Spatial-SAM: Spatially Consistent 3D Electron Microscopy Segmentation with
SDF Memory and Semi-Supervised Learning
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Figure 1. Left: The complete workflow of Spatial-SAM, transitioning from interactive annotation to fully automatic segmentation. Right:
Visual comparison of Spatial-SAM and other semi-supervised methods on mitochondria segmentation.

Abstract

Segment Anything Model (SAM)-based approaches have
shown strong potential for biomedical image segmentation.
However, these methods often struggle to preserve spa-
tial consistency in 3D electron microscopy (3D-EM) data
and still require extensive manual annotation. We propose
Spatial-SAM, a spatially consistent and annotation-efficient
framework for high-precision 3D-EM segmentation. It in-
troduces a 3D Signed Distance Field (SDF) memory mech-
anism that replaces SAM2’s memory with SDF represen-
tations precomputed by a 3D U-Net, providing richer ge-
ometric information and improving spatial consistency. It
also combines SAM?2’s few-shot capability with a dual-track
pseudo-label iterative optimization strategy to learn large-
scale 3D-EM segmentation from minimal annotations. Ex-
periments show Spatial-SAM significantly outperforms ex-
isting semi-supervised methods and performs comparably
to state-of-the-art fully supervised approaches on multiple
3D-EM benchmarks, reducing annotation costs while pre-
serving spatial consistency. Code is available at https :
//github.com/Giluir/Spatial—-SAM.

*Corresponding authors.

1. Introduction

Electron microscopy (EM) provides nanometer-scale views
of cellular and tissue ultrastructure, enabling quantitative
analysis of membranes, organelles, and synaptic circuitry in
neuroscience and cell biology. Modern volume EM modali-
ties, such as serial block-face scanning electron microscopy
and focused ion beam scanning electron microscopy [26],
routinely produce large-scale and high-resolution 3D EM
images, supporting tasks from connectome reconstruction
to cellular and organelle morphometry[7, 13]. Across these
applications, delineating object boundaries is the gateway to
biology: accurate segmentation converts raw contrast into
measurable structure, allowing downstream analysis of size,
topology, and interaction patterns at scale. In this paper we
target this conversion step and focus on automated segmen-
tation that is faithful to 3D morphology while remaining
practical for large volumes.

Supervised deep learning has driven progress in EM seg-
mentation. U-Net and its variants remain strong baselines
for cells and organelles [2, 27, 29]. To capture longer-
range context, Transformer-based designs have been intro-
duced [18, 25, 35], improving global awareness in biomed-
ical images. While these methods perform well on many
segmentation tasks, they rely heavily on large amounts of
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annotated data, especially when applied to large scale EM
datasets. Therefore, semi-supervised and self-supervised
learning are proposed to reduce annotation demands. Semi-
supervised learning leverages pseudo-labeling with consis-
tency regularization [31], while self-supervised pre-training
on large EM corpora improves transfer and data effi-
ciency [6]. Despite these advances, on large 3D EM vol-
umes these methods often falter with sparse labels, appear-
ing reasonable per slice but failing to preserve 3D morphol-
ogy and leading to inter-slice inconsistencies.

Recently, foundation models for segmentation offer a
promising alternative. The general segmentation model
Segment Anything (SAM) [15] has demonstrated impres-
sive zero-shot and few-shot capabilities and has been ini-
tially applied to biomedical image segmentation [1, 20, 30].
The successor of SAM, SAM2 [28], unifies promptable seg-
mentation for images and videos and incorporates a stream-
ing memory into the model, providing a certain degree of
temporal consistency. However, deploying SAM2 on large-
scale, high-resolution 3D EM volumes poses two key chal-
lenges. On the one hand, maintaining strict spatial conti-
nuity and structural integrity across slices of EM volumes
is difficult when memory is built from past 2D predictions
without explicit volumetric information. On the other hand,
achieving robust generalization with minimal manual anno-
tations under significant appearance variation across speci-
mens in large-scale EM datasets remains a challenge.

We address these challenges with Spatial-SAM, a frame-
work that augments SAM2 with geometry-aware volumet-
ric structural guidance and a data-efficient training recipe
for large-scale EM. First, we introduce an SDF mem-
ory mechanism, where a lightweight 3D U-Net predicts a
signed distance field (SDF) over the volume, whose slices
provide precomputed structural guidance that condition
SAM2 during inference. Compared with logit memories
derived from previous predictions, SDF memory encodes
object geometry directly, promotes cross-slice smoothness,
and avoids error accumulation because it is computed once
rather than written from online outputs. Second, we de-
velop a dual-track semi-supervised training scheme that
leverages the few-shot capabilities of SAM2 to bootstrap
high-quality pseudo-labels and alternates between SDF re-
gression and mask learning to steadily improve both mod-
ules. Together, these components form a practical pipeline
that starts from a small set of corrected 2D annotations
and scales to fully automatic segmentation of large 3D EM
volumes. Experiments on several authoritative mitochon-
dria and nuclei datasets indicate that Spatial-SAM achieves
competitive or better accuracy than strong semi-supervised
and even fully supervised baselines with only 1/64 slices an-
notated, while delivering markedly improved spatial consis-
tency. Our main contributions are summarized as follows:

* A spatially consistent framework for large-scale 3D EM

segmentation that combines the few-shot strengths of
SAM?2 with volumetric structural guidance.

* An SDF-based memory that replaces the original logit
memory with 3D structural cues, providing direction-
agnostic, smooth, and error-resilient guidance to improve
cross-slice spatial continuity.

* A dual-track semi-supervised training strategy that alter-
nates between SDF regression and mask learning, en-
abling small 2D annotation budgets to generalize to full
volume segmentation.

2. Related Works

2.1. Electron Microscope Image Segmentation

Traditional EM image segmentation primarily relies on
thresholding, eigenvector analysis [8], and hierarchical re-
gion merging using the watershed algorithm [16], but
these methods struggle with complex structures. In recent
years, deep learning has become the mainstream approach.
End-to-end CNN-based models such as FCN [17] and U-
Net [29] have been widely applied to cell and organelle seg-
mentation [27, 29]. The encoder—decoder design with skip
connections of U-Net integrates multi-scale context, greatly
improving accuracy. For 3D EM data, 3D convolutional
networks such as 3D U-Net [5] and VNet [22] directly learn
volumetric features but face higher computational cost and
limited resolution. Hybrid 2D-3D networks [9] and flood-
filling networks (FFN) [12] have also been proposed. With
increasing demand for long-range contextual dependen-
cies, Transformer-based models [18, 25, 35] have achieved
strong performance by modeling global context, though at
high computational expense. Overall, deep learning has im-
proved segmentation accuracy via automatic feature extrac-
tion, yet still demands large-scale labels and computation,
and high-resolution 3D segmentation remains challenging.

To reduce annotation cost, semi-supervised methods
have been explored. Typical strategies include pseudo-
label learning and consistency regularization [4, 14, 19, 23].
Building on these ideas, several studies have adapted semi-
supervised methods to EM image segmentation. Takaya et
al. [31] proposed “4S,” which iteratively expands pseudo-
labels by leveraging inter-slice correlation. Wolny et al. [33]
introduced embedding consistency and push-pull losses to
enhance feature separability. Mai et al. [21] developed
a “double reliable” network using pixel aggregation and
prototype selection for semi-supervised mitochondrial seg-
mentation. In self-supervised pre-training, Conrad and
Narayan [6] employed contrastive learning on large unla-
beled EM datasets followed by fine-tuning. Although these
methods reduce labeling requirements, most are based on
2D slices and struggle to model the spatial continuity of
complex 3D structures, often resulting in inter-slice discon-
tinuities or missed fine details.



2.2. SAM-based Methods in Biomedical Imaging

SAM [15] is a general-purpose segmentation foundation
model with a Vision Transformer encoder and a prompt-
based mask decoder. It supports flexible prompts (points,
boxes, text) and demonstrates strong zero/few-shot capabil-
ity. In biomedical imaging, Ma et al. [20] fine-tuned SAM
to create MedSAM, improving medical image segmenta-
tion, while Archit et al. [1] introduced uSAM for optical
and EM microscopy, achieving better performance across
imaging modalities. However, these 2D approaches treat
volumetric data as independent slices, limiting spatial cor-
relation modeling.

The recent SAM2 [28] extends SAM with a streaming
memory mechanism and large-scale video data, achieving
higher accuracy and speed. Shah et al. [30] further imple-
mented 3D memory with momentum updates and low-rank
adaptation (LoRA) fine-tuning. Yet, their reliance on prior
2D slice results can propagate local errors, degrading seg-
mentation consistency. Our approach addresses this issue
by embedding a 3D object representation into the memory
encoding, providing more coherent spatial context.

3. Method

3.1. Preliminary

Segment Anything 2 [28] is a promptable segmenta-
tion model for images and videos that inherits the en-
coder—decoder design of SAM [15] and adds a streaming
memory. Given a slice (image) I; and prompts p (points,
boxes, masks), the image encoder produces features z; =
®(I;) and the prompt encoder yields tokens e, = E(p).
The decoder predicts k& candidate masks with quality scores

{(mj, ;)i = g(ze,€p), (1)

and outputs the top mask or a small set of masks. To
maintain cross-slice (temporal) consistency, SAM2 writes
a compact memory entry from the current embedding and
predicted mask into a memory bank B and, for the next
slice, retrieves context via memory attention to condition
the features as ¢(l;+1) = Attn(p(l;41),B). With an
empty bank, SAM2 naturally reduces to SAM. This uni-
fied view lets us use the same promptable interface for fast
interactive annotation and provides a foundation to explic-
itly strengthen cross-slice consistency during propagation
across ordered EM slices.

3.2. Overview

We refactor SAM2 into a spatially coherent 3D EM seg-
mentation tool by introducing an SDF memory that sup-
plies geometry-aware volumetric structural guidance. A
lightweight 3D U-Net is trained to precompute a SDF to en-
code memory. Around this model, we build a workflow that

scales sparse annotation to full automation (Fig. 2). From a
large EM dataset D, we select a subset D and interactively
annotate only m slices with SAM2 to obtain high-quality
masks {Y;}7" ;. These conditional frames seed SAM2 to

propagate and produce initial pseudo-labels Y across D.
Training then alternates two tracks in a few-shot—guided
semi-supervised scheme—one of our key innovations: We
utilize the dual-track consistency between the SDF gener-
ation of our 3D U-Net module and the mask prediction of
the SAM2 module to iteratively improve the quality of both
tracks. The trained model can then be applied to the entire
dataset Dy for fully automatic segmentation. The overall
architecture is shown in Fig. 2.

3.3. SDF Memory Mechanism

SDF Memory for Spatial Consistency. Our goal is to
extend SAM2 to fully automatic 3D volume segmentation
while maintaining spatial consistency in the results. A
straightforward strategy is to slice the volume along a cho-
sen axis and propagate frame by frame through the mem-
ory mechanism of SAM2. Formally, let the input vol-
ume be V€ RP>*HXW "and slicing along that axis yields
{I,I5,...,Ip}. When segmenting I;, SAM2 can encode
features from {I;_y, ..., I;_1} together with mask logits as
memory. However, such one-way propagation has notable
limitations. First, it is direction-dependent: the memory
contains only past frames along the propagation direction
and cannot exploit future frames, leading to inconsistent
quality across different directions. Second, errors can ac-
cumulate: if a frame is mispredicted, the erroneous result is
written into the memory bank and amplified in subsequent
steps. Third, the approach is sensitive to slice selection; the
choice of propagation axis and conditional frames can sig-
nificantly affect the final segmentation.

To address these issues, we propose a 3D memory mech-
anism based on a precomputed signed distance field (SDF).
The core idea is to replace probabilistic mask logits with a
more geometrically constrained SDF as the memory repre-
sentation, thereby providing SAM?2 with more robust and
complete 3D structural guidance. Formally, for any point
x € R3, the SDF is defined as

+mingepoy, [x —yll, x € Qopj,
SDF(X):{ oo =l X €y

— Minyega,, Ix=yll, x¢& Qo

where (1o denotes the target object volume and 0€qy; is its
boundary; we set positive values inside and negative values
outside to align with the logit distribution.

Compared with a logit representation, SDF memory of-
fers two key advantages. First, as an implicit representa-
tion of a 3D object, the SDF provides a more complete
semantic description of the segmentation target in 3D, en-
abling stronger global perception during slice segmentation.
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Figure 2. Overview of the proposed Spatial-SAM framework. The upper panel presents the Spatial-SAM model, which extends SAM?2
by integrating the SDF Memory mechanism for enhanced spatial representation. The lower panel depicts the proposed dual-track semi-
supervised training scheme, which alternates between SDF training and mask training.
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Figure 3. The dual-track training process of Spatial-SAM. The up-
per part illustrates the initialization process for generating pseudo
labels, while the lower part shows the iterative training process,
with SDF training on the left and mask training on the right.

Second, the distance values contained in the SDF are natu-
rally spatially smooth. Even with a limited memory length,
the model can capture geometric consistency across slices
by using the SDF of adjacent frames, markedly reducing
spatial discontinuities. Because the SDF is precomputed

prior to segmentation, errors from individual slices are not
written into memory, thereby avoiding error accumulation.
Moreover, SDF memory can serve as a preset contextual
cue, allowing SAM2 to complete automatic segmentation
without manual prompting during inference.

Learning 3D SDF Memory via U-Net. To obtain reliable
SDF memory, we design a lightweight 3D U-Net that serves
as a coarse volumetric predictor of geometric structures.
The network follows a standard 4-layer encoder—decoder ar-
chitecture with skip connections. Unlike conventional seg-
mentation networks that output voxel-wise class probabili-
ties, our 3D U-Net is trained to regress an SDF grid, thereby
embedding richer geometric and spatial guidance into the
representation. Specifically, the network takes as input a
downsampled version of the 3D volume V' € RP" *H xW’
and predicts an SDF grid ' € RP*H*W' at Jow res-
olution, which is then upsampled to the original resolu-
tion. The input volume V' € RP>*H*W and the upsampled
S € RPXHXW are sliced along the same axis. The image
slice I, is passed through the SAM2 image encoder to ob-
tain a feature representation ¢(I;). The corresponding SDF
slice, together with ¢(1;), is fed into the memory encoder to
generate the memory representation of the slice, M, which
is stored in the memory bank. When segmenting the target
slice I}, we retrieve the K neighboring entries and condition
the current features via memory attention:

o1:) = Attn( (1), {My}ren: ).
Ny ={t—K,...,t—1,t+1,...,t+K}.

3)

To prevent the coarse SDF prediction from directly interfer-



ing with the segmentation of the current slice, we exclude
the memory corresponding to I; itself and utilize only the
SDF memories of neighboring slices.

3.4. Dual-Track Semi-Supervised Training

Large-scale 3D EM volumes exhibit substantial appear-
ance variability across specimens and acquisition sessions,
making fully supervised training prohibitively expensive.
Our semi-supervised recipe is designed around two com-
plementary ideas: (1) quickly obtaining high-quality ini-
tial supervision with minimal annotation budget by ex-
ploiting the few-shot capability of SAM2; and (2) enforc-
ing a geometry—semantics agreement across the volume via
an alternating dual-track consistency between SDF predic-
tion and mask prediction. Conceptually, this design is in-
spired by Dual-task Consistency (DTC) [19], which lever-
ages consistency between two tasks for semi-supervised
learning. Unlike DTC, which explicitly instantiates two par-
allel branches, our two tracks are intrinsic to Spatial-SAM:
a 3D U-Net that regresses an SDF and SAM?2 that decodes
masks. They are executed sequentially and coupled through
the SDF memory and pseudo-label conversions, enabling it-
erative training while still benefiting from cross-track con-
sistency. The overall initialization and subsequent alternat-
ing refinement process are illustrated in Fig. 3.

Few-shot bootstrapping with SAM2. Departing from con-
ventional pseudo-label pipelines that train a model from
scratch (or from a pre-trained model on another dataset) to
produce labels, we directly harness the few-shot ability of
SAM?2 to propagate the annotated slices which serve as con-
ditional frames to nearby slices via the memory bank. This
produces high-quality initial pseudo-labels Y with very few
annotated slices {Y;}7_,, substantially easing optimization
and making convergence easier.

Alternating dual-track consistency. To fully capitalize on
unlabeled data, we impose consistency between geometry
and semantics by alternating optimization of two tracks:
a 3D U-Net that learns a volumetric SDF and SAM?2 that
predicts 2D masks conditioned on SDF memory. The two
tracks exchange supervision signals through conversions
between masks and SDF and are trained in a loop:

(1) SDF training. Convert pseudo-labels Y into a 3D
SDF S and supervise the 3D U-Net to regress S. This step
distills semantic cues from masks into a smooth, direction-
agnostic geometric field.

(2) Mask training. Slice the predicted S to form SDF
memory and derive refined pseudo-labels Y’ for slices lack-
ing ground truth. Train SAM2 module with Y’ together
with the few annotated slices {Y;}7 ;.

(3) Iterative refinement. Re-infer SAM2 over the training
subset (or the full dataset) to obtain improved pseudo-labels
Y (t+1) and repeat. Each cycle strengthens the U-Net mod-
ule for SDF and the SAM2 module for masks in tandem.

In this way, the U-Net module continuously learns more
accurate 3D geometry, while the SAM2 module improves
global segmentation performance driven by high-quality
pseudo-labels. The two complement each other. It is worth
noting that SAM?2 uses a memory mechanism to fuse the
3D geometric representation of U-Net with its own high-
resolution feature representation. Therefore, during train-
ing, we sample annotated slices and their neighbors with
probability p and any slice with probability 1 — p, ensur-
ing full utilization of Ground Truth and preventing the ac-
cumulation and propagation of pseudo-label errors. Fur-
thermore, when segmenting a slice, SAM?2 only utilizes the
SDF memory of its K preceding and succeeding slices as
described in Sec. 3, excluding the current one, to avoid over-
reliance on the SDF information generated by U-Net. The
loss functions for the two modules are designed as follows:
Loss functions. The 3D U-Net regresses a 3D SDF with
the following objective:

Luet = Lase (S, S) + Agikonal, “4)

where Lysg denotes the mean squared error (MSE), used to
supervise the numerical consistency of the predicted SDF
and the true SDF, while Lgijxona constrains the prediction
field to satisfy | V.S(x)|| = 1, ensuring the geometric ratio-
nality of the SDF. Specifically, the latter is defined as:

a2 (Ivsen-1)".

X€Qdom

EEikonal =

For SAM?2, we retain its original multi-scale mask pre-
diction and geometry-aware features but replace the inter-
active prompt with SDF memory. The loss Lsanmp is com-
puted per slice using the prediction Y, and a hybrid target
Y/ : Y =Y, if slice ¢ is annotated, otherwise Y;* = Y
(refined pseudo-label). The objective is:

Lsamz(Vi, Vi) = aLpice + BL1ou + YLRocats  (6)

where Lp;c. denotes the Dice Similarity Coefficient (Dice)
loss and Lj,y denotes the Intersection-over-Union (IoU)
loss, both encouraging overlap between the predicted
and true masks, and in practice Lgo, addresses fore-
ground/background class imbalance by reducing the weight
of easily classified samples.

Through this design, the 3D U-Net focuses on learning
a stable volumetric geometry, while SAM2 learns precise
masks conditioned on that geometry. The two tracks rein-
force each other and culminate in high-quality, fully auto-
matic 3D EM segmentation.

4. Experiments

4.1. Implementation Details

Unless noted, 3D volumes are resized to near-isotropic reso-
lution and cropped to 10243. For Spatial-SAM, the memory



Table 1. Comparison of semantic segmentation performance on different datasets (Dice and mloU, %). “Labels” denotes the pro-
portion of labeled slices used. Fully-supervised methods (using Full labels) are listed at the top as the performance upper bound. The best

results among semi-supervised methods are highlighted in bold.

Method Labels OOMLM OOMLN MitoEM-R MitoEM-H
Dice mloU Dice mloU Dice mloU Dice mloU
3D U-Net [5] Full 94.14 88.93 9291 86.80 9295 87.09 91.60 84.59
Swin UNETR [10] Full 96.74 93.68 98.22 96.51 9151 84.39 81.10 69.92
Cellpose-SAM [24] Full 96.44 93.13 9842 9690 8891 80.29 85.25 74.61
USAM [1] Full 9593 92.18 93.17 8748 9277 86.55 89.09 80.36
SAM4EM [30] Full 96.75 9370 96.61 9346 95.12 90.71 91.10 83.67
CCT U-Net [23] 1/64 91.56 84.80 87.15 77.53 84.52 73.19 6620 52.74
GCT U-Net [14] 1/64 95.08 90.63 93.65 83.09 8866 79.67 73.50 58.24
CPS U-Net [4] 1/64 9574 91.84 69.03 5591 9338 87.60 88.77 79.83
Spatial-SAM (Ours) 1/64 96.51 93.25 98.14 96.34 9445 89.51 90.10 82.02

3D U-Net Swin UNETR

Cellpose-SAM

MitoEM-R OOMLN OOMLM

MitoEM-H

SAM4EM CCT U-Net GCT U-Net CPS U-Net Spatial-SAM

Figure 4. Visualization of segmentation results of the OpenOrganelle and MitoEM datasets. cyan indicates true positives (TP), magenta

indicates false negatives (FN), and

neighborhood size K = 6, and the 3D U-Net operates on
1/2 resolution inputs. For each dataset, we uniformly se-
lected 1/64 2D slices. We used the ground truth annotations
of these slices to simulate the results of interactive segmen-
tation using SAM2 along with manual correction, and then
used them as conditional frames to generate pseudo-labels
for the subsequent semi-supervised training process. Fur-
ther environmental and hyperparameter details are provided
in the supplementary material.

4.2. Datasets and Evaluation Metrics

We conducted extensive experiments on several authorita-
tive 3D EM datasets, covering the segmentation tasks of
typical organelles such as mitochondria and nuclei.

OpenOrganelle Dataset. The OpenOrganelle mouse liver
dataset [11, 34] provides 3D EM of hepatocytes at an

indicates false positives (FP).

isotropic voxel size of 8 nm with annotations for mito-
chondria and nuclei. We work on 10242 resolution sub-
volumes and report results on held-out subvolumes; crop
counts and train/validation splits are provided in the supple-
mentary material. For brevity in tables and figures, we refer
to OpenOrganelle mouse liver mitochondria and OpenOr-
ganelle mouse liver nuclei as OOMLM and OOMLN.

MitoEM Dataset. The MitoEM dataset [32] comprises rat
(MitoEM-R) and human (MitoEM-H) EM image stacks,
each with 1000 annotated sections (voxel size 30 X 8 x 8 nm,;
slice resolution 4096 x 4096). We train on the official train-
ing set and evaluate on the validation set. Further dataset
specifics are summarized in the supplementary material.

Evaluation Metrics. We adopt the Dice and the mean In-
tersection over Union (mlIoU) as evaluation metrics for se-
mantic segmentation. All instance segmentation results by
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Figure 5. Visualization of segmentation results of the MitoEM-R datasets on x-z plane.
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Figure 6. 3D visualization comparison of different methods on mitochondria with varying sizes and morphologies.

some baselines are converted to binary masks and evaluated
using the same metrics.

Table 2. Comparison of semi-supervised methods on the MitoEM-
R dataset under different partition protocols.

Method 1/64 1/16 1/4
Dice mloU Dice mloU Dice mloU

CCT U-Net [23] 8452  73.19 8379  73.12 87.84 7847
GCT U-Net [14]  88.66  79.67 91.35 84.10 91.29  84.00
CPS U-Net [4] 9338  87.60  93.95 88.62  94.19  89.04
Spatial-SAM 9445 8951 9491 9033 9535 9112

Table 3. Ablation study of memory mechanism on MitoEM-R.

Memory Type Direction Exclude Self Dice mloU
SAM2 Unidirectional - 92.62 86.31
SDF Unidirectional - 93.62 88.03
SDF Bidirectional No 94.11 88.90
SDF Bidirectional Yes 94.45 89.51

4.3. Comparison with Other Methods

We compare Spatial-SAM with three families of baselines:
semi-supervised methods [4, 14, 23] (U-Net backbone, re-
trained on the same annotated slices), fully supervised 3D
networks [5, 10], and SAM-based approaches [1, 24, 30].
Table 1 reports Dice / mloU on OOMLM, OOMLN,
MitoEM-R, and MitoEM-H.

Under the same 1/64 labeled-slice budget, Spatial-
SAM consistently outperforms all semi-supervised base-
lines across all four datasets. Compared with the strongest
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Figure 7. Validation performance across training iterations.

semi-supervised baseline (CPS U-Net), Spatial-SAM im-
proves the four-dataset average by +8.07% Dice and
+11.49% mloU. Such performance stems from the high-
quality SAM2-initialized pseudo-labels and the subsequent
dual-track alternating refinement.

Compared with the strongest fully supervised base-
line (SAM4EM), Spatial-SAM stays at nearly the same
four-dataset average level (difference: -0.09% Dice and
-0.10% mloU) while using only 1/64 labels. On large-
volume nuclei (OOMLN), 3D U-Net is clearly weaker
(92.91% / 86.80%), whereas Spatial-SAM reaches 98.14%
/ 96.34%; this reflects the advantage of combining SAM2
long-range context with SDF memory for preserving global
object structure under sparse supervision. For complex



mitochondria, several methods show evident degradation
from MitoEM-R to MitoEM-H, while Spatial-SAM main-
tains competitive performance with 1/64 labels (90.10%
/ 82.02%), with smaller performance loss than all semi-
supervised baselines.

We further analyze different partition protocols on
MitoEM-R (Table 2). Spatial-SAM with only 1/64 labels
already surpasses all competing semi-supervised baselines
trained with 1/4 labels. As the partition protocol increases
from 1/64 to 1/16 and 1/4, Spatial-SAM continues to im-
prove (+0.90% Dice / +1.61% mloU from 1/64 to 1/4).
Taken together, these results show that Spatial-SAM can de-
liver strong performance even with very sparse slice anno-
tations, and can further benefit from additional labels.

4.4. Visual analysis

Fig. 4 presents qualitative comparisons on OpenOrganelle
and MitoEM. Spatial-SAM yields smoother boundaries and
reduced noise relative to other semi-supervised methods,
with clear benefits in dense, structurally complex regions.
Compared with fully supervised baselines, the masks are
comparable in fidelity and often cleaner.

Fig. 5 shows the x—z plane on MitoEM-R to assess
volumetric coherence. Slice-wise methods frequently dis-
play thickness “flicker” and jagged inter-slice transitions;
Spatial-SAM maintains consistent cross-slice thickness and
suppresses zig-zag artifacts. This behavior is obtained with-
out pre- or post-processing such as z-filtering [3], relying
solely on spatially aware propagation. Robustness is es-
pecially evident despite acquisition-induced discontinuities
or local intensity variations between slices. These obser-
vations align with the quantitative gains and illustrate how
bidirectional SDF memory suppresses error accumulation
and enforces geometry-aware coherence across the volume.

As further illustrated in Fig. 6, 2D semi-supervised and
fully supervised models suffer from slice-wise inconsis-
tency, producing discontinuous and fragmented mitochon-
drial volumes. Pure 3D networks (e.g., 3D U-Net) en-
hance continuity but can be less adaptable to diverse mor-
phologies. Spatial-SAM integrates the strengths of both
paradigms, preserving local 2D precision while maintaining
global 3D coherence, and thereby delivering faithful volu-
metric reconstructions.

4.5. Ablation study

To investigate the effect of the SDF memory mechanism
and memory selection, we conduct ablation studies on the
MitoEM-R dataset. We first compare three variants of
memory encoding: baseline original memory, unidirec-
tional SDF memory, and bidirectional SDF memory (Ta-
ble 3). Introducing SDF-based encoding improves perfor-
mance, as our approach achieves 93.62% Dice and 88.03%
mloU versus 92.62% / 86.31% for the original represen-

tation, demonstrating that continuous signed distance en-
coding enhances spatial consistency in updates. The bidi-
rectional SDF memory further achieves 94.45% Dice and
89.51% mloU, surpassing the unidirectional variant by
0.83% / 1.48% and the original representation by 1.83% /
3.20% in Dice/mloU.

Furthermore, we investigate the choice of neighborhood
N;. As shown by the variant without self-exclusion (the
third row in Table 3), including the SDF memory of the
current slice Iy ({t — K,...,t,...,t + K}) actually leads
to a performance drop (94.11% Dice). This confirms that
excluding the target slice’s own coarse SDF prediction pre-
vents self-coupling and error amplification, validating our
neighbor-only strategy.

Fig. 7 shows the validation performance across five train-
ing iterations. We observe that the model converges quickly
within three iterations, with diminishing returns thereafter.
Both the mask training and SDF training steadily improve
the performance, showing the effectiveness of the dual-task
semi-supervised learning framework. Due to the high qual-
ity of the initial pseudo-labels generated by SAM?2, the
model rapidly refines its predictions in the early stages. And
in later iterations, the result of mask training and SDF train-
ing tend to be closer to each other, indicating that the SDF
outputs might have more influence on SAM module during
mask training and seems to become a bit overfitted.

4.6. Discussion

Spatial-SAM delivers accurate segmentation and improved
spatial consistency without relying on dedicated pre-
processing; nevertheless, in extreme cases where acqui-
sition introduces significantly damaged slices or severe
exposure inconsistency, the resulting disruption of image
slice continuity can still test the limits of inter-slice sta-
bility. Moreover, the dual-track semi-supervised proce-
dure—alternating SDF regression and mask learning while
regenerating large pseudo-label sets each cycle—incurs
higher training time. These limitations arise alongside the
gains in label efficiency and spatial consistency, and point to
efficiency-oriented refinements as promising future work.

5. Conclusion

Spatial-SAM integrates a SDF representation with a dual-
track semi-supervised training strategy built on SAM2,
achieving state-of-the-art performance in semantic segmen-
tation of 3D EM volumes. Experiments show that the 3D
SDF memory enforces spatial consistency across slices,
improving segmentation completeness and accuracy. The
combination of few-shot annotation and semi-supervised
training yields strong results under extremely sparse super-
vision. Its robustness as well as scalability are validated on
multiple public datasets, making the approach well suited
for high-resolution, large-scale biological imaging.
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Spatial-SAM: Spatially Consistent 3D Electron Microscopy Segmentation with
SDF Memory and Semi-Supervised Learning

Supplementary Material

1. More Implementation Details

Hyperparameters and Environment. We implement
Spatial-SAM in PyTorch and run training/inference on a
single NVIDIA RTX 3090 GPU. For model optimization,
we set the sampling probability of slices with annotations
to p = 0.8, and the Eikonal loss weight to A = 0.5.
Data Augmentation. We also apply a series of data aug-
mentation techniques to improve model robustness. In par-
ticular, random brightness adjustment is used to simulate
the uneven illumination commonly observed across differ-
ent regions or slices of EM images, while random flipping,
random rotation, and elastic deformation are adopted to en-
hance the generalization ability of the model to diverse mor-
phological variations.
Toolset Implementation. We provide a full-process toolset
based on the Napari plugin, covering:
* Interactive Segmentation: Supports fast annotation of
2D or 3D slices using points and box prompts;
* Model Training: Trains Spatial-SAM model based on a
small number of annotated slices to adapt to new datasets;
¢ Fully Automatic Segmentation: Calls Spatial-SAM to
perform semantic/instance segmentation on 3D volumes;
* Annotation Correction and Retraining: Supports inter-
active correction of automatic results and iterative model
optimization;
* Hardware Adaptation: Allows users to set resolution
and memory usage based on device conditions.
Input Resolution. All 3D volumes are processed as subvol-
umes of size 1024 x 1024 x 1024: high-resolution datasets
are partitioned into tiles of this size, while volumes with
smaller spatial extents are resampled (and, when necessary,
upsampled) to 1024 x 1024 x 1024 in our method.
Few-shot Annotations and Pseudo-Labels. Within each
dataset, we uniformly sample 1/64 of the 2D slices that con-
tain foreground objects as few-shot annotations. Ground-
truth masks on these slices are used to simulate SAM2-
assisted interactive segmentation with light manual correc-
tion. The corrected masks are then used as conditional
frames to generate pseudo-labels for the remaining slices
in the subsequent semi-supervised training.
Baseline Protocols. To ensure fairness, we follow of-
ficial implementations and training hyperparameters for
all baselines. For semi-supervised methods[2, 6, 8], we
adopt U-Net as the backbone consistent with their proto-
cols and train using the same few-shot annotated slices as
in our method. For baseline 3D methods and SAM-based
approaches[1, 3, 4, 9], anisotropic volumes are resampled

to approximate isotropy. Other 2D methods are processed
slice-by-slice[2, 6, 8]. For all baselines, we adopt the input
resolutions recommended by their official implementations.

2. Dataset Details and Splits

OpenOrganelle (Mouse Liver). The OpenOrganelle
mouse liver dataset [5, 13] provides complete 3D elec-
tron microscopy imaging of hepatocytes, acquired using
enhanced focused ion beam scanning electron microscopy
(FIB-SEM) with an isotropic voxel resolution of 8 nm. The
dataset includes annotations of cellular structures such as
mitochondria and nuclei. We constructed the mitochondrial
and nucleus segmentation datasets by cropping 14 and 9
subvolumes with a voxel size of 1024 x 1024 x 1024. For
the mitochondrial dataset we used the first 9 subvolumes for
training and the remaining 5 for validation; for the nucleus
dataset we used the first 4 for training and the remaining 5
for validation.

MitoEM. The MitoEM dataset [12] contains two sets of
volumetric images, one from rat (MitoEM-R) and one from
human (MitoEM-H) tissue. Each volume covers 30 x 30 x
30 um? at a voxel resolution of 30 x 8 x 8 nm, comprising
1000 consecutive electron microscopy sections with precise
mitochondrial instance annotations. The original training,
validation, and test sets follow a 4:1:5 split. The spatial
resolution of each slice is 4096 x 4096. Ground-truth anno-
tations are publicly available for the training and validation
sets. In our experiments, we use the official training set for
training and the validation set for evaluation.

3. Supplementary Results

Fig. S1 and S2 provide supplementary visualizations that
complement Fig. 5 and Fig. 6 from the main paper, respec-
tively.

Additional Evaluation Metrics. Table S1 reports voxel-
wise precision and recall, complementing the Dice/mloU
results in the main paper. Across all datasets, Spatial-SAM
achieves consistently high precision while maintaining
strong recall. For instance, on MitoEM-R it reaches 96.40%
precision and 92.62% recall, improving recall by +2.68
points over uSAM and by +8.61 points over Cellpose-
SAM, indicating fewer missed mitochondria without in-
flating false positives. Unlike some semi-supervised ap-
proaches that can exhibit a pronounced precision—recall im-
balance on particular benchmarks (e.g., CPS U-Net attains
99.58% precision but only 56.08% recall on OOMLN),
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Figure S1. Supplementary visualization of segmentation results on x-z plane.
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Figure S2. Supplementary 3D visualization comparison of different methods on mitochondria.
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Figure S3. Pseudo-label evolution on MitoEM-R across training
iterations. As training proceeds, false positives and false negatives
are progressively reduced, indicating improved pseudo-label qual-

ity.

Spatial-SAM preserves a more consistent balance between
precision and recall across all evaluated datasets, demon-
strating its robustness with limited supervision.

Table S2 evaluates boundary quality using the average
symmetric surface distance and the 95th-percentile Haus-
dorff distance (HD95), two standard surface-based met-
rics for biomedical image segmentation [11]. The average
surface distance measures the mean bidirectional distance
(in nm) between predicted and reference boundaries, while
HD95 summarizes the worst-case deviations (in nm) after
discarding the most extreme 5% of surface outliers, which



Table S1. Comparison of precision and recall on different datasets (%). The best and second-best results for each metric are high-

lighted.
Method OOMLM OOMLN MitoEM-R MitoEM-H
Precision Recall Precision Recall Precision Recall Precision Recall
3D U-Net [3] 86.07 96.86 87.48 99.11 92.37 93.80 90.47 92.92
Swin UNETR [4] 96.79 96.69 97.97 98.48 93.90 89.31 76.94 88.89
Cellpose-SAM [9] 96.79 96.10 98.81 98.05 95.93 84.01 90.35 81.33
uUSAM [1] 96.23 95.63 98.63 88.58 95.83 89.94 93.66 85.08
SAM4EM [10] 96.30 97.20 98.79 94.54 95.08 95.17 91.68 90.67
CCT U-Net [8] 88.77 95.04 93.84 81.97 72.61 89.05 63.78 78.69
GCT U-Net [6] 96.83 93.40 92.37 95.03 95.15 83.05 93.66 60.99
CPS U-Net [2] 95.62 95.88 99.58 56.08 94.57 92.25 91.41 86.38
Spatial-SAM 97.32 95.71 99.03 97.26 96.40 92.62 93.74 86.82

Table S2. Comparison of average surface distance and 95th-percentile Hausdorff distance on different datasets (nm). The best and

second-best results for each metric are highlighted (lower is better).

Method OOMLM OOMLN MitoEM-R MitoEM-H
AvgDist HD95 AvgDist HD95 AvgDist HD95 AvgDist HD95

3D U-Net [3] 43794  2651.61 96133  8886.12 127.66  1086.18 88.84 955.18
Swin UNETR [4] 13.49 25.26 145.70  1506.97 49.60 578.44 186.15  1392.11
Cellpose-SAM [9] 23.71 77.79 36.44 65.51 100.93 661.20 109.17 729.53
uSAM [1] 23.29 132.21 214.69  2771.11 19.03 131.28 33.50 381.12
SAM4EM [10] 33.79 455.76 107.72 370.61 31.84 307.64 36.18 430.87
CCT U-Net [8] 197.29 160193  659.70  5384.88  263.27 177759 345.64 1671.54
GCT U-Net [6] 23.65 94.84 83526  6640.49 32.06 167.30 66.21 532.50
CPS U-Net [2] 58.52 727.80  469.99  3552.18 31.20 321.06 46.18 521.85
Spatial-SAM 14.37 31.97 57.98 124.35 14.55 47.97 29.12 259.46

Table S3. Comparison of surface Dice at 16nm on different
datasets (%). The best and second-best results for each metric
are highlighted.

Method OOMLM OOMLN MitoEM-R  MitoEM-H
3D U-Net [3] 80.14 56.76 85.08 87.31
Swin UNETR [4] 94.55 54.78 82.08 71.40
Cellpose-SAM [9] 92.89 54.88 74.92 72.76
HSAM [1] 88.77 38.65 85.43 81.40
SAM4EM [10] 92.23 36.02 91.05 84.86
CCT U-Net [8] 69.00 16.13 51.81 44.44
GCT U-Net [6] 83.87 21.02 72.75 57.90
CPS U-Net [2] 86.78 9.74 85.30 78.85
Spatial-SAM 92.03 56.79 90.42 85.75

is more robust than the classical maximum Hausdorff dis-
tance. Lower values indicate more accurate and less erratic
boundaries. Across all evaluated datasets, Spatial-SAM
ranks among the top two methods for both average sur-
face distance and HD95. Notably, it achieves the best sur-

face distances on MitoEM-R and MitoEM-H, and remains
highly competitive on OpenOrganelle subsets (second-best
on OOMLM and OOMLN). For example, on MitoEM-R it
reduces the average surface distance from 19.03 nm (best
baseline, uSAM) to 14.55 nm and HD95 from 131.28 nm to
47.97 nm, corresponding to substantially tighter and more
stable mitochondrial surfaces. On OOMLN, Spatial-SAM
delivers a competitive average distance and a large reduc-
tion in HD9S5 relative to semi-supervised and 3D baselines,
while approaching the strongest 2D SAM-based model.

We further report the surface Dice similarity coeffi-
cient [7] at a 16nm tolerance in Table S3. In cases
where some methods produce substantial long-range seg-
mentation errors and/or much noise on certain datasets,
average surface distance and HD95 may not fully cap-
ture boundary quality; therefore we additionally include
the surface Dice to reflect practical boundary agreement.
Spatial-SAM attains surface Dice values that are uni-
formly within 2.6 percentage points of the highest score



on every dataset (differences: 2.52 on OOMLM, 0.00 on
OOMLN, 0.63 on MitoEM-R, 1.56 on MitoEM-H), evi-
dencing consistently strong boundary alignment across do-
mains. Simultaneously, it delivers large gains over all semi-
supervised baselines: +23.03/+8.16/+5.25 (OOMLM),
+40.66/+35.77/+47.05 (OOMLN), +38.61/+17.67/+5.12
(MitoEM-R), and +41.31/+27.85/+6.90 (MitoEM-H) per-
centage points versus CCT/GCT/CPS respectively. These
results show that Spatial-SAM provides boundary perfor-
mance effectively on par with state-of-the-art fully super-
vised baselines while markedly surpassing semi-supervised
approaches under limited annotation.

Table S4. Comparison of inference efficiency and resource con-
sumption across different methods (Time: seconds; GPU RAM:
graphics processing unit memory, GB; RAM: system memory,
GB).

Method 2D Patch 3DPatch Time GPURAM RAM
3D U-Net - 1283 73 2.73 11.02
3D U-Net* - 1443 109 5.30 15.47
1SAM 5122 - 608 4.19 18.59
Cellpose-SAM 2562 - 4783 4.15 12.60
U-Net 5122 - 99 133 2.90
Swin UNETR - 96° 1842 13.35 47.85
SAM4EM 5122 - 182 1.41 4.46
Spatial-SAM 10242 1443 106 9.41 13.68

Raw
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Frame 0
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Figure S4. Visual comparison of error accumulation caused by se-
quential memory (SAM4EM) vs. geometry-aware SDF guidance
(Spatial-SAM).

Performance Analysis. We evaluate the inference perfor-
mance of different segmentation models on a volumetric
electron microscopy dataset of size 1024 x 1024 x 1024. All
experiments are conducted on an NVIDIA RTX 3090 GPU.
It is noted that different patch sizes, overlap and batch sizes
could have a significant impact on the runtime and resource
consumption, and our reported results serve as a representa-
tive example. For uSAM and Cellpose-SAM are tested us-

ing their default input resolutions as patch sizes (5122 and
2562, respectively). Our proposed method integrates both
2D and 3D pathways with patch sizes of 10242 and 1443.
Cellpose-SAM uses a batch size of 32, U-Net uses a batch
size of 8, while other methods use a batch size of 1. The
GPU RAM and RAM usages are measured as the peak con-
sumption during the full inference of the volume.

In terms of efficiency, the 3D U-Net without overlap
achieves the shortest runtime of 73.71 seconds due to the
absence of redundant computation, whereas enabling over-
lap increases the runtime to 109.48 seconds and raises mem-
ory consumption accordingly. ©SAM and Cellpose-SAM,
both operating slice by slice in 2D, require substantially
longer inference times of 608 seconds and 4783 seconds.
Our method completes inference in 106 seconds, achieving
a balance between 3D volumetric processing and 2D con-
textual efficiency. Compared with the SAM-based meth-
ods, our approach provides a significant speed advantage
when scaled to volumetric data, demonstrating improved
computational efficiency for large-scale 3D inference. Re-
garding training overhead, Spatial-SAM requires approxi-
mately 14.79 hours on MitoEM-R using a single NVIDIA
RTX 3090.

4. Additional Discussion

Sequential Memory vs. SDF Guidance. While SAM2’s
stateful memory is intrinsically prone to error accumu-
lation, SAM4EM exacerbates this issue by employing a
momentum-updated feature memory. This momentum
mechanism mathematically induces a delayed response,
which results in slower memory updates compared to
SAM?2 and causes spatial misalignments during morpholog-
ical changes. As shown in Fig. S4, when SAM4EM mis-
classifies an isolated slice-level artifact as a mitochondrion
at Frame 0, the slow momentum update severely amplifies
the error accumulation. This causes the false positive to
linger and leave residual segmentations at Frame 10, long
after the artifact has disappeared.

Spatial-SAM circumvents this issue by utilizing a
geometry-driven signed distance field (SDF) memory. Be-
cause transient 2D artifacts rarely form coherent 3D struc-
tures across slices, the spatially continuous 3D SDF intrinsi-
cally acts as a structural filter. Consequently, Spatial-SAM
not only suppresses the initial artifact misclassification at
Frame 0 but also completely avoids the delayed reactions
and error propagation seen in sequential memory mecha-
nisms, demonstrating the robustness of explicit 3D spatial
guidance.

Transferability and Adaptation Cost. Although the
SAM?2 module provides strong promptable priors, transfer-
ring to a new EM domain still typically requires fine-tuning
or retraining due to the limited out-of-domain generaliza-
tion of the U-Net SDF branch. To reduce adaptation over-



head, parameter-efficient fine-tuning (PEFT), such as LoRA
and partial encoder freezing, represents a promising future
direction. We expect such strategies to potentially maintain
competitive segmentation quality while lowering both com-
pute and memory requirements during model adaptation.
Applicability to More Complex Structures. The pro-
posed pipeline is generally applicable to binary segmenta-
tion tasks beyond mitochondria. The SDF memory enforces
geometry-aware cross-slice consistency, while the SAM2
module captures appearance variations. For objects with
more complex topology or larger inter-slice deformation,
we expect the same mechanism to remain beneficial, po-
tentially with a larger memory neighborhood K and/or a
moderately increased slice-level annotation ratio.
Multi-class Extension. For multi-class segmentation, a
straightforward extension is to model class-wise SDFs in
a multi-channel representation. A more compact alterna-
tive is to keep a shared foreground-background SDF mem-
ory for geometric guidance and add a semantic class head
in the SAM?2 branch for class discrimination. This design
decouples geometric consistency from semantic categoriza-
tion and can retain the efficiency advantages of the current
framework.
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