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Abstract

Foundation models such as the Segment Anything Model (SAM) have recently been ex-
plored for medical image segmentation, but their performance on fetal ultrasound, char-
acterised by speckle noise, low contrast, and weak anatomical boundaries, remains in-
sufficiently studied. We introduce VISCERA-SAM, a boundary-aware adaptation of the
ultrasound-specific SAM-style foundation model UltraSAM for multi-organ fetal abdomi-
nal segmentation (abdominal aorta artery, intrahepatic umbilical vein, stomach, and liver
area). Using UltraSAM architecture, fine-tuned to segment four clinically relevant fe-
tal structures from single-point prompts. The approach enhances the baseline with (i)
boundary-focused losses (Hausdorff or boundary loss) in addition to Dice-focal training,
(ii) largest-connected-component filtering to suppress spurious regions, and (iii) geometry-
preserving augmentations to improve robustness to venous shape variability. On our fetal
abdominal dataset, the UltraSAM baseline achieves a mean Dice of 0.884 and mean Haus-
dorff distance of 12.1. VISCERA-SAM improves these results to a mean Dice of 0.910 while
reducing mean Hausdorfl distance by approximately 30% to 8.44. These findings indicate
that ultrasound-native SAM-style pretraining, combined with lightweight boundary-aware
adaptation, can provide accurate and contour-faithful fetal abdominal segmentations suit-
able for downstream biometric analysis.

Keywords: Fetal ultrasound, Abdominal organ segmentation, Foundation models, Seg-
ment Anything Model, Boundary-aware learning

1. Introduction

Fetal ultrasound (US) is central to prenatal care, enabling routine assessment of fetal growth
and anatomy. A key biomarker is the Abdominal Circumference (AC), the most sensitive
parameter for detecting fetal growth restriction and macrosomia (Salomon et al., 2019;
Hadlock et al., 1985). Accurate AC measurement requires precise delineation of abdominal
structures on a standardized transverse plane defined by the stomach, intrahepatic umbilical
vein, and portal sinus (Salomon et al., 2019).

Manual AC measurement is operator dependent and highly sensitive to boundary qual-
ity, with errors amplified by speckle noise, attenuation, and variably defined contours. Au-
tomated segmentation methods must therefore maintain high boundary fidelity, since small
contour deviations can lead to clinically significant differences in circumference.

Ultrasound segmentation remains challenging due to modality-specific artifacts, speckle
noise, acoustic shadowing, attenuation, and boundary dropout, which reduce edge contrast
and degrade performance relative to CT or MRI (Noble and Boukerroui, 2006). CNN-
based approaches improve accuracy but typically require large task-specific datasets and
lack generalization to unseen structures.

Foundation Models have introduced prompt-based segmentation at scale. The Segment
Anything Model (SAM) (Kirillov et al., 2023) demonstrates impressive generalization on
natural images, yet performs poorly on ultrasound because its training distribution differs
fundamentally from sonographic textures. UltraSAM (Meyer et al., 2025) narrows this gap
by pretraining on large ultrasound datasets, but still relies primarily on region-based losses
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such as Dice, which do not sufficiently constrain boundary geometry. High-Dice predictions
still contain jagged or irregular contours, limiting clinical utility (Kervadec et al., 2019).

We introduce VISCERA-SAM, a boundary-aware adaptation of UltraSAM designed
for multi-organ fetal abdominal ultrasound segmentation. The method strengthens contour
fidelity and improves robustness in noisy sonographic environments by integrating explicit
boundary-oriented supervision and targeted artifact suppression. In particular, VISCERA-
SAM incorporates both Boundary Loss and a differentiable Hausdorff Distance Loss to
constrain contour geometry more precisely, addressing the weak and irregular edges charac-
teristic of ultrasound. In addition, a Largest Connected Component (LCC) post-processing
step is employed to eliminate speckle-induced false positives and isolated noise regions,
ensuring cleaner and anatomically coherent predictions.

2. Methodology

2.1. Study Population

We used the publicly available UFSC Fetal Abdominal Structures Segmentation Dataset
(Da et al., 2023), comprising nearly 1500 abdominal ultrasound images from 169 pregnant
women collected between September 2021 and September 2023 at the University Hospital
Polydoro Ernani de Sao Thiago, Florianépolis, Brazil.

Eligible participants were term pregnant women (age > 18) undergoing labor, induction,
or scheduled delivery, including cases with rupture of membranes, gestational diabetes, pre-
eclampsia, or intrauterine growth restriction. Exclusion criteria included preterm gestations,
multiple pregnancies, and known fetal structural or chromosomal anomalies. Gestational
age was confirmed from the earliest ultrasound exam.

2.2. Data Preprocessing and Annotation Format

The UFSC fetal abdominal segmentation dataset (Da et al., 2023) provides DICOM ultra-
sound images together with NumPy (.npy) masks exported from 3D Slicer, where each file
stores a dictionary containing pixel-wise annotations for the aorta, intrahepatic umbilical
vein, stomach, and liver. All DICOMs were first converted to grayscale PNGs, rescaled to
8-bit intensity, and normalized to zero mean and unit variance. The structure-specific masks
were then decoded and merged into a consistent multi-class label map. To satisfy SAM-
style input requirements, both images and masks were padded and resized to a standardized
resolution of 1024x1024 while preserving aspect ratio.

Following preprocessing, all masks were converted into COCO-style JSON annotations,
with each organ represented by polygonal contours and assigned a unique category identifier.
A subject-level 70/15/15 split was applied to form the training, validation, and testing sets,
ensuring that images from the same patient did not appear across different partitions.
Finally, quality-control checks were performed to remove corrupted samples, incomplete
entries, and extremely small or noisy segmentations, using a largest-connected-component
filter to maintain anatomical consistency.
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Figure 1: Overview of the VISCERA-SAM framework: Enhanced with boundary-aware
optimization, Geometry-preserving augmentation, and LCC post-processing.

2.3. Model Architecture

UltraSAM (Meyer et al., 2025) is an ultrasound-specialized adaptation of the Segment Any-
thing Model (SAM). To ensure robust generalization across sonographic textures, UltraSAM
is pre-trained on the US-43d dataset, a large-scale collection of 282,321 image—mask pairs
aggregated from 43 open-access datasets and covering 58 anatomical structures. This di-
versity helps the encoder learn domain-invariant ultrasound features prior to task-specific
fine-tuning.

Given an input ultrasound image I € RH0*Wox3 and a set of interactive prompts P, the
model predicts a set of segmentation masks M for anatomical instances of interest:

M = fy(I, P), (1)

where fy denotes the UltraSAM network parameterized by 6. Throughout, we use Hy =
Wy = 1024.

UltraSAM follows the SAM-style architecture and consists of four components: (i) an
image encoder based on a ViT-B backbone (Dosovitskiy, 2020), (ii) a prompt encoder that
maps point and box prompts into sparse and dense token embeddings, (iii) a lightweight
two-way transformer decoder, and (iv) a mask prediction head with cascaded refinement.

2.3.1. OVERALL FRAMEWORK

Let I denote the preprocessed ultrasound image and P the set of prompts (Sec. 2.3.3).
The image encoder Fi,s produces a dense feature map, and the prompt encoder Eprompt
produces sparse and dense prompt embeddings:

Fimg _ Eimg(I) c RBXCXHXW’ (2)
Fsparsea Fdensea T = Eprompt(P)7 (3)
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where B is the batch size, C' = 256 the encoder channel dimension, (H,W) = (64,64)
the feature resolution, Fiparse sparse prompt embeddings, Fgense dense mask-related em-
beddings, and T € RNwk*C g set of learnable output tokens (Niox = 5; three multi-mask
tokens, one single-mask token, and one IoU token).

The transformer decoder Dy, ans performs two-way attention between image and prompt
features and produces updated tokens and image features:

T, Fimg = Dirans(Fimg: Fsparses Faense, T)- (4)

Finally, the mask prediction head H,,,qc generates mask logits and IoU scores:
M,8 = Huask (T, Fimg), (5)
M = { M} Nipask = 4, (6)

where Mj denotes the j-th predicted mask logit map and § € R¥mask the corresponding IoU
scores.

The cascaded refinement module re-injects predicted masks as additional prompts (Sec. 2.3.6)
to iteratively improve segmentation quality.

Training Strategy. We adopt full fine-tuning of all UltraSAM parameters rather than
using adapter-based approaches (e.g., SAM-Med), due to the significant domain gap be-
tween natural images and fetal ultrasound (speckle noise, low contrast, and distinct texture
statistics). We optimize a combination of region-based and boundary-aware losses (Sec. 2.4),
including Dice and BCE for segmentation and a regression loss for IoU scores.

2.3.2. IMAGE ENCODER

Preprocessing. Ultrasound images are normalized following the SAM convention. Let
Loy € RHoXW0X3 he the original BGR image. We first convert to RGB and apply channel-
wise affine normalization:

Ligh(z,y, c) = BGR2RGB (raw (2, y, ¢)), (7)
Ir ZT,Y,C) — He¢
I(z,y,c) = sbl - ) fe, (8)

where (u.) = [123.675,116.28,103.53] and (o.) = [58.395,57.12,57.375]. Images are then
padded so that Hy = Wy = 1024.

Patch embedding and transformer encoding. We use a ViT-B backbone with patch
size p = 16. The input is partitioned into N = (Hy/p)(Wy/p) = 4096 non-overlapping
patches:

(PN, = Patchify(I), P, € RV, (9)
each linearly projected into a dyiy = 768-dimensional embedding. After adding 2D positional
embeddings, the sequence is processed by L = 12 window-based transformer blocks with
multi-head self-attention and FFNs, following SAM’s encoder design.

The final token sequence is reshaped into a 2D feature map and projected to C' = 256

channels:
Fing = Reshape(zL)Wp e RB><256><64><64’ (10)

where Zj € RV*dit ig the final transformer output and W, € Rebvit X256
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2.3.3. PrRoMPT ENCODER

The prompt encoder Eprompt maps interactive point and box prompts into sparse embed-
dings, dense mask embeddings, and learnable output tokens.

Point and box prompts. A point prompt is defined by its spatial coordinate (z,y) and
a label t € {pos,neg, box,other}. We encode (x,y) with a learned positional embedding
€pos(2,y) and the label with ejapel(t), then project to the SAM embedding dimension C' =
256:

€p = Wp [epos(xv y)Helabel(t)} S RC~ (11)

Box prompts are represented by two corner points encoded in the same manner. During
training, point and box prompts are sampled with equal probability to encourage robustness.

Per image, the sparse prompt embeddings Fiparse and dense prompt-aware embeddings
Fense are constructed at the feature resolution (H, W) = (64,64), together with Nyox = 5
learnable output tokens 7.

2.3.4. TRANSFORMER DECODER

The transformer decoder Dy ans is a lightweight two-layer stack of two-way attention blocks
operating in the SAM feature space (C' = 256). We flatten Fi;,g into a sequence X™& €
REXHWXC (VY = 64 x 64) and broadcast the sparse prompt tokens and T to form Xsparse,

Each two-way block alternates: (i) attention from sparse tokens to image tokens, and
(ii) attention from image tokens back to sparse tokens, each followed by FFNs and residual
connections. After two blocks, we obtain updated output tokens and image features, denoted
T and Fimg.

2.3.5. Mask PrEDICTION HEAD

The mask prediction head (SAMHead) converts decoder outputs into high-resolution masks
using an upsampling path and hypernetwork-based dynamic convolution.

Upsampling path. The updated image features Fimg € RBNinstxCx64x64
by two transposed convolutions to obtain Uy € RBNinstx32x256x256
feature map.

are upsampled
, which serves as the mask

Dynamic filters and IoU prediction. For each output token ¢; € RC (j=1,..., Nmask),
a small MLP produces a 32-dimensional vector w; that acts as a dynamic 1 x 1 convolution
on Us:

32
c=1

A separate MLP predicts an IoU score 3; for each mask. During training, IoU predictions
are supervised with mean squared error between 5; and the true IoU with the ground-truth
mask M.
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Segmentation loss. The final selected mask M is supervised using a combination of
binary cross-entropy (BCE) and soft Dice loss:

Loce = g 3 [Maa(w) log o (V@) + (1 = Mye(x) og(1 — 00T, (13)
e

1 2 acao(N@) My (r) + ¢ "

S eeq 0 (M(2)) + Y cq Mgt (z) + €

where o is the sigmoid function, €} the pixel set, and € a small constant. The overall
segmentation loss is

Lseg = ABCELBCE + ADiceLDices (15)

and the total loss combines segmentation and IoU regression:
Etotal = Eseg + )\IOU‘CIOU' (16)

2.3.6. CASCADED MASK REFINEMENT

UltraSAM implements a single-step cascaded refinement mechanism that iteratively updates
prompts using the previously predicted mask.
Given mask logits M®) at iteration ¢, we obtain a soft mask

MY = (M), (17)
encode it with a small CNN into a dense mask feature map Fg;sk € R256x64x64 glioned with
Fing, and derive a bounding box

b® = BBox(M®), (18)

which replaces the original point prompts for that instance. At refinement iteration ¢ + 1,
the model is run again with updated prompts and mask features:

MY g0+ = gy p piAD PO (19)

» © mask

and we use T' = 1 refinement iteration during both training and inference:
Nl — ). (20)

2.4. Enhancements via Post-Processing and Boundary-Aware Loss
Optimization

To improve the structural consistency and robustness of UltraSAM predictions on ultra-
sound data, we introduce two complementary modifications: (i) a post-processing step based
on the Largest Connected Component (LCC) criterion, and (ii) an enhanced loss function
that integrates boundary-sensitive objectives, including Boundary Loss and a Hausdorff
Distance-based loss. These modifications target typical ultrasound failure modes such as
speckle-induced artifacts, fragmented boundaries, and outlier regions that disproportion-
ately affect distance-based metrics (Karimi and Salcudean, 2019).
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2.4.1. LARGEST CONNECTED COMPONENT (LCC) POST-PROCESSING

Ultrasound predictions often contain small isolated artifacts caused by speckle noise or
local activation spikes (Wang, 2020; Noble and Boukerroui, 2006). These artifacts may not
significantly affect region-based metrics but can produce large deviations in contour-based
metrics such as the Hausdorff distance (Huttenlocher et al., 2002). To suppress these outlier
regions, we apply an LCC filter to each predicted mask.

Let C(M) denote the set of connected components of a predicted mask M:

C(M)={Cy,Cs,...,Cx}.
We retain only the dominant component:

Micc =arg max |Gy
CieC(M)
This simple post-processing step removes distant noisy fragments while preserving the
primary anatomical structure and empirically reduces Hausdorff error by eliminating iso-
lated false positives that dominate worst-case boundary deviations.

2.4.2. BOUNDARY-AWARE L0SS OPTIMIZATION

The baseline training regime uses region-based loss terms such as Dice Loss and Binary
Cross-Entropy (BCE). While sufficient for coarse mask accuracy, these losses provide limited
supervision for boundary alignment, which is a critical factor in ultrasound images where
object contours are often faint, irregular, or partially missing.

To address this limitation, we incorporate two additional loss terms: the Boundary Loss
and a differentiable approximation of the Hausdorff Distance Loss.

Boundary Loss. Boundary Loss aligns the predicted and ground-truth level sets by pe-
nalizing discrepancies between their signed distance functions (SDFs). Let ¢g; and ¢pred
denote the SDFs of the ground-truth and predicted masks, respectively. The loss is com-
puted as:

Cboundary = A ’¢gt(x) - ¢pred<$)’ dx.

This formulation directly supervises contour placement, providing stronger gradients
along the object’s perimeter than region-based losses.

Hausdorff Distance Loss. The Hausdorff distance quantifies the maximum boundary
deviation:

dH(Fpredvrgt) = max{ sup inf ||.%‘ - y”v sSup GIFf H‘T - y”} :

xerred y&elgt yEth r pred
We adopt a differentiable surrogate inspired by the generalized mean:

1/p 1/p

1
> d(x Ty | + Ay Twea)’ | ., p=2
’Fg‘c|y€F
gt

IEFper

1
L=

|Fpred |
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Table 1: Quantitative comparison before and after applying the proposed enhancements.
| (a) Baseline UltraSAM | (b) Enhanced UltraSAM

Organ ‘ Bbox  SegmAP Dice mloU HD ‘ Bbox  SegmAP Dice mloU HD
Artery 0.614 0.500 0.8614 0.7586 6.21 0.663 0.554 0.8766 0.7821 5.48

Liver 0.891 0.729 0.9214 0.8555 21.41 0.908 0.839 0.9492 0.9039 12.92
Stomach | 0.811 0.645 0.9002 0.8230 9.98 0.798 0.691 0.9175 0.8515 7.47
Vein 0.794 0.484 0.8535 0.7483 10.82 0.792 0.594 0.8876 0.8001 7.90

Mean ‘ 0.778 0.589 0.8841 0.7963 12.11 ‘ 0.790 0.670 0.9100 0.8300 8.44

Final Loss. The full training objective is:
Liotal = ADiceLDice + ABCELBCE + ABLLboundary + Az LH.

This hybrid loss encourages: (i) region-level overlap, (ii) accurate contour geometry, and
(iii) robustness to extreme outlier deviations.

2.4.3. GEOMETRIC DATA AUGMENTATION

Fetal veins, especially the intrahepatic umbilical vein, show substantial shape variability
due to fetal positioning and compression, which standard affine transforms cannot fully
model. To improve robustness to such non-rigid deformations, we incorporate targeted
geometric augmentations, including elastic deformation to simulate tissue compression and
grid distortion to introduce twisting or stretching effects. These operations encourage the
model to handle irregular venous boundaries and prevent overfitting to the idealized, circular
vessel shapes seen in canonical cross-sections.

3. Quantitative Results

Tables 1 report performance before and after applying the proposed enhancements. The
updated model demonstrates consistent improvements across all organs, particularly in
SegmAP, Dice, and Hausdorff metrics.

The enhanced configuration reduces the average Hausdorff error by 30-40%, improves
SegmAP by 13.7%, and increases Dice by 2.5-3% on average, demonstrating the effectiveness
of boundary-aware optimization and post-processing refinements.

4. Discussion
4.1. Why Ultrasound Benefits From Boundary-Aware Supervision

Ultrasound segmentation is uniquely challenged by speckle noise, acoustic shadowing, low
contrast, and partially missing boundaries (Shan et al., 2012; Noble and Boukerroui, 2006;
Wang, 2020). Unlike CT or MRI, where edges are well defined, ultrasound often provides
weak gradients for region-based objectives such as Dice or BCE (Taha and Hanbury, 2015;
Wang et al., 2018). Boundary-aware losses directly supervise contour geometry (Kervadec
et al., 2019), leading to sharper delineation and more stable optimization. Complemen-
tarily, Largest Connected Component (LCC) filtering removes isolated false positives that
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(a) Baseline model prediction. (b) Improved model prediction.

Figure 2: Qualitative analysis of baseline UltraSAM (a) and our VISCERA-SAM (b).

disproportionately inflate distance-based metrics like Hausdorff. Together, these compo-
nents yield smoother, more anatomically coherent predictions that better support clinical
interpretation.

4.2. Qualitative and Clinical Relevance

As illustrated in Fig. 2, VISCERA-SAM produces more continuous vessel walls and cleaner
liver and stomach boundaries, especially in regions affected by attenuation or shadowing.
These improvements are clinically meaningful: accurate depiction of venous morphology
supports assessment of vascular development, while stable liver and stomach contours con-
tribute to more reproducible abdominal circumference and volumetric measurements. Be-
cause small contour errors can propagate into significant deviations in biometric indices,
the enhanced boundary fidelity of VISCERA-SAM strengthens its suitability for routine
obstetric imaging.

5. Conclusion

We introduced VISCERA-SAM, a boundary-aware adaptation of UltraSAM tailored for
the geometric challenges of fetal abdominal ultrasound. Although foundation models offer
strong generalization, their performance in sonography remains limited by speckle noise,
weak anatomical boundaries, and catastrophic forgetting (Chen et al., 2020; Shan et al.,
2012). VISCERA-SAM addresses these issues through transfer learning combined with
Boundary Loss, Hausdorff Loss, and Largest Connected Component refinement.

Experiments show that VISCERA-SAM markedly improves segmentation quality, achiev-
ing a mean Dice of 0.910 and reducing mean Hausdorff distance by nearly 30% (from 12.11
to 8.44). These gains in boundary fidelity are essential for accurate fetal abdominal circum-
ference measurement, directly supporting screening for growth restriction and macrosomia.
By producing anatomically coherent segmentations of the aorta, umbilical vein, stomach,
and liver, VISCERA-SAM advances the reliability of automated prenatal biometry.

10
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Data Availability

The fetal abdominal segmentation dataset used in this study is publicly available on Mende-
ley Data under a CC BY 4.0 license: https://doi.org/10.17632/4gcpm9dsc3.1. No
additional restrictions apply. All experiments were performed exclusively on this dataset.

Code Availability

The code used for model training and evaluation will be released upon publication at:
https://github.com/john-minhle/VISCERA-SAM
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Appendix A. Appendix: Expanded Discussion
A.1. Organ-Specific Effects of Boundary-Aware Supervision

Artery. Arterial walls are thin and low-contrast, causing the baseline to produce frag-
mented false positives that inflate Hausdorff distance. Boundary and Hausdorff losses en-
forced smoother vessel walls, while LCC filtering removed isolated noise, improving Dice
and reducing Hausdorff error by 12%.

Liver. Dice increased from 0.9214 to 0.9492 and mloU from 0.8555 to 0.9039. Boundary-
aware supervision corrected posterior contour irregularities caused by attenuation, produc-
ing smoother liver capsules relevant for volume estimation and lesion monitoring.

Stomach. The baseline often misclassified gas or fluid as boundaries. Hausdorff Loss
reduced extreme contour deviations, improving Dice from 0.9002 to 0.9175 and lowering
Hausdorff distance by over 25%.

Vein. Dice improved from 0.8535 to 0.8876 and Hausdorff from 10.82 to 7.90. The en-
hanced model better captured venous morphology and continuity while suppressing speckle-
induced false positives.

Overall Impact. Boundary-aware training consistently improved SegmAP and reduced
mean Hausdorff distance from 12.11 to 8.44, yielding more anatomically faithful boundaries
that benefit downstream measurement and surgical planning.

A.2. Additional Qualitative Analysis

Figures 2(a) and 2(b) highlight the gap between UltraSAM and VISCERA-SAM. The base-
line exhibits fragmented vessel predictions, collapsed venous structures, and unstable liver
and stomach boundaries. VISCERA-SAM produces smoother, more coherent contours,
maintaining venous caliber and producing stable liver and stomach outlines even under
shadowing. These refinements improve robustness in low-contrast, speckled regions and
support more reliable biometric estimation.

A.3. Limitations and Future Work

This study is restricted to a single-center dataset of term pregnancies, which may limit
generalizability to earlier gestational ages or broader populations. Although images orig-
inated from several ultrasound machines, the dataset does not capture the full variability
of global imaging equipment or operator technique. Additionally, our evaluation is limited
to 2D standard AC-plane images; extending the framework to 3D ultrasound or real-time
cine imaging remains a promising direction. Multi-center prospective validation is needed
to establish clinical robustness.
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