. However, the sheer scale of 3D microscopy data makes man-
ual segmentation infeasible. Deep learning (DL) has emerged as an automated
approach for image segmentation in microscopy [3, 14, 35, 38], but its success
typically depends on the availability of high-quality pixel-level annotations. In
practice, generating dense 3D labels is prohibitively time-consuming, and anno-
tations are often produced using semi-automated tools such as Ilastik [5]. With
these tools, labeling can still take days for TPEM data and weeks for LSFM
volumes, making them both scarce, and often noisy or inconsistent.

Thus, we identify three main challenges to the application of DL to mi-
croscopy image segmentation (Fig. 1). 1. DL models can struggle with general-
ization due to the scarcity of detailed labels. 2. DL models can be confounded by
poor-quality labels that often contain (structured) noise. 3. DL models can also
struggle with “hard regions” that contain off-target fluorescence, bright objects,
or imaging artifacts that are difficult to delineate from the true structure of in-
terest. In 3D microscopy, label scarcity has been tackled using self-supervised
learning (SSL) approaches [19, 28, 42, 44]. However, these methods are limited
by being trained on a single modality, having limited pretraining dataset sizes,
having weights that are not publicly released, or using simple pretext tasks that
do not scale well. Many works applied to 2D image classification have tackled
label noise [16, 21, 47, 49]. Some works have also been applied to medical image
segmentation [22, 49] in modalities like CT and MRI. In such modalities, label
noise is typically introduced by degrading label boundaries (i.e. via erosion or
dilation). These methods may not translate directly to microscopy, where label
noise often has different characteristics. Since segmentation in microscopy typ-
ically involves detecting many instances of the same structure, false positives
(FPs) commonly arise from bright artifact objects, while false negatives (FNs)
are more commonly caused by entire missing instances. Finally, methods like
hard-example mining [34] or reweighting methods [24, 45] have been proposed
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to tackle hard example learning in 2D image classification and object detection,
but only a few works have explored both noisy labels and hard examples [11].
To our knowledge, the challenges of label scarcity, label noise, and hard regions
are underexplored in 3D microscopy segmentation, leaving a pressing need for a
framework that can operate effectively in this difficult training regime.

We propose a two-pronged approach to tackle these challenges. First, we
introduce µ3DINO, a Vision Transformer (ViT) [10] pretrained on the largest
3D microscopy dataset, comprised of over 2 million multimodal image volumes
from LSFM, TPEM, and confocal microscopy. Then, we introduce Divide and
Segment for microscopy (µDivSeg), a segmentation method that builds upon
and takes advantage of pretrained weights to perform noisy label and hard patch
detection while self-correcting online during training. µDivSeg makes use of the
strong content-based retrieval (CBR) capabilities of SSL models to detect noisy
and hard examples using a data-centric approach, which allows it to learn and
often improve on noisy annotations without the need for cleanly labeled subsets
or extensive hyperparameter tuning [50]. To summarize our contributions, we:

• Collect the largest multimodal 3D microscopy dataset comprised of over 2
million images, and pretrain a general-purpose ViT for 3D microscopy.

• Devise a self-correcting segmentation pipeline that performs patch-level noisy
label learning and hard example detection simultaneously using an SSL
model and cluster-based approaches.

We evaluate our methods on four real-world datasets with a variety of struc-
tures in TPEM and LSFM, and find that initializing with µ3DINO performs
5.8% and 3.9% better than random initialization when training on a small sub-
set of each dataset (10% or 2%) and training on the full (100%) dataset respec-
tively. This further increases by 1.1% and 1.9% when using µDivSeg instead of
a standard segmentation pipeline. Compared to the next best SOTA baseline
method that we reimplement for 3D microscopy, µDivSeg performs an average
of 6.4% better at 100% of data. We qualitatively evaluate µDivSeg to show
how results on datasets with noisier ground truth may be misleading, and that
our method can improve beyond the ground truth more effectively than other
methods. We also apply µDivSeg to NIS3D [48], a clean toy dataset with LSFM
and confocal modalities, where we show that it is more robust to increasing
amounts of instance-based synthetic noise. Overall, we present the first large-
scale multimodal pretrained model for 3D microscopy data and unified pipeline
that leverages noisy label and hard patch detection to improve 3D segmentation
in this difficult regime. Code for µDivSeg and weights for µ3DINO can be found
at https://github.com/AICONSlab/microDivSeg.

2 Related Works

SSL in Microscopy: There have been a few studies exploring SSL in TPEM
[28,44], however the datasets used were unimodal and relatively small. Prior work
explored using the shuffling pretext task for SSL in microscopy [19], though the

https://github.com/AICONSlab/microDivSeg
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dataset was also small in scale, and it used a relatively simple pretext task that
has been since superseded by more scalable multi-view representation meth-
ods [12]. Many studies have explored 2D representation learning in histopathol-
ogy [7, 9, 26, 40, 41] and 2D microscopy [2, 13] and 3D SSL has been explored in
medical imaging [36,37,43], with the SELMA3D challenge [8] exploring 3D SSL
for LSFM. We build upon this line of work by combining LSFM, TPEM and con-
focal modalities, yielding the largest multimodal 3D microscopy image dataset,
and pretrain and publicly release a general-purpose 3D model for microscopy.
Noisy Label and Hard Example Learning: Noisy label learning has been
explored extensively in 2D image classification [16,21,47,49], where methods have
improved resilience to noisy labels by exploiting the tendency of DL models to
fit clean labels before noisy ones. Other works have extended such methods to
segmentation using pixel-level learning-based noise scores [22]. Semi-supervised
segmentation is related to this regime, such as GuidedNet [46] which uses unla-
beled data and co-training to improve label efficiency in 3D CT organ segmen-
tation. However, no methods have been evaluated under synthetic label noise
that is based on FP or FN instances rather than boundary noise. Noisy label
learning when a dataset contains hard samples has been explored empirically on
a small toy dataset [11]. A meta-learning approach, L2B [49], used a small, clean
“meta set” to automatically weigh real labels vs. model generated pseudo-labels
to improve segmentation training under label noise. By not constraining weights
on these labels to sum to 1, this method can overweigh key regions, making it an
implicit hard example learner. However, in L2B’s segmentation implementation,
the labels of the meta-dataset must be clean, which can be difficult in microscopy.
Preliminary work exists in noisy label [23], and hard example [20] settings in mi-
croscopy segmentation, though these issues were not explicitly addressed during
training. Thus, limited works have explored noisy label and hard example learn-
ing methods in 3D microscopy segmentation, and none have investigated how to
integrate such methods with SSL models.

3 Method

In this section, we introduce our methods (Fig. 2). We discuss µ3DINO (Sec. 3.1),
how we perform patch-level noisy label and hard region detection (Sec. 3.2), and
how we incorporate these methods together to create µDivSeg (Sec. 3.3).

3.1 µ3DINO

Considering the success of DINOv2’s [29] application to a variety of medical
tasks, including histopathology [7,40], and adaptation to 3D medical images, we
used the 3DINO [43] method to pretrain µ3DINO. This ViT was trained on over
2 million unlabeled microscopy volumes (Sec. 4.1). We denote our final model as
f(·). When applying µ3DINO to a downstream labeled dataset, D = (X,Y ), we
sampled a single volume and segmentation mask label pair, (x, y), x ∈ RS×S×S

with side length S. We extracted embeddings using our pretrained model, f(x) =
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Fig. 2: Overview of main methods. An unlabeled multimodal pretraining dataset with
over 2 million 3D microscopy volumes (a) was used to pretrain µ3DINO (b). µDivSeg
transferred and froze µ3DINO to extract features which were used for segmentation and
to generate masks predicting patch noise and hardness levels that guide segmentation
(c). A feature queue estimated noise and hardness masks during training (d). In this
figure, model A (gA) is being trained and model B (gB) is used to pseudo-label.

z = {z[CLS], z1, · · · , zNp
} ∈ R(Np+1)×D, with feature size D and consisting of Np

patch features per image and a image-level representation, z[CLS].

3.2 Noisy Label and Hard Patch Detection in Segmentation

We took advantage of µ3DINO to perform noisy label and hard patch detection
in segmentation tasks. Specifically, we obtained a patch-level “noise probability”
and “hardness probability” that could be used to inform training.
Noisy Label Detection: “Clusterability” defines a model’s ability to group fea-
tures with the same true class together. Exploiting this property for µ3DINO,
we detected label noise in a data-centric manner using SimiFeat [50] (Suppl. Ma-
terial Sec. 1). SimiFeat was formulated for classification, so to adapt this method
for segmentation, we converted segmentation labels into a soft classification la-
bel. To simplify notation because our datasets are all single-class, we define the
one-hot label of an image patch as yi ∈ {0, 1}2×P×P×P for a patch of size P and
i ∈ N , |N | = N for a dataset containing N total patches. To convert yi into a soft
classification label, we used a clipped threshold: yci = min(si/Q0.9({si}i∈N ), 1),
where si =

∑
p y

(1)
i [p] is the sum of all pixels, enumerated by p, in the foreground

class of the patch label, and Qa(·) obtains the a quantile.
We then obtained the KNN estimate of the soft patch label, ŷi, by performing

a weighted average along the soft labels of the Kn nearest neighbors of the
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patch in feature space based on cosine similarity. The noise score of the patch
label was obtained by comparing it to its KNN estimate using Cross Entropy
(CE), ni = H(ŷi, y

c
i ), where a high score indicates that yci and ŷi are dissimilar.

Intuitively, this would indicate patch i clustered near patches with dissimilar
soft labels to its own. To convert from patch-level noise scores to probabilities,
mn

i ∈ [0, 1], we employed the Higher-Order Consensus (HOC) estimator [51]
(additional details in Suppl. Material Sec. 2).
Hard Patch Detection: We defined “hard” patches as those with a high pre-
diction error. To decouple hard patch from noisy label detection, we used the
CBR capabilities of µ3DINO to detect patches in the training set that cluster
near those with high error in the validation set. Prediction error per patch was
computed by averaging the pixel-level CE loss between the model prediction
and the patch label. Then, the patch-level “hardness score” for a patch, hi, in
the training set was the weighted average of the prediction errors of the Kh

nearest validation patches. Again, similarity was defined in feature space using
cosine similarity. Intuitively, a high hardness score would indicate that a training
patch clustered near validation patches containing structures that were difficult
to segment. Notably in real-world data, the validation set is not necessarily free
of label noise. Thus, a patch with high prediction error could also have a noisy
label rather than being a difficult example. While it is possible to detect and
remove noisily labeled patches in the validation set using our method, we found
it was not necessary when using a sufficiently high Kh. To convert from patch-
level hardness scores to probabilities, mh

i ∈ [0, 1], we fit a 2-component Gaussian
Mixture Model (GMM) [31] to values of hi in the training set.

3.3 µDivSeg

Our novel method, µDivSeg, integrated noisy label and hard patch detection to
guide and improve segmentation training online on 3D microscopy. Our pipeline
was inspired by DivideMix [21], which self-corrects noisy classification labels.
Feature Queue: We used a feature queue with length Q to compute noise
and hardness probabilities online. This running queue tracked the most recent
training patch features and their respective soft labels, as well as the most recent
validation patch features and their prediction errors. With sufficiently large Q,
KNN-based noise and hardness scores can be computed against the features
present in the queue. The queue can also be used to recompute quantiles and
GMMs needed for detection at the start of every epoch.
Online Hard Patch Focusing and Label Correction: To apply µ3DINO
to segmentation, we froze it and passed its extracted patch features through a
segmentation decoder, g(·), to predict pixel-level segmentations. Like DivideMix
[21], we trained two decoders, gA and gB , and maintained two feature queues
FA and FB . gA and FA were used to generate pseudo-labels and predict la-
bel noise and patch hardness to train gB , and vise versa to reduce biases. To
start, we warmed up both models for a short period by training them using
a standard segmentation pipeline against the real labels. This warm up period
also permits us to fill the feature queues. After the warm up period, gA and gB
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were trained one-by-one. To train gA, features were extracted from an image,
z = f(x). Then we used the [CLS] token as a “context vector” to inform the patch
features. This was useful for when objects of interest were larger than patches
(e.g . large vessels), and allowed context of the full image to inform KNN compar-
isons. This was done simply by summing every patch token with the [CLS] token:
z̃j = zj + z[CLS], j ∈ {1, ..., Np}. These context-enriched features, z̃ ∈ RNp×D,
were compared against FB to obtain noise and hardness probabilities per patch,
m̃n, m̃h ∈ RNp that we reshaped and expanded back to the same size as the input
image to create probability masks mn,mh ∈ RS×S×S . We froze gB and used it
to pseudo-label the input, ŷB = σ(gB(z)/τ), ŷB ∈ R2×S×S×S , where gB returns
2-class pixel-level logits, σ(·) is softmax, and τ is a sharpening temperature.

We used mn and mh to guide the training of gA using two losses. Firstly, we
computed a pixel-level CE loss, LCE . We weighted this loss using mn to trade
off focus on real labels (where probability is low), versus pseudo-labels (where
probability is high). We weighted the loss function using mh to increase focus
on hard patches in the image, resulting in Eq. (1) to train gA.

LCE,A = H(gA(z), y) · (1−mn) · (1 + λhmh) +H(gA(z), ŷB) ·mn (1)

Where λh is a parameter to control the enhancement strength of mh and all
operations are performed element-wise. Note, we did not enhance the pseudo-
label CE loss because we expected pseudo-labels from hard patches to potentially
be lower quality and confound training. The second loss is a confidence-based
image-level Dice loss. Rather than weighting the loss function, we used mn to
weigh the labels themselves as in equation Eq. (2).

ȳB = Sharpen (y · (1−mn) + σ(gB(z)) ·mn, τ) (2)

Where Sharpen(a, τ) takes a1/τ element-wise, and normalizes by dividing by
the sum over the class dimension per pixel in a. The Dice loss was then Eq. (3).

LDSC,A = DSC(σ(gA(z)), ȳB) (3)

And the overall loss function for training gA was simply the sum of the CE
and Dice-based losses: LA = LCE,A + LDSC,A. Before loss computation, we
applied MixMatch [6] in-place to the computed tensors (z,mn,mh, y, ȳB , and
ŷB). For each sample, this method linearly interpolated these tensors with those
of another randomly selected batch element using a mixing coefficient drawn from
a β distribution, Beta(α, α). After gA was trained for an iteration, the extracted
patch features, z and their soft labels were added to the feature queue, FB . After
a training epoch, we froze gA and used it along with FA to train gB similarly.
We performed validation separately on gA and gB after both models are trained
for an epoch, where we added features and their patch-level prediction errors on
the validation set to their respective queues. Since µDivSeg uses a data-centric
approach for noisy label detection and predicts hard patches using a training-
based error metric on a separate validation set, these metrics are decoupled. By
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allowing both to vary continuously to adapt segmentation training on-the-fly, we
aimed to simultaneously tackle label noise and hard regions in 3D microscopy.
Pseudocode is provided in Suppl. Material Sec. 3.

4 Experiments and Results

In this section we describe our pretraining and downstream segmentation datasets
(Sec. 4.1), µDivSeg (Sec. 4.2) and baseline (Sec. 4.3) setup and implementation,
and real-world (Sec. 4.4) and toy dataset (Sec. 4.5) experiments and results.
Experiments ablating the effect our key modules (noise mask, hardness mask,
SSL initialization) and other parameters can be found in Suppl. Material Sec. 4,
and visualizations of noisy label and hard patch probability masks and example
detected noisy and hard patches can be found in Suppl. Material Sec. 5 and 6.

4.1 Datasets

Pretraining Dataset: To pretrain µ3DINO, we gathered an ultra-large, mul-
timodal 3D dataset consisting of unlabeled in-house data, data from collabo-
rators, and public resources including the Brain Image Library [17] and the
SELMA3D challenge dataset [8]. This dataset contained a variety of fluores-
cently labeled markers and cells or cellular components across a wide range of
resolutions and field of views from whole-brain data to regional scans. Volumes
of size 1283 were extracted from these datasets, resulting in 1,746,680 volumes
from LSFM, 455,229 from TPEM, and 55,925 from confocal microscopy, for a
total of 2,257,834 volumes. Additional information on these datasets including
links to public resources can be found in Suppl. Material Sec. 7.
Downstream Real-World Datasets: We used four real-world datasets to
evaluate our method. First, we employed TPEM vessel (TPEMV) and neuron
(TPEMN) datasets from 25 Thy1-YFP mice with lectin stain to label the vas-
culature, with a train/val/test split of 24/10/8 volumes of size 256× 512× 512
voxels [33]. We used an LSFM axon (LSFMA) dataset from 6 mice injected
with AAV8-CaMKIIa-eYFP-NRN to label axonal projections, with a split of
694/21/8 volumes of size 256 × 256 × 256 voxels [4]. We employed an LSFM
neuron (LSFMN) dataset from 18 Tg TRAP2-Ai9 mice with the c-Fos promoter,
with a split of 266/53/80 volumes of size 512 × 512 × 512 voxels [3]. All splits
were generated on the subject level. Notably, since these are real-world large 3D
microscopy datasets, all of them rely on “silver”-standard ground truth generated
by semi-automated tools, meaning they contain label noise, even in validation
and test sets. TPEMV and LSFMN, however have noisier test labels, which can
make it difficult to know if differences in quantitative metrics are due to im-
proved performance or overfitting to noisy labels. Nonetheless, we report results
on all datasets and perform qualitative analyses to evaluate our pipeline beyond
the ground truth.
Downstream Toy Datasets: To evaluate the benefit of µDivSeg in a controlled
manner, we needed a clean, fully annotated dataset. We employed the publicly
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available NIS3D dataset [48] as it fulfills these requirements. NIS3D only consists
of a pair each of annotated Drosophila (NIS3DD), MusMusculus (NIS3DM) and
Zebrafish (NIS3DZ) embryo images. Importantly, NIS3D is also annotated for
labeler confidence, which we used as a surrogate for “hardness”. For each dataset,
we used one of the images as training, and the other as validation. To add syn-
thetic label noise to NIS3D training images, we randomly masked out instances
of cells to introduce FNs, and thresholded the image based on intensity to intro-
duce FPs. We did this for three levels of noise, L1, L2, and L3. Using confidence
annotations along with the clean segmentation label, we obtained quantitative
metrics for our pipeline’s ability to detect noisy labels and hard patches. Results
from this evaluation and more details and visualizations on synthetic noise can
be found in Suppl. Material Sec. 8. NIS3DZ contains more low confidence cells,
and so in this dataset, we sampled FNs in two ways: 1. fully randomly, and 2.
by oversampling cells with low annotator confidence (Llc,1, Llc,2, Llc,3). This
enabled us to evaluate how methods perform when FNs in the ground truth are
also hard examples. Several images in NIS3D contain large “blobs” of uncon-
fident regions. We ignored these regions when computing metrics, and instead
investigated performance qualitatively. Since these are present in both NIS3DM
images, we did not add synthetic label noise to this dataset.

4.2 µDivSeg Setup & Implementation

Our µ3DINO encoder (f) was a ViT-Large [10] with an image and patch size of
1123 and 163. For noisy label and hard patch detection, we permitted patch sizes
that are a multiple of the ViT patch size by averaging patch-level features (e.g . a
patch size of 323 averaged a cube of 23 patch features). For TPEM and LSFMA,
we used a patch size of 323; for LSFMN and NIS3D, we used a patch size of
163. These were chosen to ensure each patch has sufficient context to perform
detection. We froze µ3DINO and added a UNETR-like decoder (g) [15] to obtain
pixel-level segmentations. Rather than splitting data to train gA and gB , we used
randomly cropped and augmented versions of the same dataset. In practice, this
sufficiently diverged gA and gB to reduce pseudo-label bias. On real-world data,
we used a learning rate (LR) of 5e−4, a batch size of 8, and we trained for 30,000
iterations using AdamW [25]. The standard segmentation warm up period was
2,000 iterations. On NIS3D, we adjusted the LR to 1e − 4, training iterations
to 2,500, and warm up period to 100 iterations. All experiments were performed
on an NVidia A100-40GB GPU, and real-world experiments took ∼12 hours.
Additional hyperparameters are in Suppl. Material Sec. 9.

4.3 Baseline Setup & Implementation

We compared against a standard segmentation pipeline with a randomly initial-
ized ViT and the same UNETR decoder as µDivSeg, where the ViT was trained
(‘Rand.’), and UNet [32] (‘UNet’). We also initialized with µ3DINO, froze it,
and trained with a standard pipeline (‘µ3DINO’). These experiments used the
same relevant parameters as µDivSeg, except the LR was 1e − 4. We then use
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Table 1: Quantitative results on TPEM neuron (TPEMN) and vessel (TPEMV), and
LSFM axon (LSFMA) and neuron (LSFMN) real-world datasets. Data sizes in per-
centages of full dataset (# of volumes). Performance in mean (std.) of Dice scores (%)
across all volumes in the test dataset. *µDivSeg performs significantly better (p < 0.05)
at that dataset size based on a Wilcoxon signed rank test on test volumes.

TPEMN TPEMV LSFMA LSFMN
Data size 10% (2) 25% (6) 100% (24) 10% (2) 25% (6) 100% (24) 2% (14) 5% (35) 100% (694) 10% (27) 25% (66) 100% (266)
Rand. 67.4* (8.5) 68.2 (13.4) 73.2* (8.7) 64.6* (22.1) 74.9* (12.5) 77.4* (10.9) 65.1* (4.1) 66.6* (4.3) 71.2* (3.1) 72.6* (19.4) 73.9* (18.6) 74.3* (18.3)
UNet 68.5* (6.8) 70.6 (12.2) 73.4* (8.4) 65.8* (19.8) 76.3* (10.2) 77.3* (11.3) 63.8* (4.9) 66.1* (4.4) 73.8* (2.7) 73.6* (18.8) 74.2* (18.3) 74.5* (18.2)
µSAM 65.9* (8.2) 69.1* (9.4) 70.7* (10.3) 52.1* (22.8) 62.4* (18.6) 64.1* (20.3) 68.7 (3.6) 73.5 (3.2) 74.7 (2.7) 69.9* (19.6) 71.5* (18.3) 71.8* (18.1)
GuidedNet 58.4* (8.9) 64.0* (13.7) 70.0* (8.2) 56.6* (23.7) 64.1* (20.5) 75.5* (12.0) 66.7* (3.9) 71.6 (3.3) 71.3* (2.8) 68.9* (18.9) 69.8* (18.1) 69.7* (18.1)
GuidedNetµ – – 74.6* (6.4) – – 74.3* (13.6) – – 76.0 (3.0) – – 69.8* (18.0)
L2B 59.0* (7.8) 63.3* (7.7) 65.1* (6.2) 37.9* (20.8) 51.5* (21.6) 73.0* (13.2) 71.5 (3.0) 74.1 (2.1) 74.7 (2.1) 70.4* (18.1) 69.7* (17.7) 68.1* (18.1)
L2Bµ – – 71.7* (4.8) – – 72.4* (17.6) – – 74.5* (2.2) – – 68.1* (18.0)
µ3DINO 70.9 (5.9) 73.1 (10.2) 77.1* (7.1) 70.0* (14.9) 78.1 (9.7) 81.2* (7.6) 69.9 (2.3) 71.6 (4.3) 73.3 (3.5) 74.5 (18.9) 75.3 (18.4) 76.1 (18.5)
µDivSeg 71.5 (5.6) 74.9 (8.0) 79.5 (4.1) 73.5 (12.2) 80.0 (8.5) 82.0 (7.4) 69.4 (3.0) 72.9 (3.6) 76.8 (3.5) 74.1 (18.8) 74.8 (18.5) 75.2 (18.4)

the same pipeline with LR=5e − 4 to train the simple 3D wrapper on the 2D
µSAM model [2] to compare against 2D pretrained encoders (‘µSAM’).

Since no related baselines existed for 3D microscopy, we reimplemented and
tuned two SOTA methods with public code. For fairness, these baselines used
the same randomly initialized ViT and data loading code. To compare against
semi-supervised segmentation in 3D medical imaging, we used GuidedNet [46].
We trained this method for 30,000 iterations, used a labeled and unlabeled batch
size of 4, a LR of 1e−2, and the SGD optimizer. When training on 100% of train-
ing data available for a downstream dataset, the labeled and unlabeled datasets
were two randomly augmented versions of the full dataset. Otherwise, unused
data formed the unlabeled dataset. For a meta-learning-based self-correction
method that also permits hard region focusing, we adapted L2B [49] to 3D
microscopy data. L2B was trained for 30,000 iterations, used a batch size and
meta-set batch size of 3, a LR of 1e − 2 and the SGD optimizer. Both SOTA
comparisons used the same optimizer as their original implementations, with a
logarithmic search on LR to determine the best value. To provide a fair compar-
ison against µDivSeg, which detects hard patches using the validation set, we
employed a randomly augmented version of the validation set as the “meta set”.
In the original implementation, L2B trained their model directly on the meta
set, but we did not do this for fairness. GuidedNet used the same parameters on
NIS3D and trained for 2,500 iterations. L2B was also trained for 2,500 iterations,
used a LR of 1e−3, and required a short warm up period of about 250 iterations
of standard segmentation training to avoid collapse. To conduct methods-focused
comparisons, we also train baselines with µ3DINO initialization with a frozen
ViT encoder (‘GuidedNetµ’ and ‘L2Bµ’).

4.4 Real-World Dataset Experiments

Quantitative Analysis: We trained and evaluated our method on real-world
datasets at three different dataset sizes and used the best performing model on
the validation set to infer on the test set. We found µ3DINO improved over Rand.
with an average of 5.8% and 3.9% Dice similarity coefficient improvement at the
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Fig. 3: Qualitative results on real-world test datasets. Displays image, label overlaid in
blue, predictions with TP (green), FP (orange), and FN (yellow). All visualizations are
maximum intensity projections (MIPs) with varying depth; values above predictions are
Dice scores (%) on the full volume. In TPEMV, red arrows show errors in ground truth
and magenta arrows show where µDivSeg predicted the correct vessel radius where
most baselines overpredicted off-target fluorescence. In LSFMN, red arrows show large
neurons that are undersegmented by other methods that µDivSeg detects. Our method
comparatively reduces FPs and FNs and often performs better than ground truth.

smallest and full dataset sizes, respectively (Tab. 1). We found µSAM underper-
formed, likely because it was primarily pretrained for cell/nuclear segmentation,
and does not have cross-slice interaction due to being a 2D encoder. Notably,
we found SSL to be more beneficial at smaller dataset sizes, while µDivSeg per-
formed better with a moderate amount of data. This is likely because µDivSeg
used KNN-based predictions to compute noise and hardness masks, as well as
pseudo-labeling to correct noisy labels, which both improve with data size. When
scaling to the full dataset, µDivSeg outperformed all other baselines on datasets
with cleaner test sets (TPEMN, LSFMA), with an average of 2.9% Dice im-
provement over the next best method. On the datasets with test sets that have
noisier labels (TPEMV, LSFMN), the benefits relative to a standard segmen-
tation pipeline were more subdued (1.0% better, 1.2% worse at 100% data).
However, we expect this was due to poor ground truth quality, and explore this
qualitatively below. Comparing methods, we found that µDivSeg was much bet-
ter than baselines (avg. +6.4% vs. GuidedNetµ, +9.4% vs. L2Bµ at 100% data).
These SOTA baselines severely underperformed when using smaller datasets,
which was partially recovered when using µ3DINO initialization (avg. +2.9%
for GuidedNet, +2.3% for L2B). For L2B, this degradation likely stemmed from
low-quality pseudo-labels compounded by unreliable reweighting due to label
noise. GuidedNet performed slightly better in the low-data regime, but its lack
of reweighting meant that noisy pseudo-labels were incorporated without cor-
rection. As a result, both methods with random initialization performed worse
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Table 2: Quantitative results on NIS3D. Noise levels are no synthetic noise (Clean),
increasing noise (L1, L2, L3), and increasing noise oversampling low-confidence cells
(Llc,1, Llc,2, Llc,3). Performance in mean (std.) of Dice scores (%) across three runs.

NIS3DZ NIS3DD NIS3DM
Noise level Clean L1 L2 L3 Llc,1 Llc,2 Llc,3 Clean L1 L2 L3 Clean

GuidedNetµ
Best 78.3 (0.7) 77.9 (1.3) 76.3 (1.6) 72.5 (1.6) 76.9 (0.7) 76.2 (1.6) 72.4 (1.8) 67.9 (3.9) 68.4 (3.6) 69.7 (3.8) 59.3 (9.7) 40.1 (1.3)
Last 79.1 (0.4) 77.9 (1.3) 74.9 (2.3) 68.5 (2.7) 76.8 (0.8) 74.8 (2.8) 68.5 (1.0) 65.8 (4.0) 64.3 (3.9) 62.1 (10.7) 28.0 (15.0) 40.5 (1.1)

L2Bµ
Best 80.3 (0.8) 74.4 (3.4) 74.1 (6.1) 67.1 (7.6) 76.6 (3.8) 73.9 (2.3) 71.9 (10.7) 78.8 (2.8) 79.4 (3.1) 80.0 (3.1) 82.1 (0.7) 36.7 (1.3)
Last 80.4 (0.9) 71.0 (10.8) 70.4 (9.8) 66.6 (8.1) 77.5 (2.3) 75.4 (4.5) 72.0 (10.2) 78.1 (3.2) 79.1 (3.3) 79.8 (3.1) 81.2 (1.3) 33.7 (2.5)

µ3DINO Best 82.2 (0.8) 76.2 (2.9) 74.3 (0.4) 71.9 (3.4) 79.4 (0.6) 75.6 (1.2) 71.5 (1.4) 84.6 (1.5) 83.2 (0.5) 81.1 (2.4) 74.6 (1.2) 40.2 (0.2)
Last 82.0 (0.5) 72.2 (1.8) 66.8 (2.3) 59.6 (2.7) 75.2 (1.3) 67.2 (1.3) 60.3 (1.4) 85.3 (0.2) 79.5 (0.9) 68.5 (2.2) 47.2 (0.5) 38.2 (0.3)

µDivSeg Best 83.5 (0.2) 82.5 (0.4) 80.1 (0.7) 75.5 (1.5) 82.3 (0.0) 79.5 (1.3) 75.8 (1.5) 88.8 (0.3) 87.3 (0.4) 86.8 (0.1) 81.8 (1.6) 42.7 (0.2)
Last 83.2 (0.1) 79.8 (0.5) 72.3 (2.3) 66.0 (1.5) 80.2 (0.5) 71.9 (1.9) 65.6 (1.1) 88.0 (0.4) 83.8 (0.7) 75.8 (1.3) 62.8 (1.0) 41.4 (0.2)

than a standard segmentation pipeline, highlighting the importance of the ro-
bust pseudo-label guidance in µDivSeg. Although LSFMN contains more training
data, the instance-based nature of the label noise which is also present in valida-
tion data likely limited the effectiveness of the SOTA baselines. These baselines
were competitive on LSFMA which also contains more data, and more boundary-
based label error, though µDivSeg also appeared to generalize well to this type
of label noise and improves over baselines on the full dataset.
Qualitative Analysis: Fig. 3 compares µDivSeg and baselines trained on 100%
of data across real-world test sets. In TPEMN, neurons at low depth produced
challenging FPs that should be excluded from downstream analyses. SSL im-
proved discrimination of these cells, with µDivSeg further reducing FPs. TPEMV
had noisier labels and severe off-target bleed-through from the neuron to vessel
channel in some volumes. Red arrows in the figure show regions where labels
are degraded. In these regions, µDivSeg improved on µ3DINO, which employs a
standard segmentation pipeline, beyond the silver ground truth. Despite having
similar Dice scores, µDivSeg corrected FNs in the ground truth that were present
in the µ3DINO prediction and was the only method able to connect the disjointed
ground truth in the top left of the image. µDivSeg was also able to avoid over-
predicting off-target fluorescence as foreground, making it better at predicting
proper vessel radii. In LSFMA, µDivSeg better delineated axon boundaries while
correcting faint FNs and avoided the round FP artifacts seen in other baselines.
Finally on the LSFMN dataset, we observed that the dataset contains larger
neurons that constitute TP for downstream analysis; however, due to their large
volume compared to the majority of neurons in the dataset, they were often un-
dersegmented or missed by silver ground truth. While µDivSeg does not capture
all FNs, it detected them more consistently while more accurately predicting
neuron sizes. Interestingly, this improvement beyond the label actually led to
our method quantitatively underperforming versus standard µ3DINO on this
test case, which could explain why µDivSeg benefits were reduced on LSFMN.
We show more predictions in Suppl. Material Sec. 10 to demonstrate this further.

4.5 Toy Dataset Experiments

Quantitative Analysis: We trained and evaluated on the NIS3DZ, NIS3DD
and NIS3DM datasets using 1. clean datasets, and 2. when adding synthetic
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Fig. 4: Qualitative results on NIS3D. Labels and predictions follow Fig. 3 except red
in labels marks unconfident regions excluded from quantitative analysis, while red in
predictions indicates positives in those regions. Visualizations are MIPs with varying
depth; numbers above predictions denote Dice (%) for a single seed on the full volume.
The inset on NIS3DZ highlights a hard region where µDivSeg, GuidedNet, and L2B
perform well. Arrows on NIS3DD indicate FPs in other pipelines. Our method is more
robust to real and synthetic label noise, reducing FPs and FNs.

noise (Tab. 2). We evaluated the “Best” and “Last” models on the validation
image. Last models can perform better than Best models because we validated
during training using a sliding window approach with a stride equal to image size
(112), and performed final evaluations with 1/4th the stride (28) to match real-
world dataset experiment setup. On the Best model, our method outperformed
all other baselines at all noise levels with the exception of NIS3DD L3, where
it was slightly worse. Furthermore, the Best model performance for µDivSeg
degraded much slower with increasing label noise than a standard segmenta-
tion pipeline, demonstrating the effectiveness of our method for handling the
instance-based noise present in 3D microscopy. L2B performs meta-learning on
the same validation image that results are reported on. Thus, we posit that L2B
performed well on NIS3DD because its validation label is very clean, allowing for
high quality meta-learning reweighting. In contrast, the NIS3DZ and NIS3DM
validation labels are noisier and contain large uncertain regions. Despite masking
these areas out, L2B performance was unstable, especially with larger amounts
of synthetic noise. Notably, while µDivSeg outperformed on Best models, on
NIS3DZ, GuidedNet degraded slower than µDivSeg, and both baselines were
closer when comparing Best vs. Last performance. We hypothesize this could
be because the baselines performed suboptimal pixel-level pseudo-labelling for
instance-based synthetic noise, but may be better at maintaining the pseudo-
label during training to reduce overfitting to noisy labels.
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Qualitative Analysis: The qualitative performance of the Best model for
methods trained on L2 noise strength for NIS3DZ and NIS3DD, and ‘Clean’
for NIS3DM on the validation image are shown in Fig. 4. We note µDivSeg
predicted fewer FNs than L2B and GuidedNet and fewer FPs than standard
µ3DINO on NIS3DZ. In unconfident regions, µDivSeg generated better predic-
tions than standard µ3DINO, which demonstrates how the hardness mask can
help improve model focus on low-confidence regions. The other baselines, and
especially L2B which can similarly focus on hard image regions, also seemed
to predict more accurate cell boundaries. The reason why GuidedNet under-
performed on NIS3DZ is because it erroneously predicted background noise as
foreground for lower depths of the volume (not shown in the example visualiza-
tion). In NIS3DD, µDivSeg balanced FPs and FNs better, and did not overfit to
synthetic FPs in the ground truth like other methods. In NIS3DM, we observed
that µDivSeg reduced FNs present in other baselines.

5 Conclusion

Despite its strong performance relative to baselines, our work also has limita-
tions. Firstly, the pretraining dataset for µ3DINO was imbalanced, and perfor-
mance could be improved by improving diversity with data collection or cura-
tion methods [39]. Additionally, due to using fixed patch size, larger patch sizes
improve context (and hence cluster quality) but reduce noise/hardness mask res-
olution; future work could investigate smoothing, smarter feature combination
methods, or hierarchical clustering from larger to smaller patches to improve lo-
calization without sacrificing context. Finally, our feature queue was updated in
a first-in-first-out manner, and a different approach taking into account feature
diversity could benefit noisy label and hard patch prediction.

In this work, we introduce µ3DINO, a general-purpose multimodal model
pretrained on an ultra-large 3D microscopy dataset, and µDivSeg, a pipeline
leveraging SSL weights to detect noisy labels and hard patches to guide and
improve segmentation in these images. To our knowledge, our methods are the
first to tackle the core issues of label noise, hard regions, and label scarcity in
3D microscopy simultaneously. Our model and pipeline improved performance in
real-world conditions across several downstream tasks in TPEM and LSFM with
varying data sizes, and for increasing amounts of instance-based synthetic noise
in a toy dataset. Using qualitative analyses, we also show how our framework
is able to improve beyond silver ground truth in datasets with more label noise.
This study, along with our code and model weights, can be used advance image
analysis in 3D microscopy in neuroscience and beyond.
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