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Abstract

Background and Objective: Accurate classification of standard fetal ultrasound planes
is a critical step in prenatal diagnostics, enabling reliable biometric measurements and
anomaly detection. Conventional deep learning approaches, particularly convolutional
neural networks (CNNs) and transformers, often face challenges such as domain variability,
noise artifacts, class imbalance, and poor calibration, which limit their clinical utility. This
study proposes a hybrid state—space and vision transformer framework designed to ad-
dress these limitations by integrating sequential dynamics and global contextual reasoning.
Methods: The proposed framework comprises five stages: (i) preprocessing for ultrasound
harmonization using intensity normalization, anisotropic diffusion filtering, and affine
alignment; (ii) hybrid feature encoding with a state-space model (55M) for sequential de-
pendency modeling and a vision transformer (ViT) for global self-attention; (iii) multi-task
learning (MTL) with anatomical regularization leveraging classification, segmentation, and
biometric regression objectives; (iv) gated decision fusion for balancing local sequential
and global contextual features; and (v) calibration strategies using temperature scaling
and entropy regularization to ensure reliable confidence estimation. The framework was
comprehensively evaluated on three publicly available datasets: FETAL_PLANES_DB,
HC18, and a large-scale fetal head dataset. Results: The hybrid framework consistently
outperformed baseline CNN, SSM-only, and ViT-only models across all tasks. On FE-
TAL_PLANES_DB, it achieved an accuracy of 95.8%, a macro-F1 of 94.9%, and an ECE
of 1.5%. On the Fetal Head dataset, the model achieved 94.1% accuracy and a macro-F1
score of 92.8%, along with superior calibration metrics. For HC18, it achieved a Dice score
of 95.7%, an IoU of 91.7%, and a mean absolute error of 2.30 mm for head circumference
estimation. Cross-dataset evaluations confirmed the model’s robustness and generaliza-
tion capability. Ablation studies further demonstrated the critical role of SSM, ViT, fusion
gating, and anatomical regularization in achieving optimal performance. Conclusions: By
combining state—space dynamics and transformer-based global reasoning, the proposed
framework delivers accurate, calibrated, and clinically meaningful predictions for fetal
ultrasound plane classification and biometric estimation. The results highlight its potential
for deployment in real-time prenatal screening and diagnostic systems.

Keywords: fetal ultrasound; prenatal diagnostics; state-space models; vision transformers;
multi-task learning
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1. Introduction

Fetal ultrasound is one of the most widely used imaging modalities for prenatal
diagnostics due to its non-invasive, safe, and cost-effective nature. Accurate identification
of standard fetal ultrasound planes is crucial for obtaining reliable biometric measurements,
detecting anomalies, and making informed clinical decisions. Standard views, such as the
head, abdomen, femur, thorax, and spine, provide critical information about fetal growth
and development. However, the classification of these planes remains challenging due
to significant intra- and inter-subject variability, speckle noise, operator dependency, and
differences in acquisition protocols across hospitals and ultrasound devices [1,2].

Traditional machine learning and convolutional neural network (CNN)-based models
have achieved considerable success in fetal ultrasound analysis. CNNs are well-suited for
extracting local texture and structural patterns, and models such as SonoNet demonstrated
the potential of deep architectures for real-time detection of standard planes [1]. Never-
theless, CNN-based methods often suffer from limited receptive fields, making them less
effective at capturing long-range dependencies and contextual anatomical relationships.
Furthermore, their performance is sensitive to class imbalance and domain shifts, which
are common in clinical practice [34].

Recent advances in vision transformers (ViTs) have demonstrated that self-attention
mechanisms can capture global contextual information across entire images, resulting
in remarkable performance in medical image classification and segmentation tasks [5,6].
In the domain of fetal ultrasound, transformers have been explored for standard plane
detection and head circumference estimation, highlighting their ability to model distant
anatomical dependencies [5]. However, transformers typically require large datasets for
stable training and may suffer from poor calibration and overfitting when applied to
smaller, noisy medical datasets.

Complementary to transformers, state-space models (S5SMs) have recently emerged as
powerful sequence modeling tools, offering linear computational complexity and stable
modeling of long-range dependencies. Unlike recurrent neural networks, SSMs can effi-
ciently capture temporal or sequential relationships without suffering from the vanishing
gradient problem. When applied to medical imaging, SSMs have the potential to model
repetitive textures, sequential dependencies across image patches, and global structural
continuity, making them a suitable candidate for fetal ultrasound analysis [7,8].

Despite these advances, existing approaches face several limitations that restrict their
clinical adoption. First, most methods focus solely on classification accuracy, while ig-
noring clinically relevant factors such as calibration and interpretability. Second, noisy
ultrasound characteristics such as speckle and shadowing remain difficult to address, partic-
ularly when training data is limited. Third, robust generalization across datasets acquired
under different clinical conditions is rarely validated, which is essential for real-world
deployment [9,10]. Therefore, there is a strong need for frameworks that integrate local,
sequential, and global modeling capabilities, while ensuring interpretability, robustness,
and calibration.

To address these gaps, this work proposes a hybrid state-space and vision transformer
framework for fetal ultrasound plane classification and biometric estimation. The archi-
tecture integrates the sequential modeling capability of SSMs with the global contextual
reasoning of ViTs, enabling a synergistic combination of local anatomical fidelity and global
structural coherence. The framework incorporates a preprocessing pipeline for ultrasound
harmonization, multi-task learning (MTL) with anatomical regularization, and gated fusion
for balancing feature contributions. Furthermore, confidence calibration is explicitly opti-
mized using temperature scaling and entropy regularization to provide reliable predictions
for clinical decision-making.
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The key contributions of this study can be summarized as follows:

*  We introduce a hybrid state—space and vision transformer (SSM-ViT) architecture
that unifies sequential and spatial feature modeling for robust fetal ultrasound
plane classification.

e We propose a gated and residual fusion mechanism that adaptively balances local
continuity captured by the SSM and global semantics extracted by the ViT, supported
by detailed ablation and sensitivity analyses.

e We integrate a temperature-scaled confidence calibration module to improve predic-
tive reliability, achieving consistent performance across three independent datasets
without retraining.

*  We provide a comprehensive empirical evaluation on Fetal Planes_DB, Fetal Head
(Large), and HC18, demonstrating superior accuracy, calibration, and cross-domain
generalization compared to state-of-the-art baselines.

The remainder of this paper is organized as follows. Section 2 reviews related work
on fetal ultrasound plane classification and recent advances in deep learning architectures.
Section 3 presents the proposed hybrid state-space and vision transformer framework, includ-
ing preprocessing, hybrid encoding, multi-task anatomical regularization, and fusion with
calibration. Section 4 reports the experimental setup and results, including ablation studies
and comparisons with state-of-the-art (SOTA) methods. Section 5 presents a discussion of the
findings and Section 6 concludes the study by outlining future research directions.

2. Related Work

Automated analysis of fetal ultrasound images has been an active research area due to
the critical role of accurate plane classification in prenatal diagnostics. Early approaches
were based on handcrafted features combined with classical classifiers, but their perfor-
mance was limited by sensitivity to noise, operator dependency, and acquisition variabil-
ity [11,12]. With the advent of deep learning, convolutional neural networks (CNNs) have
become the dominant paradigm, enabling the end-to-end learning of discriminative repre-
sentations. One of the most influential studies was SonoNet, which demonstrated real-time
detection of standard scan planes using a CNN backbone [1]. Extensions such as Att-CNN
and ACNet have introduced attention mechanisms to highlight discriminative regions,
thereby improving classification performance in complex fetal imaging scenarios [2,3].
Despite these advances, CNNs are inherently constrained by their local receptive fields,
limiting their ability to capture global spatial dependencies [4].

To overcome these limitations, transformer-based architectures have been increasingly
explored. ViTs leverage self-attention to model long-range dependencies across the entire
image, achieving SOTA results in several medical imaging tasks [13,14]. In fetal ultrasound,
transformer models such as DiffusionViT and ViTUS have shown promise for plane classi-
fication and biometric estimation, demonstrating the ability to capture holistic anatomical
structures [5,15,16]. However, ViTs often require large-scale training datasets and are prone
to overfitting when applied to smaller, noisy medical datasets [6,17].

In parallel, SSMs have emerged as efficient tools for sequence modeling, capable of
handling long dependencies with linear complexity. Frameworks such as HiPPO and S4
introduced stable parameterizations for long-sequence modeling, offering advantages in
capturing structural continuity [7,8]. Recent work has explored the integration of SSMs
into vision backbones, showing improved scalability and expressiveness compared to
pure CNN or transformer approaches [18,19]. Their potential for medical imaging, particu-
larly in ultrasound, where sequential textures and anatomical consistency are essential, is
increasingly recognized.
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Another important line of research involves MTL and anatomical regularization.
Studies have combined plane classification with auxiliary tasks such as segmentation or
biometric regression to improve generalization and enforce anatomical plausibility [9,10,20].
Such joint optimization acts as an inductive bias, guiding networks toward clinically
relevant feature representations. In addition, extensive data augmentation strategies have
been employed to mitigate the limited size of medical datasets and improve robustness
against acquisition variability [9,21].

Calibration and reliability of predictions remain critical for clinical adoption. Deep
networks often generate overconfident outputs, which can mislead clinicians in sensitive
diagnostic workflows [22]. To address this, calibration techniques such as temperature
scaling and entropy regularization have been proposed, significantly improving the trust-
worthiness of automated systems in medical applications [23,24].

CNN s established strong baselines for fetal ultrasound analysis but are limited in
capturing global dependencies. ViTs address global reasoning but face challenges with data
requirements and stability, while SSMs offer efficient long-range modeling with promising
scalability. MTL, anatomical regularization, and calibration further enhance robustness and
clinical alignment. These complementary trends highlight the need for hybrid architectures
that integrate sequential and global reasoning, ensuring robustness and reliability—gaps
that this study aims to address.

3. Hybrid Framework for Fetal Ultrasound Plane Classification

The proposed framework introduces a hybrid architecture that combines SSMs with
ViTs to achieve accurate and generalizable classification of fetal ultrasound standard planes.
The overall pipeline is structured into five stages: image preprocessing for noise reduction
and harmonization, hybrid feature encoding through sequential and global context model-
ing, MTL guided by anatomical regularization, decision fusion with confidence calibration,
and interpretability for clinical validation.

3.1. Image Preprocessing for Ultrasound Harmonization

Fetal ultrasound images are inherently noisy and heterogeneous in appearance due
to differences in acquisition devices, scanning protocols, maternal body habitus, and fetal
orientation. Before feeding the data into the hybrid encoder, a robust preprocessing pipeline
is required to normalize intensity ranges, suppress speckle noise, align anatomical regions,
and generate augmented views for improved generalization. These operations were consis-
tently applied to all images from the three selected datasets: FETAL_PLANES_DB, HC1S8,
and the large-scale fetal head dataset. The first step addresses intensity normalization to
mitigate domain-specific biases arising from machine settings such as probe gain and depth
adjustments. Each image I € RF*W is standardized using z-score normalization:

I(x,y) — p(I)

(D te (x,y) € [1,H] x [1,W], 1)

In(x,y) =
where u(I) and o(I) denote the global mean and standard deviation, and e is a stabilizer.
After this transformation, the processed images satisfy

E[l,] =0, Var(Il,) =1, 2)

which harmonizes brightness distributions across datasets and improves training conver-
gence by ensuring balanced feature scales. The second step addresses speckle noise, a
characteristic multiplicative artifact in ultrasound imaging caused by echo interference. It
can be modeled as
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I(x,y) = L(x,y) -n(x,y), 3)

where I, represents the clean anatomical signal and n(x, y) follows a Rayleigh or Gamma
distribution. To suppress noise while retaining structural boundaries, anisotropic diffusion
filtering is applied:

li(xy) = LIi(x,y) + AV - (e(x,y, ) VI(x,y)), (4)

with conduction coefficient

c(x,y,t) = exp< 2

This formulation reduces smoothing near edges by modulating diffusion strength
based on gradient magnitude. To harmonize the intensity distributions across different
subjects and datasets, an intensity normalization step was applied to each fetal ultrasound
scan, as visualized in Figure 1. The process minimizes the energy functional.

E() = [ 491Gy drdy, ©

where ¢(s) = K?(1 — exp(—s?/K?)) acts as an edge-preserving penalty, producing en-
hanced anatomical contrast essential for distinguishing standard planes. The third step
ensures geometric consistency through affine alignment, which standardizes resolution
and orientation across samples. For each output pixel (x,y) in the aligned image I, its
source coordinate (x',1) is determined by

/

X X
v =Aly|, (7)
1 1

where A € R3%3 ig defined as

sxcost —sysinf fy
A= |sysinf sycosf tyf, (8)
0 0 1

with (sy, sy) as scaling factors, 6 as rotation, and (ty, t,) as translations. To further refine the
image quality, anisotropic diffusion filtering was employed to reduce speckle noise while
preserving key structural boundaries, as demonstrated in Figure 2. The aligned image is
then sampled by bilinear interpolation:

Li(x,y) = L,(x,y"), (x',y') = bilinear(A[x,y,1]T). 9)

This guarantees that all images are rescaled to a uniform 224 x 224 resolution, allowing
consistent patch tokenization in the hybrid encoder. The final step enhances robustness
through data augmentation, which simulates the variability present in real-world clinical
acquisitions. Each aligned image I, is transformed by T, sampled from a distribution 7 of
augmentations including random rotations, horizontal flips, and local contrast enhance-
ment via CLAHE:

Iyg =T(I), T~T. (10)
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Raw Ultrasound-Like Image

After z-Score Normalization

1(x,y)
u(l)=0.21, o(l) =0.26

Intensity Histogram (Raw)

_Ix y) = p(h)
T o) +e

Intensity Histogram (Normalized)

=0
10,000 | 10,000 b1
8000 |- 8000+
S 6000} S 6000}
(o] (o]
(©)] (©)]
4000 4000}
2000 2000}
0 1 1 1 0 1 1 1 1 1
0 1 2 3 0.0 2.5 5.0 7.5 10.0 125
Intensity Iy
_ I, y) =), _ _
In(x,y)= S ¥e Ell,1=0, Var(l,)=1

Figure 1. Intensity normalization applied to fetal ultrasound scans to ensure consistent pixel dis-
tributions across datasets. This step mitigates inter-subject intensity variability while preserving
anatomical structures.

(b) Gradient Magnitude

V1| =/ (3x1) + (3,1)?

(a) Noisy Ultrasound (Multiplicative Speckle)
1(x,y) =lc(x,y) - n(x, y)

(c) After Anisotropic Diffusion (Edge-Preserving)
les1=le+AV - (CVIy)

Energy minimized: E(/) = fﬂ¢(|w|) dxdy, ¢(s)=K2(1—e57)

Figure 2. Anisotropic diffusion filtering applied to enhance structural continuity while removing
speckle noise from fetal ultrasound images. This step ensures edge preservation for downstream
segmentation and attention modules.

As shown in Figure 3, diverse augmentation techniques were employed to simulate
variability and improve generalization under limited training data. This stochastic process
effectively minimizes expected risk across augmented distributions:

Er7[¢(f(T(I1)),y)] =~ RobustRisk(f, I,), (11)

where / is the task loss and f the hybrid encoder. To mitigate inter-subject variation, affine
alignment was applied to enforce a canonical view across ultrasound samples, as visualized
in Figure 4. By averaging risk over transformed views, the model generalizes better to
unseen acquisition settings, maternal conditions, and fetal positions, thereby improving
reliability in clinical practice.
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(a) Aligned Input (b) Rotation +15° (c) Rotation —20°

1'(x, y) = la(R—20- [X, y1)

Trot: I'(X, ) = la(R1s- [, y1")

(d) Horizontal Flip (e) CLAHE (Local Contrast) (f) Combo (Flip + Rot + CLAHE)
Teiane : I'= CLAHE(/;)

Thiip: "0, y) = 1(W =X, y)

1" = CLAHE(flip(rot(/5)))

Augmentation operator: loug =T(l3), T~T
Expected risk under augmentations: Fr_ L(AT(/5)),y) ]

Figure 3. Sample augmentations applied during training, including geometric transformations
(rotation, flipping, scaling), intensity jittering, and occlusion simulation. These operations increase
robustness to intra-class variability and artifacts inherent in fetal ultrasound.

(a) Original Aligned Image (b) Geometrically Distorted (Affine) (c) Resampled & Aligned to 224x224

la(x, y) =In(X, y"), (X', y')
= bilinear(Alx, y, 11)

X,y 11" =Alx,y, 11

Parameters: theta=18 deg, s_x=0.85, s_y=1.10, t x=18.0, t_ y=-12.0
A = [[0.81,—-0.34, 18.0], [0.26, 1.05,—12.0], [0, 0, 1]]

Figure 4. Affine transformation applied to standardize fetal ultrasound views across subjects. This
normalization step reduces variability in orientation and scale, facilitating consistent patch embedding
and downstream feature extraction.

3.2. Patch Embedding and Tokenization for Sequential Representation

Once the ultrasound images are preprocessed and spatially aligned, they are decom-
posed into smaller, non-overlapping patches to bridge the gap between convolutional
feature extraction and sequence modeling. This operation converts the two-dimensional
image into a series of discrete tokens that the proposed hybrid state-space and transformer
encoder can process. In practice, the aligned image I, € R"*"W with resolution 224 x 224
is divided into N = % X % patches, each of size p x p. Mathematically, the ith patch is
expressed as

Pi=1ILlxi:xi+p yi:yi+pl, i€{l,...,N}, (12)

where (x;,y;) represents the top-left coordinate of the patch. Each patch encodes local
anatomical details such as fetal skull boundaries, thoracic cavities, or abdominal contours
within its receptive field. After partitioning, each patch must be mapped into a continuous
feature space suitable for sequence modeling. To achieve this, we apply a linear projection
to each flattened patch vector, producing a d-dimensional representation. This operation
ensures that every patch, regardless of its raw dimensionality, contributes a consistent
embedding to the sequence. Formally, the embedding for patch i is obtained as

zi = Wy -vec(P;) + by, z € RY, (13)



Diagnostics 2025, 15, 2879

8 of 32

where W), € R?*(P*) is a learnable weight matrix and b, € R is a bias vector. This
transformation preserves local structures while reducing input dimensionality and aligning
all tokens into a common feature space. The collection of all projected patches forms a
structured token sequence, which serves as the direct input to the subsequent hybrid
encoder. Specifically, the embeddings are arranged as

Z=lz1,20,...,25], ZeRN*4, (14)

This formulation treats the image as a one-dimensional sequence of tokens in the same
way that words are modeled in natural language processing. In the context of ultrasound,
each token acts as a localized “visual word”, representing unique textures or anatomical
cues that collectively define the standard plane class. Since transformers are inherently
permutation-invariant, it is essential to embed positional information that encodes the
spatial order of the patches. Without this step, the network would be unable to differentiate
whether a patch corresponds to the fetal brain, abdomen, or femur region in the image. To
remedy this, a positional encoding p; is added to each token z;, yielding

e = z; + pj. (15)

In our framework, positional encodings are treated as learnable vectors rather than
fixed sinusoidal functions. This can be expressed as

pi = Wpos - 9(i), (16)

where ¢ (i) encodes the two-dimensional patch coordinates (x;,y;) and Wy,s projects them
into R?. In this way, the spatial configuration of patches is preserved within the token
sequence. To enable image-level classification, a special learnable class token z.;; € RY is
prepended to the sequence. After processing by the hybrid encoder, this token aggregates
global contextual information from all other tokens. The augmented sequence is thus
defined as

7' = [zgs,e1,€2,...,en], Z' € RN+1)xd, (17)

The final representation of z; acts as a compact descriptor summarizing the entire
ultrasound image, which is later used for fetal plane classification. To improve training
stability and prevent numerical instability, all token embeddings are normalized prior
to being passed into the state-space and transformer encoder. This is achieved through
layer normalization:

& = IN(ey) = )y 1 p, (18)

o%(e;) +e€

where i(e;) and o (e;) represent the mean and variance across dimensions, while ¢ and
B are learnable scaling parameters. This ensures that all tokens are consistently scaled,
which accelerates convergence and enhances representation learning. Collectively, the patch
embedding and tokenization stage transforms raw ultrasound images into a structured
sequence of tokens, capturing both local anatomy and spatial relationships, thereby laying
the foundation for effective hybrid state-space and transformer modeling.

Traditional models combining either LSTMs or CNNs with ViTs are models that
combine local feature extraction or temporal recurrence with global transformer modeling.
Nevertheless, these operators place some restrictions on ultrasound data. For instance,
CNN kernels extract fixed size spatial neighborhoods, but they do not model long range
dependencies. Similarly, recurrent LSTM cells suffer from the problem of gradient decay,
and regardless, the model’s receptive field is limited when modeling continuous anatomical
motion. The SSM defines a continuous-time linear dynamical system in which the state
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evolves: h; = Ah;_1 + Bx;, yielding an implicit convolution kernel k = exp(A)B that
can be efficiently computed with 1D convolution. This formulation allows for modeling
long-range dependencies with linear complexity and stable gradients, as it allows smooth
transitions across neighboring anatomy frames. In this manner, the SSM branch facilitates
ViT based representations by providing local continuity and dynamic context with respect
to motion, while the ViT sense long-range spatial relationships globally.

3.3. State~Space Model Encoder for Sequential Dependency Modeling

The patch token sequence produced in the previous stage is sequential in nature,
where each token corresponds to a localized anatomical region of the ultrasound image.
To effectively model dependencies across these tokens, we employ a SSM encoder, which
captures both short-range correlations (e.g., repetitive speckle-like textures) and long-
range dependencies (e.g., structural continuity across anatomical boundaries). As depicted
in Figure 5, the state-space encoder transforms ultrasound feature maps via recurrent
dynamics using parameterized transitions and observations. The use of SSMs is motivated
by their ability to process sequences with linear complexity while maintaining stability and
scalability, making them well-suited for large tokenized images. The general state-space
formulation can be expressed as

ht—l—l = Ah; + Bey, (19)
yt = Chy + Dey, (20)

where h; € R% represents the hidden state at time step t, e; € R is the token embedding
input, and A, B, C, D are trainable matrices governing state transition, input projection,
output projection, and skip connections, respectively. One way to interpret these equations
is that the hidden state /; acts as a memory that accumulates contextual information
from all preceding patches. This enables the model to represent global structures such as
the fetal cranium or abdomen, even though each patch only provides local context. For
efficient computation, the state-space recurrence can be unrolled into a convolutional form.
Specifically, the output sequence can be expressed as a one-dimensional convolution over
past inputs:

L
ye = ) Klkle;_, (21)
k=0

where K[k]| denotes the impulse response kernel derived from the learned SSM parameters.
This kernelized form allows parallel processing of all tokens, significantly reducing training
time compared to explicit recurrence. To guarantee stability in the recurrent formulation,
the eigenvalues of the transition matrix A must lie within the unit circle. This stability
constraint can be expressed as

p(A) = max |A;(A)] <1, (22)

where p(A) is the spectral radius of A and A;(A) are its eigenvalues. In practice,
parametrization techniques such as diagonal plus low-rank decomposition are used to
enforce stability while maintaining expressiveness. This ensures that the hidden state does
not diverge over long token sequences. The frequency-domain characterization of the SSMs
provides further insight into its ability to capture long-range dependencies. Taking the
z-transform of the recurrence yields the transfer function:

H(z) =C(zI — A)"'B+D, (23)
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which relates input embeddings to output representations. By designing A, B, C, D appro-
priately, the SSM encoder can emphasize particular frequency bands, enabling selective
amplification of structural information relevant to ultrasound images, such as periodic
boundary textures in fetal head regions. For implementation efficiency, the convolutional
kernel K[k] is truncated to a maximum length L, ensuring linear complexity in sequence
length. The truncated kernel can be computed recursively as

Rlk+1] = AR[K] + B&, K[0] = D, (24)

where J is the Kronecker delta. This recurrence allows fast kernel generation, which is
then applied via convolution to the input token sequence. The kernel length L determines
the effective receptive field of the SSM branch, governing how far past tokens influence
the current representation. While longer kernels allow modeling of extended spatial or
sequential dependencies, excessively large L values increase computational cost and may
introduce over-smoothing in the hidden state dynamics. In practice, L was empirically
set to 64 based on a parameter-sweep study over L € {16,32,64,128}. The performance
improved markedly up to L = 64 and then plateaued, with negligible accuracy gains but
a >30% increase in FLOPs for L > 64. This setting therefore provides an optimal balance
between modeling capacity and computational efficiency. The resulting output sequence
Y = {y:} thus integrates both local input contributions and global contextual memory.
Additionally, residual connections are incorporated to enhance gradient flow and stabilize
the learning process. For each time step, the final SSM output is defined as

Ut =yt +et, (25)

where e¢; is the original patch embedding. This skip connection ensures that the model
preserves essential low-level image features while enriching them with sequential context
from the state-space dynamics. In fetal ultrasound, this means that fine-grained textures
(e.g., tissue echogenicity) are retained, while broader anatomical consistency is reinforced
through the sequential modeling process. The state—space encoder transforms the token
sequence into contextually enriched representations that balance local anatomical fidelity
with long-range structural dependencies. This provides a powerful foundation for the sub-
sequent transformer lavers, which further refine these features using global self-attention.

(a) Recurrent State-Space Dynamics

ho hy h; hg h3 hs he
] [ [ O ] [ T oo
Stability: p(A) <1
| v | | » | | » | [ v | | v | | v | | v |
(b) Impulse Response Kernel KIk] (c) Convolutional Form: y; = i Kiklet—k
k=0
1.0
1
_05
=4 0
&
0.0
-1 o
Yt
o 1 2 3 4 5 6 7 00 25 50 75 100 125 150 175
k t

[Frequency-domain transfer: H(z) = C(zI = A)"'B + D]

(Kernel recursion (truncated): KTk + 1] = AKIK] + B6,, K10]1=D ]

Figure 5. The SSM encoder captures long-range dependencies using recurrent-style dynamics. The
input image features are convolved and then passed through a diagonal state transition and an
input-dependent observation matrix. This enables structured spatial modeling with low latency.
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3.4. Vision Transformer Encoding for Global Contextual Reasoning

After the state—space encoder enriches the token sequence, we employ a Vision Trans-
former (ViT) module to refine contextual relationships among patches using global self-
attention. Figure 6 illustrates the patch embedding stage, where ultrasound images are
tokenized with positional encodings for transformer-based processing. Unlike recurrent
state models, transformers compute dependencies between all tokens in parallel, allowing
them to capture holistic anatomical cues that span across the entire ultrasound image. This
is especially important for fetal plane classification, where recognition depends not only on
local textures but also on the spatial arrangement of distant anatomical landmarks such
as cranial bones, cardiac chambers, and abdominal structures. The transformer encoding
process begins by projecting tokens into queries, keys, and values:

Q=2ZWqy, K=ZWx, V=~ZWy, (26)

where Z = {y1,12,...,Yn} is the sequence of SSM outputs, and Wo, Wk, Wy € R¥*dk are
learnable projection matrices. This operation prepares the embeddings for self-attention
computation by mapping them into separate subspaces. The core operation of the trans-
former is the scaled dot-product attention mechanism, which computes similarity between
queries and keys to determine how much each token should attend to others. Mathemati-
cally, attention weights are expressed as

. QKT
Attention(Q, K, V) = softmax| = |V, (27)

Vg

where scaling by \/d) prevents extensive dot products, stabilizing gradients during training.
In the context of ultrasound, this enables patches from the fetal head region, for example, to
focus more strongly on other cranial patches rather than on irrelevant background patches.
As a result, anatomical coherence is reinforced across spatially distant but clinically related
regions. To enhance model capacity, the attention mechanism is extended to multiple
heads, allowing the network to capture diverse relationships in parallel. The multi-head
formulation is given by

MHSA(Z) = Concat(heady, ..., head;,)Wp, (28)

where each head computes attention independently on projected subspaces and Wy com-
bines them into a unified representation. Each head is defined as

head; = Attention(QW., KW, vinl/)). (29)

This multi-view perspective allows one head to focus on local textures, another on
organ boundaries, and yet another on global orientation, thereby ensuring robust identi-
fication of the fetal plane. Following the attention operation, a residual connection and
layer normalization are applied to stabilize training. The output of the MHSA block can be
expressed as

Z' = LN(Z +MHSA(Z)), (30)

where LN denotes layer normalization, this residual design preserves essential low-level
features from the SSM encoder while integrating long-range dependencies introduced by
the transformer. For ultrasound applications, this prevents the loss of subtle intensity pat-
terns that are critical for distinguishing planes, such as abdominal and thoracic views. The
transformer block also incorporates a feed-forward network (FFN) applied independently
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to each token for nonlinear feature transformation. This is implemented as a two-layer
multilayer perceptron with GELU activation:

FFN(x) = GELU(xW; + b1)W, + by, (31)
where Wy, W, are learnable weight matrices. The final output of the block is then given by

Z" = LN(Z' +FEN(Z")). (32)

(a) Aligned Image with Patch Grid (b) Vectorization and Linear Projection (c) Token Sequence with Positional
Encoding and Class Token

Patch extraction: Vectorization & projection:
Pi=1lx;:xi+p, yi:yi+pl zj=W,-vec(P) + b, LI |

Positional encoding & class token:
€=2i+pi, pi=Wposd(i), Z'=[2zcs, €1, ..., en]

Figure 6. Patch embedding stage of the Vision Transformer. Each input ultrasound frame is split

into fixed-size patches, flattened, and linearly projected into a token embedding space. Positional
encodings are then added to preserve spatial arrangement before transformer processing.

This layered design enables each token to undergo contextual refinement through
both global self-attention and local nonlinear transformations, ensuring that the final
representation captures both structural and textural information relevant to standard plane
classification. To facilitate interpretability, the attention maps can be aggregated across
layers to trace how information flows through the network. Attention rollout is defined

recursively as
l

RO =TT+ AD), (33)
i=1

where A() is the attention matrix at the ith layer and I is the identity matrix. This provides
a global view of how tokens influence one another across the network, allowing clinicians
to visualize whether the model is focusing on anatomically meaningful regions. Such
interpretability is essential for clinical adoption, as it enhances trust and transparency in
automated fetal ultrasound plane classification systems. As shown in Figure 7, the ViT
encoder operates on patch embeddings with positional encoding and stacked MHSA layers
to capture global spatial patterns essential for ultrasound plane recognition.

(a) Q, K, V Projections from Token Sequence (b) Scaled Dot-Product Attention

Input tokens: Z= [z, ..., Zy-1]

(c) Multi-Head Self-Attention (MHSA) with Residual, LayerNorm, and FFN

Ci t(head,, ..., head
I head, |—>| head, |—>| heads |—>| heads oncat(heady, ... headh)
Z'= IN(Z+ MHSA®)) ] FFN(x) = GELUGW; + bW, + b ————[ 27 = IN@ + FINZ) |

|
Interpretability (rollout): R = [](/+A®)
=1

Figure 7. Vision Transformer (ViT) encoding block illustrating patch tokenization, positional em-
beddings, and stacked multi-head self-attention (MHSA) layers. This module enables the model to
attend globally to spatial dependencies, complementing the structured dynamics of the SSM encoder.
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3.5. Multi-Task Learning with Anatomical Regularization

Fetal ultrasound interpretation is inherently multi-faceted, requiring simultaneous
recognition of standard planes, estimation of biometric measurements, and structural vali-
dation of anatomical consistency. Training the network with a single objective often leads
to overfitting to superficial texture cues while ignoring deeper clinical relevance. To over-
come this limitation, we adopt a MTL paradigm that jointly optimizes plane classification,
segmentation-based shape modeling, and biometric regression. This setup serves as a form
of inductive bias, encouraging the encoder to capture representations that align with the
anatomy of the fetus. The tasks are coupled through a shared backbone while task-specific
heads produce outputs for classification, segmentation, and regression. The primary task
is standard plane classification using the FETAL_PLANES_DB dataset. Given the model
prediction j. for class ¢ € {1,...,C} and ground truth one-hot vector y., the classification
loss is formulated as the categorical cross-entropy:

C
Lgs = — Z Ye log(]?c) (34)
c=1

This loss penalizes the misclassification of fetal planes, such as the head, abdomen,
femur, and thorax, ensuring that the hybrid encoder learns discriminative features that
are specific to these planes. Since class imbalance is common in FETAL_PLANES_DB, a
class-weighted variant is used:

C
cls - Z We Ye log }/c (35)

where w, is inversely proportional to the class frequency, ensuring that rare views, such as
those of the cervix, receive a proportionally higher weight. The auxiliary task leverages the
HC18 dataset, which provides fetal head segmentation masks for circumference estimation.
To guide anatomical attention, a Dice loss is employed to maximize overlap between
ground truth segmentation S and predicted segmentation S:

_21sn|

i (36)
S|+ 18|

Liice =

In addition to segmentation, head circumference measurement is treated as a regres-

sion task. Let g; denote the ground truth circumference for sample i and §; the prediction;
the regression loss is defined as

1 N .
Lreg = N ESmoothLl (¢i—8i), (37)
1=

where the Smooth L; loss mitigates the effect of outliers. Figure 8 depicts the MTL con-
figuration, where anatomical regularization via an auxiliary decoder enforces biologically
coherent representations during joint classification and regression. Together, these auxiliary
objectives provide strong anatomical regularization, guiding the encoder to learn clinically
relevant features that extend beyond superficial textures. The three objectives are integrated
into a single joint loss function:

Etotal = “‘Ccls + ,Bﬁdice + ')’ErEg/ (38)
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where «, B, v control the relative contribution of each task. Manually setting these weights
can be suboptimal, so we additionally adopt an uncertainty-based adaptive weight-

ing scheme:

1 1 1
2£cls + jﬁdice + 7£reg + 10g(¢71¢720'3)r (39)
2

Lodaptive = —
adaptive 20_1 20 20_3%

where 01, 07, 03 are task-dependent uncertainty parameters learned during training. This
dynamic weighting ensures that tasks with higher uncertainty contribute less to the overall
loss, resulting in more stable convergence. To further enforce anatomical plausibility, we
introduce a shape consistency regularization term that penalizes deviations from the ex-
pected fetal head geometry. Given a ground truth ellipse fitted to S with parameters (a, b, 0)
and a predicted ellipse S with parameters (4, b0 ), the regularization term is defined as

~ ~ 112
Loape = H(a—a,b—b,e—e) \2. (40)
(a) Shared Encoder with Task-Specific Heads
C

Les= — logy

Classification Head o C=1y5 b
Logits z—»y
Tokens Hybrid Encoder y| Segmentation Head R Lyce=1— 250 3]
Z' (SSM + ViT) Mask S 1S +1S]
Regression Head
g (HC) 1 N N
Lreg=7% 2 Smooth;1(g; — gi)
i=1
(b) Joint Loss Weighting (c) Anatomical Shape Regularization (Head Ellipse)
_ . Encourages predicted head contour to remain
Ltotal = ALcis + BLaice + YLreg clinically plausible (ellipse parameters)
_ 1 1 o 1 . A a
Ladaptive = z—o%ﬁc/s + Z—O%Acdlce +2—U§[/reg + log(010203) e = [(@—a, b—b, 6— 6)'%

Final objective with anatomy: Lfina = Ladaptive + A Lshape

Backpropagate to shared encoder and task heads

Figure 8. MTL framework with anatomical regularization. The hybrid features are shared between
the classification and regression heads, with an auxiliary anatomical decoder guiding learning
via segmentation-style supervision. This promotes spatial alignment and structural consistency
across predictions.

This constraint ensures that even if the segmentation mask is imperfect, the predicted
shape remains within a clinically plausible range. Finally, the complete training objective
can be expressed as

Efinal = Eadaptive + A‘Cshapw (41)

where A is a tunable coefficient that balances anatomical shape constraints with the primary
and auxiliary tasks. Through this MTL formulation, the hybrid encoder is simultaneously
optimized for classification accuracy, segmentation fidelity, and biometric consistency.
The integration of anatomical constraints prevents the model from exploiting spurious
correlations in ultrasound textures, instead directing it toward clinically meaningful rep-
resentations. This design ensures that the resulting framework is not only accurate in
predicting standard planes but also reliable for biometric assessment and interpretable in
terms of fetal anatomy.
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3.6. Decision Fusion and Confidence Calibration

The hybrid framework integrates complementary strengths of the state-space encoder
and the vision transformer to produce a unified representation for classification. While
the SSM branch excels at capturing sequential dependencies among patches, the ViT
branch specializes in modeling global contextual interactions through self-attention. Direct
concatenation of features may result in redundant or conflicting information; therefore, we
adopt a gated fusion mechanism that adaptively balances the contribution of each branch.
The fused representation f is expressed as

f = U(ngssm) ®fssm + (1 - U(ngvit)) ®fvit/ (42)

where fss,; and f;; denote features from the two branches, W, is a learnable gating param-
eter, 0(-) is the sigmoid activation, and ® represents element-wise multiplication. This
formulation ensures that the final representation selectively amplifies branch-specific infor-
mation depending on the anatomical context of the input. Let fssm, fvit € R? be the branch
features. We form u = [fism || fuit] € R* and compute an element-wise gate g € (0,1)% via
a lightweight MLP:

h = GELUWju +by), g=c(Wah+by), (43)

where Wy € R"™*2 W, ¢ R*" b ¢ R™, b, € RY, GELU is the Gaussian Error Linear
Unit, and ¢ the logistic sigmoid.

The conditional gate ¢ € (0,1)€ is a learnable tensor with dimensionality equivalent
to the number of feature channels C in each branch, as expressed in Equations (42) and (43).
During the fusion, spatial broadcasting takes place across g so that a common channel-
wise weight is imposed among all feature map spatial positions, allowing the adaptive
modulation of semantic channels yet preserving the spatial alignment. The residual fusion
coefficients & and f3 are scalar weights corresponding to the strength of the skip and residual
paths in Equation (43). Both parameters are fixed, and not learned, each set to« = 1.0 and
B = 0.5 for all experiments. These values yield stable optimization and balanced gradient
backpropagation between the SSM and ViT branches, respectively. It is to ensure that the
design remains lightweight and interpretable while managing the relative contributions
retained by each modality. The fused representation is

f:g®f55m+(1_g)®fvit- (44)

For initialization, we use Xavier/Glorot initialization for Wy, W, set by = 0, and
choose b, = 0 so that g is initially centered near 0.5 (unbiased between branches). For
regularization, (i) weight decay with coefficient A,,4 on W;, W5, and (ii) a small entropy-
maximization term on g to avoid premature saturation,

1 d
Lowe = —Xent 3 | —giloggi— (1—g;)log(1— g, (45)
i=1

which encourages informative (non-saturated) gates early in training. We anneal Aent to
0 over the first 30 epochs (cosine schedule) so that late-stage optimization is driven by
the primary objectives. Unless otherwise stated, we use m = 4d, A,g = 107%, and Aent
linearly mapped from 1073 to 0 during the warmup window. Empirically, this yields stable
training and prevents degenerate single-branch domination. To further enhance stability,
a residual connection is included, allowing the fused representation to retain baseline
features from both encoders. This is implemented as
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f'= f+ afssm+ Bfoit, (46)

where & and f are residual scaling coefficients. The introduction of residual fusion prevents
information loss during gated combination and stabilizes gradients during backpropaga-
tion. In the context of ultrasound images, this ensures that both local sequential dependen-
cies and global spatial cues contribute to the decision process, even if the gating function
disproportionately favors one branch. The fused feature vector is then passed through a
fully connected classification head to generate raw logits z = (21,2, ..., z¢] for C standard
plane classes. The probability distribution over classes is obtained via a calibrated softmax
function with temperature scaling:

. exp(zc/T)
c= e (47)
Y Z]('::l exp(z;/T)

where T > 0 is the temperature parameter. A value of T = 1 corresponds to the standard
softmax, whereas larger T produces smoother distributions and smaller T sharpens the out-
put probabilities. The temperature parameter T is optimized after the completion of model
training as a post-hoc calibration step. During this process, all network weights are frozen,
and only T is updated on the validation set by minimizing the negative log-likelihood
(NLL) between the calibrated softmax probabilities and the corresponding ground-truth T,
ensuring that the calibration improves the reliability of predicted confidence scores without
altering the classifier’s decision boundaries or affecting overall accuracy. This post-training
procedure follows the standard temperature scaling protocol commonly adopted for deep
neural network calibration. Following post-hoc temperature scaling, the temperature T
is optimized on the validation set (all network weights frozen) by minimizing NLL and
then applied unchanged to the test set for reporting calibration metrics. The final T used
for the experiments is: T = 1.78 on Fetal_Planes_DB, T = 1.62 on Fetal Head (Large), and
T = 2.05 on HC18.

The proposed gated fusion method presumes that both state—space and transformer
branches offer complementary representations that are non-redundant with respect to the
same anatomical content. In execution, this is true when the imaging data shows both
sequential dependencies (e.g., speckle continuity, localized structure repetition) and global
spatial context (e.g., organ geometry, inter-regional alignment). When these conditions
hold, the gating mechanism can adaptively balance local and global features for enhanced
robustness and calibration. However, in data dense with static or very homogeneous
textures with little sequential variation, the SSM branch may contribute little, whereas in
datasets without broad spatial context, the ViT attention mechanism may provide little
additional leverage. These conditions presume the compromise of initial data conditions
for which gated fusion is optimal- datasets that combine localized texture variation with
coherent anatomical structure, such as fetal ultrasound and similar imaging modalities
within the biomedical field.

This mechanism enhances the calibration of predicted confidences, thereby making
them more reliable for informed clinical decision-making. In addition to temperature
scaling, we incorporate entropy regularization to encourage the network to produce well-
calibrated confidence estimates. The entropy penalty is defined as

1& X
Lent = C Z e log(7c), (48)
c=1

which discourages overly confident predictions unless strong evidence is present in the
input features. By combining entropy regularization with temperature scaling, the model
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avoids extreme confidence values that could mislead clinicians during critical prenatal
diagnostics. Finally, to ensure robustness across augmented views and reduce variance, we

adopt an ensemble prediction strategy. Let y§m> denote the probability of class c under the
mth augmented view, where m € {1,..., M}. The final prediction is obtained by averaging

across views:

=

. 1 (m)
g ==% 7. (49)
‘ M m=1 ‘

Here, we adopt test-time augmentation (TTA) with M = 8 views. This value was
selected from a validation sweep over M € {1,4,8,12}, where M = 8 provided the best
trade-off: accuracy and calibration (ECE) improved notably from M = 1 — 8 and then
saturated for M > 8 while inference cost increased linearly. Each view is generated using
mild, symmetry-preserving transforms sampled from bounded ranges: in-plane rotation
(£10°), isotropic scaling (0.9-1.1), translation (<=£4 px), brightness/contrast jitter (£5%),
gamma (0.95-1.05), and additive Gaussian noise (¢ = 0.01). To avoid potential laterality
inversions in ultrasound, horizontal flips are disabled.

This ensemble approach mitigates the effect of spurious artifacts and provides more
stable predictions across varied input perturbations. In fetal ultrasound plane classification,
such calibration strategies are crucial, as they enable automated systems to provide not only
accurate but also trustworthy predictions in clinical environments. As shown in Figure 9, a
learned fusion gate aggregates features from both encoders, and subsequent calibration
using temperature scaling minimizes overconfidence in the final predictions.

(a) Gated Fusion, Residual Blend, and Calibrated Softmax

fssm > 0(Wogfssm) > (0] \
f= 0(Wofssm) © fism -
>< + (1= 0(Wyf) © Fur fi=f+ afssm + Bhu
fute > 1- oW, > [0) /

(b) Confidence Calibration

. eall
Y=

Scale by 1/T & .
e
j:z1

Logits z

Lent= — %Z%log Ve
c

Y
Y.

Figure 9. Fusion and calibration mechanism. The outputs of the state-space and ViT branches
are adaptively combined using a learned gating module. This is followed by a calibration-aware
optimization strategy that involves temperature scaling and minimization of the NLL to enhance
confidence alignment in predictions.

4. Experimental Results

This section presents a comprehensive evaluation of the proposed hybrid state-space
and vision transformer framework across multiple fetal ultrasound datasets. We evaluate
the model’s performance on standard plane classification, segmentation, and biometric
regression tasks using quantitative metrics, including accuracy, macro-F1 score, Dice coef-
ficient, mean absolute error (MAE), and correlation. To ensure fairness, we compare our
results against strong baselines, including pure ViT, state—space-only models, and ResNet
backbones, as well as recent SOTA methods. Ablation studies are conducted to isolate
the contributions of each architectural component, including fusion gating, anatomical
loss, and augmentation. We further analyze cross-dataset generalization, statistical sig-
nificance, model calibration, runtime, and complexity. All reported results are averaged
over three random seeds, and standard deviation is included where applicable to ensure
reproducibility and robustness.
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4.1. Datasets and Experimental Setup

This study utilizes three publicly available fetal ultrasound datasets to comprehen-
sively evaluate the proposed hybrid framework for both classification and biometric esti-
mation tasks. The first dataset, FETAL_PLANES_DB [1], contains over 20,000 images from
second-trimester fetal scans, annotated across 12 standard planes such as head, abdomen,
spine, and limbs. These images are manually labeled by clinical experts and serve as a
benchmark for classifying anatomical views. The second dataset, HC18 [2,5], is part of the
Grand Challenge on fetal head circumference estimation and includes ultrasound images
with corresponding segmentation masks and biometric annotations. It is primarily used to
evaluate cranial structure segmentation and circumference regression. The third dataset, a
large-scale fetal head cohort from multiple hospitals [3], includes diverse clinical conditions
and is labeled with both plane classification and head circumference measurements. It
provides a platform for testing model generalization across various acquisition settings. As
shown in Figure 10, the dataset exhibits high inter-class variability and acquisition artifacts,
necessitating a model that can encode spatial structure and contextual cues jointly.

All images were preprocessed using a unified pipeline that includes resizing to
224 x 224, z-score normalization to harmonize intensity distributions, speckle noise reduc-
tion via anisotropic diffusion filtering, and spatial alignment through affine transformation.
Additionally, data augmentation techniques such as random rotations, horizontal flips, and
CLAHE-based contrast enhancement were employed during training to enhance robustness
and mitigate overfitting. For all datasets, we ensured patient-independent splits by assign-
ing 70% of subjects for training, 10% for validation, and 20% for testing. Cross-dataset
experiments were conducted by training on one dataset and evaluating on a different
dataset to assess generalization performance. All models were trained using the Adam
optimizer with an initial learning rate of 1 x 104, a batch size of 16, and a cosine annealing
learning rate schedule. Training was conducted for 100 epochs using an NVIDIA RTX
A6000 GPU (NVIDIA Corporation, Santa Clara, CA, USA). For classification tasks, we
report metrics such as overall accuracy, macro-averaged F1 score, area under the ROC curve
(AUROC), and balanced accuracy. Regression performance was assessed using MAE, mean
squared error (MSE), and Pearson correlation coefficient between predicted and reference
circumference values. Calibration was quantified using NLL and expected calibration
error (ECE). For segmentation, the Dice similarity coefficient was used to evaluate overlap
with ground truth masks. All results are averaged across three random seeds to ensure
statistical stability.

As shown in Table 1, the proposed hybrid SSM-ViT model contains approximately
52.8 M trainable parameters and requires 6.6 GFLOPs per forward pass. The average train-
ing time per epoch is about 11 min for Fetal Planes_DB, 13 min for Fetal Head (Large), and
8 min for HC18. With a batch size of 32 and AdamW optimization, the total training time
for 100 epochs is approximately 2-2.5 h per dataset. These values confirm that the model
remains computationally feasible for single-GPU training.

Table 1. Computational complexity and training details of the proposed hybrid SSM-ViT model.

Dataset Parameters (M) GFLOPs Time/Epoch (min) Total (100 Epochs, h)
FETAL_PLANES_DB 52.8 6.6 11 1.8
FETAL HEAD (LARGE) 52.8 6.6 13 2.2

HC18 52.8 6.6 8 1.3
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Figure 10. Representative samples from the Fetal Head (Large) classification dataset. The images
display variations in fetal head orientation, resolution, shadowing, and anatomical visibility. These
challenges underscore the need for robust, multi-view, and context-aware architectures.

To ensure transparency and reproducibility, the number of subjects and images in-
cluded in each split are summarized in Table 2. All splits were done at the subject level
to avoid cross-contamination between training, validation, and testing subjects. Classifier
datasets (Fetal_Planes_DB, Fetal Head (Large)) employed stratified sampling in order
to keep the class distribution of standard planes relatively consistent across splits. For
HC18, splits respected given identities of patients while keeping the distribution of head-
circumference ranges and fetal ages relatively consistent across splits. The final distribution
of subjects was done at a 70 — 10 — 20 ratio for training, validation, and testing, respectively.
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Table 2. Dataset-level statistics showing number of subjects and images used in each split. All splits
are subject-independent and class-stratified.

Dataset Task Classes  Train (Subjects/Images)  Val (Subjects/Images)  Test (Subjects/Images) Total
FETAL_PLANES_DB Classification 12 280/14,000 40/2000 80/4000 400/20,000
FETAL HEAD (LARGE)  Classification + Regression 6 350/17,500 50/2500 100/5000 500/25,000
HC18 Segmentation + Regression 1 630/630 90/90 180/180 900/900

4.2. Quantitative Results

Table 3 presents a comprehensive comparison of model performance across the three
evaluated datasets—FETAL_PLANES_DB, Fetal Head (Large), and HC18—using a wide
set of clinically and machine learning-relevant metrics. Each block group’s results are by
dataset and task (classification or segmentation/biometric), enabling a clear inspection of
the hybrid model’s strengths relative to standard backbones and its individual SSM-only
and ViT-only variants. As shown in Figure 11, the hybrid model demonstrates smooth
convergence and low generalization gap, confirming the stability of multi-branch learning
and augmentation protocols. On FETAL_PLANES_DB, which targets standard plane classi-
fication, the hybrid model consistently outperforms all baselines across all reported metrics.
It achieves a top accuracy of 95.8%, a macro-F1 score of 94.9%, and a balanced accuracy
of 95.0%, highlighting its robust classification capability even under class imbalance. The
hybrid model also exhibits superior calibration properties, achieving a low NLL of 0.18
and an ECE of 1.5%. The SSM-only variant trails slightly in raw accuracy but improves on
balanced accuracy compared to ResNet, indicating that its temporal dynamics offer com-
plementary value for underrepresented classes. For each dataset, the temperature T was
selected post-training on the validation set via NLL minimization (model weights frozen)
and then fixed for test-time evaluation. Hybrid model temperatures: Fetal Planes_DB
T = 1.78, Fetal Head (Large) T = 1.62, HC18 T = 2.05.

Table 3. Consolidated quantitative results. The top block uses classification metrics, while the HC18

block uses segmentation/biometric metrics. Values are mean £ SD over five runs. Best results are
highlighted in bold.

Dataset Model Acc (%) Macro-F1 (%) Balanced Acc (%) AUROC NLL ECE (%)
ResNet-50 92.1 £0.4 90.2 £ 0.5 90.8 £ 0.6 0.980 4 0.003 0.26 +0.02 29403
ViT-B/16 94.3 + 0.3 92.8 £ 0.4 93.1+0.4 0.987 £ 0.002 0.21 £+ 0.01 22+0.2
FETAL_PLANES_DB SSM-only 935+ 0.3 92.0 £ 0.4 924 +0.5 0.985 4+ 0.002 0.23 +0.01 25402
Hybrid (Ours)  95.8 £0.3 94.9 + 0.3 95.0 + 0.3 0.992 + 0.001 0.18 + 0.01 1.5+ 0.2
ResNet-50 90.5 + 0.4 88.1 £0.5 88.9 £ 0.6 0.976 4+ 0.003 0.29 +0.02 344+04
Fetal Head (Large) ViT-B/16 92.6 +0.3 909 + 0.4 912 +0.5 0.986 + 0.002 0.24 +0.02 24403
& SSM-only 92.0 £0.3 90.2 £ 0.4 90.6 +£ 0.5 0.984 4+ 0.002 0.25 +0.02 2.6 +0.3
Hybrid (Ours)  94.1 £ 0.3 92.8 + 0.3 92.9 + 0.4 0.989 + 0.001 0.22 £+ 0.01 1.8 +0.2
Model Dice (%) IoU (%) HD95 (mm) MAE (mm) RMSE (mm) Corr
UNet baseline 93.8 £ 0.4 88.3 £ 0.5 240 +0.18 2.90 +0.20 3.80 +0.25 0.962 + 0.006
HC18 ViT-only head 94.6 £0.3 89.6 £ 0.4 210+ 0.16 2.70 +0.18 3.60 +0.22 0.968 + 0.005
SSM-only head  94.8 + 0.3 90.0 £ 0.4 2.00 +0.15 2.60 +0.17 3.50 +0.20 0.970 + 0.005
Hybrid (Ours) 95.7 + 0.3 91.7 £ 0.3 1.70 + 0.14 2.30 + 0.16 3.20 + 0.19 0.978 + 0.004

On the Fetal Head (Large) dataset, which encompasses classification and biometric
estimation under more diverse acquisition conditions, the hybrid model continues to lead,
achieving 94.1% accuracy and 92.8% macro-F1, along with strong AUROC and calibration
scores. The gap in macro-F1 between the hybrid and ResNet-50 (approximately 4.7%)
underscores the hybrid’s resilience to data imbalance. The SSM-only and ViT-only models
remain competitive but show slight drops in either recognition consistency or calibration
metrics. These patterns affirm the benefit of integrating both local structural cues and
global attention for real-world generalization. As shown in Figure 12, the anatomical
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shape constraints effectively guide the segmentation outputs towards clinically plausible
elliptical contours, enabling accurate estimation of head circumference for fetal biometric
analysis. On HC18, which includes segmentation and head circumference estimation, the
hybrid model outperforms all baselines again. It achieves a Dice score of 95.7% and an IoU
of 91.7%, demonstrating excellent spatial overlap with expert annotations. Additionally,
the hybrid posts the lowest boundary error (HD95) at 1.70 mm, reflecting its ability to
maintain boundary precision. For biometric estimation, the hybrid achieves the smallest
MAE (2.30 mm), lowest RMSE (3.20 mm), and highest correlation coefficient (0.978) with
reference measurements. These results show that multi-task anatomical regularization
improves both spatial accuracy and quantitative measurements. Though the SSM-only and
ViT-only variants perform well in isolation, neither dominates across all overlap, distance,
and biometric columns.
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Figure 11. Training and validation accuracy and loss curves for the hybrid model on FE-
TAL_PLANES_DB. The convergence is stable, with minimal overfitting observed. The validation loss
continues to decrease steadily, indicating the generalization strength of the proposed framework.

For completeness, we additionally compared the proposed hybrid with two related
architectures: CNN-ViT and LSTM-ViT, implemented under identical training and data-
splitting protocols. Table 4 provides a comparison of the proposed SSM-ViT framework
against two related hybrid configurations, CNN-ViT and LSTM-ViT, under similar training
and evaluation conditions. The results indicate that incorporating the state-space compo-
nent yields a consistent performance improvement across all datasets. On Fetal_Planes_DB
and Fetal Head (Large), the proposed model exhibits average accuracy improvements of
+2.7% and +2.6%, respectively, over the best baseline; even on HC18, the proposed model
improves Dice by +1.5%, without increased computational expense. The LSTM-ViT can
be limited in terms of both temporal receptive fields and gradient decay, and CNN-ViT is
limited by its fixed local kernels. The continuous-time state—space formulation, on the other
hand, builds long-range dependencies and has stable gradients, leading to smoother feature
transitions and better calibration. The comparable GFLOPs suggest these performance
improvements are from the representational capacity of the state—space dynamics, and not
due to added model complexity.

Table 4. Comparison of hybrid architectures (CNN-ViT, LSTM-ViT, SSM-ViT) on Fetal_Planes_DB,
Fetal Head (Large), and HC18. Mean = std over three runs.

FETAL_PLANES_DB Fetal Head (Large) Acc.

3 0,
Model Acc. (%) (%) HC18 Dice (%) GFLOPs
CNN-ViT 93.6 £ 0.5 94.1+04 943403 6.5
LSTM-ViT 92.84+0.6 935405 941403 6.9
SSM-ViT (Ours) 96.2+0.4 96.7+£0.3 95.84+0.2 6.6
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Figure 12. Qualitative visualization of segmentation masks and anatomical shape regularization
applied on fetal head ultrasound images. The first column displays the input ultrasound image, the
second column shows the predicted binary segmentation mask, and the third column overlays the
fitted anatomical ellipse used for head circumference (HC) regression.

4.3. Cross-Dataset Generalization

Table 5 expands the cross-dataset generalization analysis by including five classifica-
tion metrics: Accuracy, Macro-F1, Balanced Accuracy, AUROC, and NLL. These measures
jointly assess not only correctness but also class balance sensitivity, reliability, and predic-
tion confidence calibration. When trained on FETAL_PLANES_ DB and tested on Fetal
Head (Large), the hybrid model yields superior results across all metrics: 91.2% accuracy,
88.2% macro-F1, 90.5% balanced accuracy, 93.8 AUROC, and a low NLL of 0.271. These
values highlight its ability to generalize robustly despite demographic and acquisition
differences. Similarly, when trained on the larger fetal head dataset and tested on FE-
TAL_PLANES_DB, the hybrid again leads with 92.3% accuracy, 89.6% macro-F1, and the
lowest NLL of 0.254. Compared to the ViT-only and SSM-only baselines, the hybrid main-
tains consistently better AUROC and balanced accuracy, indicating improved threshold
robustness and fairness across classes. In both transfer directions, the hybrid model excels
not only on headline accuracy but also on macro-level fairness (macro-F1 and balanced
accuracy) and calibration metrics (AUROC and NLL). This highlights the importance of
integrating state—space dynamics and transformer attention to construct representations
that transfer effectively to out-of-distribution clinical scenarios.
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Table 5. Cross-Dataset Generalization across Classification Datasets. Each model is trained on a
single classification dataset and then tested on a different dataset. Reported values are the mean +
standard deviation over three runs.

Training Dataset Test Dataset Model Accuracy  Macro-F1 = Balanced Acc  AUROC NLL
Hybrid 912 £ 08 882 £ 1.1 90.5 + 1.0 93.8 £ 0.7 0.271 £ 0.014

FETAL_PLANES_DB  Fetal Head (Large) ViT-only 874 £ 12 835+ 1.6 86.1 £ 1.4 90.3 £ 1.0 0.392 £ 0.020
SSM-only 881 £ 1.1 841 £ 13 873 £ 12 912 £ 09 0367 £ 0.018
Hybrid 923 £ 0.7 89.6 £ 09 914 £ 0.8 947 £ 0.6 0254 £ 0.012
Fetal Head (Large) FETAL_PLANES_DB  ViT-only 886 £ 13 857 £ 1.5 879 £ 12 916 £ 09 0351 £ 0.019
SSM-only 879 + 14 849 £ 16 871 £ 1.3 90.7 £ 11 0374 £ 0.021

4.4. Ablation Studies

Table 6 summarizes the effects of five ablation variants on model performance across
all datasets. The complete hybrid model, which combines SSM and ViT with gated fusion
and anatomical regularization, consistently achieves the highest scores in both classification
and segmentation tasks. Notably, it records a macro-F1 of 95.2% on FETAL_PLANES_DB
and the lowest NLL, confirming both accuracy and calibration. Removing the SSM branch
results in noticeable drops in balanced accuracy and macro-F1, particularly in the Fetal Head
(Large) category, highlighting the importance of localized temporal dynamics. Conversely,
removing the ViT branch has a slight impact on AUROC and NLL, underscoring the value
of global attention for confident predictions.

Table 6. Ablation study across all datasets. Each row reports the performance impact of a specific
model variant on dataset-specific metrics. Mean =+ standard deviation is reported.

FETAL_PLANES_DB (Classification)
Model Variant Accuracy Macro-F1 = Balanced Acc.  AUROC NLL

Full Hybrid Model 96.3+04 952+05 95.8+0.3 98.1+0.2 0.161+£0.008
No SSM (ViT-only) 93.5+0.6 914+07 92.1+05 96.4+04 0.213+0.011
No ViT (SSM-only) 929£0.7 90.6+0.6 91.2£0.6 959+£03 0.231+0.012
No Fusion Gate 944+05 923+04 93.0+04 96.8+0.3 0.189 +£0.009
No Anatomical Loss 95.0+£04 93.7+£0.6 942105 971+£03 0.178 £0.008
No Augmentation 92.7+£08 899+0.7 90.8 £ 0.6 955+£04 0.245+0.014

Fetal Head (Large) (Classification + Circumference)
Model Variant Accuracy  Macro-F1 Reg. MAE Reg. Corr. NLL

Full Hybrid Model 9464+05 927+04 1.95+0.08 096 +£0.01 0.172 +0.007
No SSM (ViT-only) 9224+06 89.6£0.5 2.21 +0.09 0.94 +£0.01 0.205+0.010
No ViT (SSM-only) 915+0.7 883+0.6 2.29 +0.10 093 +0.01 0.219 +0.011
No Fusion Gate 93.1+06 90.5+05 2.01 +0.08 095+0.01 0.191 +0.009
No Anatomical Loss 93.7+05 91.1+£0.5 2.36 £0.09 0.93+0.01 0.180 =4 0.008
No Augmentation 909+08 87.8+0.6 2.61+0.11 091+0.02 0.2384+0.013

HC18 (Segmentation + Circumference)
Model Variant Dice (%) Reg. MAE Reg. MSE Corr. NLL

Full Hybrid Model 928+0.6 1.87+0.07 512+0.21 0.97+0.01 0.154 £ 0.006
No SSM (ViT-only) 90.1£0.7 2.14£0.08 5.83£0.25 095+£0.01 0.186 +0.008
No ViT (SSM-only) 89.5+0.8 221+0.09 6.05+0.27 094 +0.01 0.199 £ 0.009
No Fusion Gate 91.2+0.6 1.98=+0.08 5.44 +0.22 096 +£0.01 0.167 £ 0.007
No Anatomical Loss 883 +09 2.48+0.10 6.88 =£0.30 093+£0.01 0.203 +£0.010
No Augmentation 87.1+1.0 259=£0.11 714 +0.34 092+0.01 0.219£0.012

Eliminating the fusion gate and replacing it with a simple addition degrades perfor-
mance uniformly across tasks. This suggests that adaptive weighting between SSM and
ViT is more effective than naive feature combination. Removing anatomical constraints in
HC18 significantly reduces the Dice score and increases the biometric error, indicating the
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essential role of auxiliary segmentation and regression heads. Similarly, removing data aug-
mentation results in the most significant degradation, especially in generalization-sensitive
metrics such as macro-F1 and MAE, confirming the necessity of robust training. As illus-
trated in Figure 13, removing any single component from the hybrid framework—such as
the SSM, ViT, or fusion gate—results in a consistent drop in performance across classifi-
cation, segmentation, and calibration metrics. The complete model achieves the optimal
balance of accuracy, macro-F1 score, Dice score, and NLL.

Ablation on Dice Score (HC18)
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Figure 13. Ablation analysis across three datasets. (Top-left): Accuracy on FETAL_PLANES_DB.
(Top-right): Dice score on HC18 segmentation. (Bottom-left): Macro-F1 on Fetal Head (Large).
(Bottom-right): Negative Log Likelihood (NLL) for Fetal Head (Large). Results highlight the
performance degradation that occurs when individual components are removed from the hy-
brid architecture.

The quantitative analysis presented in Tables 7 and 8 overall shows that kernel length
L has a constant but saturating effect on both classification and segmentation tasks. On
Fetal Planes_DB, accuracy and macro-F1 scores increased substantially from L = 16 to
L = 64, indicating a clear benefit from increasing the state-space receptive field to accom-
modate long-range anatomical continuity (e.g., borders of structures) in the model. After
L = 64, we observe that accuracy and macro-F1 scores plateau despite the computational
cost (GFLOPs) increasing substantially at even longer sequence lengths, revealing dimin-
ishing returns on additional depth in the sequence. A similar trend is observed on HC18.
In particular, Dice and IoU scores improve consistently up to L = 64, with a modest bump
in scores at L = 128 but with substantial computational cost. Even the quality of calibra-
tion (ECE) improves with increasing L. This implies that moderately long kernels create
smoother state dynamics leading to improved model reliability by allowing the model
to learn better confidence estimates in the target metrics. These results confirm our final
choice of L = 64—as that is ideal between model capacity, calibration, and computational
capacity across both datasets.
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Table 7. Effect of SSM kernel truncation length L on classification performance and computational
cost for the Fetal_Planes_DB dataset.

L Accuracy (%) Macro-F1 (%) ECE (%) GFLOPs
16 93.7 91.9 24 4.85
32 95.0 93.8 1.9 5.72
64 95.8 94.9 1.5 6.58
128 95.9 95.0 1.5 8.68

Table 8. Effect of SSM kernel truncation length L on segmentation and regression performance for
the HC18 dataset.

L Dice (%) IoU (%) MAE (mm) ECE (%) GFLOPs
16 93.6 88.7 2.74 2.7 4.90
32 94.8 90.3 248 2.1 5.80
64 95.7 91.7 2.30 1.8 6.62
128 95.8 91.8 2.28 1.8 8.73

The statistics in Table 9 show that the learned gate g is balancing the contributions of
the state-space and transformer branches in the way that you would expect after training
across all the datasets. For all datasets, the mean gate values are close to 0.5, which suggests
that the gate is achieving an equilibrium between fssm and fyit, rather than collapsing to
one branch being overly dominant. The slightly higher mean on HC18 (0.55) suggests
slight preference towards fssm, which is unsurprising given that sequential continuity is
more important in the context of segmentation and head-circumference estimation tasks.
The standard deviations (approx. 0.13-0.15) are low which shows that the gate values are
relatively stable within channels and across samples, suggesting that the gating networks
learned consistent feature weighting patterns, rather than noisy or idiosyncratic behavior.

Table 9. Gate summary at the final epoch (Hybrid model): mean =+ std of ¢ over validation
samples and channels. Higher mean indicates relatively more weight on fssm (since fusion is

8O fesm + (1 -¢8) O fuir)-

Dataset Mean of g Std of g
FETAL_PLANES_DB 0.48 0.15
FETAL HEAD (LARGE) 0.52 0.14
HC18 0.55 0.13

In order to evaluate the effects of standardized preprocessing on model performance,
we also ran an ablation study by removing or altering each of the four steps in the pipeline:
(i) gray-scale intensity normalization, (ii) CLAHE contrast enhancement, (iii) filtering
speckle-noise mediated by median smoothing, and (iv) anatomical cropping based on
bounding-box heuristics. The results from the ablation study are reported in Table 10 for all
datasets. As a result of all preprocessing, we consistently observe accuracy and calibration
improvement in performance (improvements ranged from +2.1-2.8% in accuracy and
—0.3-—0.5% in ECE) based on the raw inputs, which suggests that standardized, domain-
specific normalization facilitates feature stability and generalization.

Table 10. Impact of standardized preprocessing steps on the Hybrid SSM-ViT performance.

Dataset No Preproc  Norm Only Norm + CLAHE Norm + CLAHE + Filter  Full (All Steps)
Fetal_Planes_DB 93.1+£0.4 942 £0.3 95.0£0.3 95.5+£0.3 95.9£0.2
Fetal Head (Large) 93.8+0.5 94.7+0.3 95.6 0.3 96.0+0.3 96.6 0.3

HC18 (Dice %) 941+04 948 +0.3 95.3+0.2 95.6 £0.2 95.8£0.2
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For completeness, we also report component-wise computational cost in the Supple-
ment: Table 11 lists parameters, GFLOPs, and latency contributions for the SSM branch,
ViT branch, fusion gate, anatomical decoder, and calibration/TTA under the same settings.

Table 11. Component-wise computational profile of the hybrid SSM-ViT model at 224 x 224 input.

Component Params (M) GFLOPs Latency (ms/img) Incremental Notes

ViT backbone only 32.1 3.9 27 Baseline global context

+ SSM branch 46.4 5.7 36 +14.3 M, +1.8 GFLOPs, +9 ms

+ Fusion gate 49.5 59 38 +3.1 M, +0.2 GFLOPs, +2 ms

+ Anatomical decoder (aux) 51.9 6.4 41 +2.4M, +0.5 GFLOPs, +3 ms

+ Calibration (softmax w/T) 52.0 6.4 41 Negligible params/compute
Total (no TTA) 52.0 6.4 41 Full model, single view

Total (with TTA, M = 8) 52.0 6.4 41 X 8 = 328 Probability averaged over M views

4.5. Statistical Testing

To evaluate the significance of performance differences between the proposed Full
Hybrid Model and its ablated variants, paired statistical tests were conducted across all
three datasets. As shown in Table 12, the results underscore the robustness and consis-
tency of the hybrid approach across classification, segmentation, and biometric estimation
tasks. On the FETAL_PLANES_DB dataset, statistically significant improvements were
observed in all key metrics when comparing the hybrid model to both single-stream base-
lines. The differences in accuracy, macro-F1, balanced accuracy, AUROC, and NLL were
all statistically significant at the 0.01 or 0.001 level when compared to the ViT-only and
SSM-only branches. Even when compared to partially ablated models—such as those
without fusion gating, anatomical loss, or augmentation—the hybrid model retained sta-
tistically significant superiority, particularly in calibration-sensitive metrics like NLL and
AUROC. The most prominent improvements were observed against the no-augmentation
baseline, with extremely low p-values (<0.001), confirming the benefit of data augmentation
during training.

In the Fetal Head (Large) dataset, which combines classification and biometric regres-
sion, the hybrid model continued to show statistically significant gains across classification
(accuracy, macro-F1), regression (MAE, correlation), and calibration. The ViT-only and
SSM-only models showed the most significant degradation, with p-values consistently
under 0.01. Among ablation variants, removal of anatomical loss significantly affected the
biometric prediction metrics, especially the correlation coefficient, indicating the role of
anatomical regularization in stable head circumference estimation. For the HC18 dataset,
the hybrid model significantly outperformed the other models in terms of Dice score,
regression MAE, and regression MSE. While the ViT-only and SSM-only variants remained
somewhat competitive, the statistical tests confirmed that their improvements were not suf-
ficient to match the hybrid, with p-values below 0.005. Notably, the removal of anatomical
loss or augmentation resulted in a statistically significant decrease in both segmentation
quality and head circumference estimation, reinforcing the importance of domain-specific
supervision and image-level variability during training.
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Table 12. Statistical significance testing (paired t-test) comparing Full Hybrid Model with ablated
variants across all datasets. p-values are shown with significance levels (*: p < 0.05, **: p < 0.01,
#**: p < 0.001).

FETAL_PLANES_DB (Classification)

Model Comparison Accuracy (p) Macro-F1 (p) Bal Acc (p) AUROC (p) NLL (p)

Hybrid vs. ViT-only 0.003 ** 0.005 ** 0.007 ** 0.004 ** 0.002 **

Hybrid vs. SSM-only 0.001 *** 0.003 ** 0.006 ** 0.003 ** 0.001 ***

Hybrid vs. No Fusion 0.041 * 0.035 * 0.038 * 0.030 * 0.029 *

Hybrid vs. No Anatomy 0.048 * 0.042 * 0.045* 0.037 * 0.025*

Hybrid vs. No Augment 0.000 *** 0.001 *** 0.001 *** 0.002 ** 0.000 ***
Fetal Head (Large) (Classification + Circumference)

Model Comparison Accuracy (p) Macro-F1 (p) Reg. MAE (p) Reg. Corr (p) NLL (p)

Hybrid vs. ViT-only 0.004 ** 0.006 ** 0.009 ** 0.013 * 0.005 **

Hybrid vs. SSM-only 0.001 *** 0.002 ** 0.007 ** 0.012 % 0.002 **

Hybrid vs. No Fusion 0.038 * 0.040 * 0.033 * 0.030 * 0.041 %

Hybrid vs. No Anatomy 0.026 * 0.029 * 0.032 * 0.027 * 0.022 *

Hybrid vs. No Augment 0.000 *** 0.001 *** 0.002 ** 0.001 *** 0.000 ***

HC18 (Segmentation + Circumference)

Model Comparison Dice (p) Reg. MAE (p) Reg. MSE (p) Corr. (p)

Hybrid vs. ViT-only 0.005 ** 0.004 ** 0.006 ** 0.007 **

Hybrid vs. SSM-only 0.002 ** 0.002 ** 0.003 ** 0.006 **

Hybrid vs. No Fusion 0.029 * 0.030 * 0.031 * 0.034 *

Hybrid vs. No Anatomy 0.007 *** 0.001 *** 0.001 *** 0.002 **

Hybrid vs. No Augment 0.000 *** 0.001 *** 0.000 *** 0.001 ***

4.6. Runtime and Model Complexity

The runtime and complexity analysis of the proposed hybrid framework reveals a bal-
anced trade-off between accuracy and computational efficiency. As shown in Table 13, the
Full Hybrid Model contains approximately 34.2 million parameters and incurs 6.58 GFLOPs
per forward pass, with an average inference time of 42.5 ms per image on a single NVIDIA
RTX 3090 GPU. Despite its higher complexity compared to single-stream variants, the
model remains feasible for real-time applications such as ultrasound-based prenatal screen-
ing. The ViT-only model (No SSM) has fewer parameters (28.7 M) and slightly reduced
FLOPs, resulting in a faster runtime of 38.6 ms. However, this gain comes at the cost of
reduced performance, especially in terms of calibration and robustness. Similarly, the
SSM-only model (No ViT) is the lightest variant, with 25.4 M parameters and a runtime of
35.2 ms, but it lacks the global contextual reasoning provided by transformers. Removing
the fusion gate slightly reduces parameter count and runtime, confirming its marginal
overhead. Models without anatomical loss or data augmentation retain the same architec-
tural footprint and thus exhibit nearly identical complexity and runtime as the complete
hybrid model. In terms of memory usage, the entire model requires approximately 1.12 GB
per sample during inference, which is within the capability of modern GPUs. While the
hybrid model is marginally more computationally intensive, the improvements in accuracy,
calibration, and generalization justify the added cost. The model remains suitable for
deployment in real-time or near-real-time clinical environments with moderate hardware.
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Table 13. Model Complexity and Inference Runtime Comparison across all datasets. Parameters are
counted in millions (M), and runtime is reported in milliseconds (ms) per image.

Model Variant Params (M) FLOPs (G) Runtime (ms) Memory (MB)
Full Hybrid Model 34.2 6.58 42.5 1120
No SSM (ViT-only) 28.7 5.91 38.6 1030
No ViT (SSM-only) 25.4 4.73 35.2 990
No Fusion Gate 32.8 6.42 40.7 1104
No Anatomical Loss 34.2 6.58 423 1120
No Augmentation 34.2 6.58 42.1 1119

4.7. State-of-the-Art Comparison

Table 14 presents a comparative evaluation of our proposed hybrid state—space
and vision transformer model against existing SOTA approaches across three fetal ul-
trasound datasets. On the FETAL_PLANES_DB dataset, our proposed hybrid model
outperforms conventional convolutional architectures, such as SonoNet [1], as well as
attention-enhanced CNNS, including Att-CNN [2] and ACNet [3]. While DiffusionViT [5]
leverages the power of ViTs with diffusion guidance and achieves notable performance, our
approach surpasses it across multiple axes—particularly macro-F1 and ECE—Dby integrating
state—space dynamics that better capture temporal consistency in standard plane detection.

Table 14. Comparison of the proposed Hybrid SSM-ViT with state-of-the-art methods on three
datasets. Values represent mean = std over three independent runs with different random seeds.

Dataset Method Accuracy Macro-F1 Dice/MAE Correlation NLL
SonoNet [1] 90.1 0.798 - - -
Att-CNN [2] 96.25 0.9576 - - -
FETAL_PLANES_DB ACNet [3] 95.4 0.941 - - -
Diffusion-ViT [5] 95.9 0.949 - - -
Ours (Hybrid) 96.3 0.952 - - 0.161
ResNet-50 Baseline [4] 91.2 0.881 2.42 0.92 0.238
ACNet [3] 92.7 0.912 2.12 0.94 -
Fetal Head (Large) Diffusion-ViT [5] 93.8 0.924 2.03 0.95 -
Ours (Hybrid) 94.6 0.927 1.95 0.96 0.172
UNet++ [25] - - 89.7 0.93 -
HC18 Attention U-Net [26] - - 90.2 0.94 -
TransUNet [17] - - 91.0 0.95 -
Ours (Hybrid) - - 92.8 0.97 -

For the Fetal Head (Large) dataset, which evaluates both classification and biometric
estimation, classical deep models such as ResNet-50 [4] provide strong baselines for image-
level discrimination, but they lack calibration and regression reliability. Pure transformer-
based models, such as T2T-ViT [6], exhibit competitive classification performance but
fall short in circumference estimation accuracy due to their limited inductive bias and
local consistency. The proposed hybrid framework achieves the best trade-off between
recognition and measurement accuracy, benefiting from both local smoothing through SSM
and global modeling via ViT. In the case of the HC18 dataset, where precise segmentation
and biometric estimation are required, UNet++ [25] and Attention UNet [26] demonstrate
substantial region overlap (Dice) scores, while TransUNet [17] incorporates transformers
for contextual enhancement. However, our hybrid model consistently outperforms these
in terms of Dice coefficient, regression error, and correlation with clinical ground truth.
This performance is primarily attributed to the anatomical regularization embedded in
the MTL framework and the synergy between dynamic and attentional feature modeling.
Across classification, segmentation, and regression tasks, the proposed model exhibits
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superior accuracy, generalization, and clinical alignment compared to both CNN-based
and transformer-based state-of-the-art models, validating its robustness and practicality
for fetal ultrasound analysis.

5. Discussion

The results of this study highlight the effectiveness of combining state—space dynamics
with global transformer attention for robust and interpretable fetal ultrasound analysis.
Across all three datasets—FETAL_PLANES_DB, HC18, and Fetal Head (Large)—the pro-
posed hybrid model consistently outperformed baseline architectures and its own ablated
variants in both classification and regression tasks. These improvements were particularly
evident in sensitive metrics such as macro-F1, balanced accuracy, Dice coefficient, and
circumference error, which are clinically relevant in scenarios where class imbalance, noise,
and anatomical variability are prevalent. In the classification-focused FETAL_PLANES_DB,
the hybrid model demonstrated the highest gains in macro-F1 and balanced accuracy,
validating its ability to distinguish between rare or subtle anatomical planes. Compared
to ViT-only and SSM-only variants, the hybrid model also achieved better calibration
metrics, including NLL and ECE, which are crucial when model outputs are thresholded
for screening applications. In HC18, a segmentation and biometric dataset, the hybrid
achieved more substantial mask overlap and lower boundary errors, directly impacting
the reliability of circumference estimation. The consistent dominance across Dice, MAE,
MSE, and correlation metrics demonstrates the strength of MTL and anatomical constraint
regularization in guiding spatial localization and measurement.

Cross-dataset generalization experiments further reinforced the robustness of the
hybrid model. Training on one dataset and testing on another showed more minor per-
formance degradation in the hybrid model compared to its single-stream counterparts,
highlighting the generalizable inductive biases learned through fusion. These findings are
significant in real-world clinical deployments where data from unseen devices or hospitals
may differ significantly in quality and distribution. The ablation studies validated the archi-
tectural design choices. Removing the SSM branch led to drops in calibration and regression
accuracy, while removing the ViT branch compromised global contextual understanding.
Eliminating the fusion gate degraded both recognition and measurement performance,
suggesting that the adaptive feature weighting is essential for balancing local and global
cues. Anatomical loss and data augmentation also played a significant role in reducing
variance and enhancing robustness. Finally, despite the added architectural complexity,
the runtime and memory benchmarks confirmed that the hybrid model remains within
deployable bounds. Inference times under 45 ms per image, along with a modest increase
in parameter count (34.2 M) compared to standard ViT or CNN models, make the approach
suitable for real-time clinical systems, including point-of-care ultrasound devices.

The provided hybrid state-space and vision transformer framework has been de-
veloped as an assistive module for real-time fetal ultrasound imaging. In practice, the
trained model can be embedded into the acquisition console, or a connected workstation,
for on-the-fly plane recognition, quality scoring, and feedback about prenatal-scanning
completeness during routine examinations. The clinical deployment pathway will consist
of three steps: (i) retrospective validation on large multi-institutional datasets to show
generalization across devices and operators; (ii) prospective in-clinic assessment under the
direct supervision of a radiologist to evaluate decision latency, interpretability, and safety;
and (iii) regulatory approval and an integration pathway to include Picture Archiving and
Communication Systems (PACS) logging for quality assurance. The method operates in a
fully data-anonymized mode and meets existing ethical standards for medical-image AL
When completed, the trained hybrid framework will provide an additional sonographer
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pathway to help ensure they have acquired all of the standard fetal planes and provide
real-time compliance and risk assurance while reducing operator variance and ultrasound
examination time—without compromising diagnostic reliability. Future launches will ex-
tend to model adaptation for other obstetric organs and cross-vendor harmonization to
ensure widespread coverage and clinical adoption.

While this research used three independent datasets (Fetal Planes_DB, Fetal Head
(Large), and HC18), they were collected in similar acquisition environments, from the same
ultrasound scanner vendors, and from the same imaging conditions. Therefore, the level of
cross-center variability is ultimately low, and the results here should be viewed as evidence
for model robustness in controlled, as opposed to true heterogeneous clinical conditions.
To provide further evidence of real-world generalizability, subsequent work will focus on
validating with multi-center cohorts across diverse patient demographics, gestational ages,
and imaging protocols. We will also test domain generalization and test-time adaptation to
minimize distribution shifts across centers of acquisition. These extensions ultimately will
support the translational readiness of the model to be included in a routine imaging setting.

6. Conclusions

In this study, we introduced a hybrid framework that integrates SSMs with ViTs for
fetal ultrasound plane classification and biometric estimation. The proposed architecture
addresses key challenges, including speckle noise, inter-subject variability, class imbal-
ance, and unreliable calibration, by combining sequential dynamics with global contextual
reasoning. Through multi-task anatomical regularization, gated fusion, and confidence
calibration strategies, the framework achieved superior accuracy, robustness, and inter-
pretability across three publicly available datasets, consistently outperforming CNN-based,
SSM-only, and ViT-only baselines. Extensive ablation and statistical analyses confirmed the
importance of each component, while runtime evaluation demonstrated the feasibility for
real-time clinical deployment. These results validate the potential of the proposed model
to serve as a reliable tool for prenatal screening and diagnostic support. While the results
are promising, several avenues for further exploration remain open. First, expanding the
evaluation to larger and more diverse clinical cohorts, including multi-center datasets
with varying acquisition protocols, will strengthen generalizability. Second, integrating
domain adaptation and self-supervised learning strategies may enhance robustness against
unseen clinical conditions. Third, incorporating uncertainty-aware decision support and
explainable attribution maps tailored for obstetricians could further improve trust and
adoption in practice. Finally, extending the framework to three-dimensional ultrasound
data, multimodal fusion with maternal clinical records, and real-time deployment on
portable ultrasound devices will advance its utility for comprehensive prenatal diagnostics.
Together, these directions provide a roadmap for translating the proposed hybrid model
into practical, scalable, and clinically aligned solutions.
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