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Naka-SAM: A Cognition-Inspired Framework with Nakagami Prior for Ultrasound
Segmentation

Juan Chen (chenjuan1011@xju.edu.cn)1,2, Jiajie Wu (20251303213@stu.xju.edu.cn)1,
Lei Guo (Leiguo@uestc.edu.cn)3, Wenping Ge (wenpingge@xju.edu.cn)1 & Jie Ma(majie@stu.xju.edu.cn)1

1College of Computer Science and Technology, Xinjiang University,
2Joint International Research Laboratory of Silk Road MultilingualCognitive Computing, Xinjiang University

3School of Computer Science and Engineering,University of Electronic Science and Technology

Abstract

Radiologists often implicitly rely on tissue backscattering char-
acteristics to interpret noisy ultrasound (US) images under chal-
lenging imaging conditions. However, existing deep learning-
based segmentation models rarely incorporate such intrinsic
physical statistics into representation learning. To address this
limitation, we propose Naka-SAM, a physics-informed ultra-
sound segmentation framework built upon the Segment Any-
thing Model (SAM). Specifically, we design a Physical Prior
Generator (PPG) to model ultrasound backscattering statistics
through learnable Nakagami distribution estimation, where the
shape parameter 𝑚 characterizes local scattering concentration
and the scale parameter Ω reflects backscattered energy varia-
tions. These physics-informed priors provide domain-invariant
tissue representations associated with underlying microstruc-
tural properties. Furthermore, a dual-stage gated fusion strat-
egy is introduced to progressively integrate physical priors with
both low-level structural features and high-level semantic rep-
resentations, thereby improving robustness under noisy and
low-contrast imaging conditions. Extensive experiments across
seven ultrasound datasets demonstrate that Naka-SAM consis-
tently outperforms both conventional segmentation methods and
recent SAM-adapted frameworks, while exhibiting strong cross-
domain generalization capability across heterogeneous ultra-
sound imaging scenarios.

Keywords: Ultrasound segmentation; Nakagami Distribution;
prior features; foundation model

Introduction
Medical image segmentation is a core component of
computer-aided diagnosis, fundamentally aiming to build the
representation and segmentation capabilities for medical im-
ages. It facilitates rapid lesion localization and quantitative
tissue characterization, thereby potentially improving diag-
nostic efficiency and clinical decision-making (X. Zhang et
al., 2025).However, the inherent imaging uncertainty in ul-
trasound imaging presents a significant challenge for robust
feature learning. With the rapid development of deep learn-
ing technologies and the emergence of the Segment Any-
thing Model (SAM) (Kirillov et al., 2023) and its variant,
Medical SAM adapter(Wu et al., 2025), the field of medical
image segmentation has undergone a paradigm shift. These
foundational models demonstrate strong zero-shot generaliza-
tion capabilities in natural image or general medical imaging
scenarios. However, directly applying these general-purpose
visual models to ultrasound (US) imaging still faces funda-
mental challenges. Unlike natural images, which have clear

object boundaries, ultrasound images are full of imaging un-
certainty, such as severe speckle noise, acoustic shadow arti-
facts, and low-contrast soft tissue boundaries. Existing deep
learning methods, whether based on CNN-based U-Net (Ron-
neberger et al., 2015)or Transformer-based architectures(Cao
et al., 2022) , largely rely on local texture and edge information
for pixel-level classification. This bottom-up, pixel-by-pixel
or patch-wise feature learning mechanism often lacks robust-
ness when faced with the low signal-to-noise ratio and blurred
boundaries inherent in ultrasound images.

The persistent performance bottleneck in automated seg-
mentation is arguably an epistemological one: machine mod-
els typically optimize for local pixel-level coherence, whereas
experienced radiologists often rely on global contextual rea-
soning and prior anatomical knowledge. From the perspec-
tive of cognitive science, radiological interpretation is char-
acterized by a holistic "gist " extraction that precedes focal
analysis. This top-down influence allows experts to main-
tain structural consistency (Gilbert & Li, 2013) despite the
significant speckle noise and acoustic artifacts inherent in ul-
trasound imaging.We posit that this intuition is effectively an
internal calibration against the statistical regularities in tissue
backscatter.

In ultrasound physics, these regularities are rigorously de-
scribed by the Nakagami distribution (Nakagami, 1960). The
shape parameter 𝑚 serves as a critical diagnostic index,
quantifying microstructural heterogeneity ranging from pre-
Rayleigh scattering (𝑚 < 1) in malignant tissues to post-
Rayleigh modes (𝑚 > 1) in resolved media (Shankar, 2000;
Tsui et al., 2008). While traditional deep learning approaches
have typically treated these physical invariants as extraneous
noise, recent physics-informed frameworks have begun to ac-
knowledge their utility (Banerjee et al., 2025). Naka-SAM,
however, moves beyond treating physics as a mere regular-
ization term; it reformulates physical laws into a learnable
representation. By integrating the Nakagami 𝑚-parameter as
a dynamic prior, our model mimics the radiologist’s ability
to selectively filter sensory data through a physics-informed
understanding of tissue properties. To operationalize this syn-
thesis, we propose Naka-SAM: a Segment Anything Model
(SAM) framework driven by Nakagami priors. Inspired by
the theory of probabilistic feature matching (Knill & Pouget,
2004), our approach shifts toward a generative architecture via
a Physical Prior Generator (PPG). This module explicitly es-
timates Nakagami distribution parameters—dynamically ad-
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Fig. 1. Overview of the Naka-SAM architecture. The framework employs a Physical Prior Generator 
(PPG) to extract Nakagami-based "physical fingerprints" ($f_{hist}$), which are adaptively 
integrated with SAM's semantic features ($f_{main}$) via dual-stage Fusion Modules. Fire and 

snowflake icons denote tunable and frozen parameters, respectively.
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Figure 1: Overview of the Naka-SAM architecture. The framework employs a Physical Prior Generator (PPG) to extract
Nakagami-based "physical fingerprints" ( 𝑓ℎ𝑖𝑠𝑡 ), which are adaptively integrated with SAM’s semantic features ( 𝑓𝑚𝑎𝑖𝑛) via
dual-stage Fusion Modules. Fire and snowflake icons denote tunable and frozen parameters, respectively.

justing the shape parameter 𝑚 and the scaling parameter Ω to
capture the acoustic fingerprints of tissue. Inspired by adap-
tive evidence integration mechanisms, we introduce a dual-
stage gated fusion strategy: an early-stage gate suppresses
non-physical noise, while a late-stage gate acts as a regulator,
dynamically amplifying physical priors when visual uncer-
tainty is high. Our primary contributions are summarized as
follows:

• Physical Prior Generator (PPG): A module that trans-
forms statistical acoustic properties into a differentiable
representation, enabling the network to perceive intrinsic
tissue characteristics.

• Dual-stage Gated Fusion Strategy: A mechanism sim-
ulating adaptive evidence integration by bridging global
physical hypotheses with local visual verification, enhanc-
ing robustness in low-SNR environments.

• Cross-domain Validation: Extensive experiments across
multiple datasets confirming that embedding invariant
physical laws facilitates robust perception, particularly
when handling low contrast and speckle noise in ultrasound
images.

Methodology

Human radiologists, when interpreting ultrasound images,
employ a global-to-local cognitive strategy using the statistical
characteristics of tissue echoes, To simulate this process,we
propose Naka-SAM for ultrasound image segmentation. Tra-
ditional deep learning methods typically start with a "tabula
rasa" state and learn pixel-by-pixel or patch-by-patch repre-
sentations. In contrast, As shown in Figure 1,our framework
explicitly incorporates the intrinsic physical tissue character-
istics as learnable physics-informed priors.

Modeling Ultrasound Physics as Cognitive Priors
In ultrasound imaging, from a physics perspective, the enve-
lope of the backscattered signals from biological tissues fol-
lows the Nakagami distribution. We hypothesize that expert
radiologists, when distinguishing tissue types, are implicitly
estimating the parameters of this distribution.

Formally, for a random variable 𝑥 (representing the envelope
amplitude of the feature map), the probability density function
(PDF) of the Nakagami distribution is defined as:

𝑓 (𝑥 | 𝑚,Ω) = (2𝑚𝑚)
Γ(𝑚)Ω𝑚 𝑥2𝑚−1 exp

(
−𝑚

Ω
𝑥2
)

Where:

• 𝑥 ≥ 0 represents pixel intensity or feature amplitude.
• 𝑚 ≥ 0.5 is the shape parameter, describing the scattering

conditions (ranging from pre-Rayleigh to Rice distribution).
In our framework, this parameter quantifies microstructural
heterogeneity, reflecting the spatial distribution and density
of scattering centers.

• Ω > 0 is the scale parameter, representing the time-
averaged power of the backscattered signal (Ω = E[𝑥2]),
corresponding to signal energy.

• Γ(·) is the Gamma function.

Physical Prior Generator (PPG)
To endow the network with explicit physical reasoning, we
propose the Physical Prior Generator (PPG). Beyond simple
feature extraction, this module serves as a differentiable cog-
nitive schema that internalizes the physics of tissue backscat-
tering, particularly the Nakagami statistical model, into the
network parameters.
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Dynamic Internalization of Physical Parameters Unlike
traditional methods that rely on the static fitting of physical
parameters 𝑚 and Ω, the PPG treats them as evolving internal
states of the network, denoted as 𝜃 = {𝑚,Ω}. This allows
the model to adaptively seek the optimal physical manifold
during end-to-end training via gradient descent.

To constrain the generated prior distributions within a phys-
ically valid space, specifically requiring 𝑚 ≥ 0.5 and Ω > 0,
we implement a Physically-Constrained Reparameterization
mechanism employing the Softplus function:

𝑚 = Softplus(𝑤𝑚) + 0.5, Ω = Softplus(𝑤Ω) + 𝜖 (1)

where 𝑤𝑚 and 𝑤Ω represent the latent unconstrained weights
of the network, and 𝜖 = 10−6 is a numerical stability term. The
Softplus function, defined as Softplus(𝑥) = ln(1 + exp(𝑥)),
is specifically selected for its smooth and second-order dif-
ferentiable properties. Unlike the standard ReLU function,
Softplus provides a continuous gradient profile that facilitates
stable optimization during backpropagation, allowing the PPG
to effectively internalize the physics of tissue backscattering
within the neural architecture. By incorporating an offset of
0.5 for the shape parameter 𝑚, this mechanism effectively
mitigates the risk of the model generating distributions that
lack physical validity. Consequently, the PPG functions as a
differentiable physics-aware representation that goes beyond
generic feature extraction, ensuring that the learned represen-
tations remain grounded in the physical laws of ultrasound
propagation.

Probabilistic Soft-Matching and Differentiable Density
Estimation To achieve matching of discrete physical modal-
ities within a continuous feature space, we abandon hard bin-
ning operations in favor of a differentiable probabilistic re-
sponse inspired by Kernel Density Estimation (KDE).

The PPG calculates the posterior probability that a feature
𝑥𝑖, 𝑗 belongs to the 𝑘-th physical mode (defined by 𝑚𝑘 ,Ω𝑘).
This process simulates the probabilistic feature matching
mechanism found in cognitive science:

𝑃(𝑘 | 𝑥𝑖, 𝑗 ) =
exp

(
Φ(𝑥𝑖, 𝑗 , 𝑚𝑘 ,Ω𝑘)/𝜏

)∑𝐾
𝑙=1 exp

(
Φ(𝑥𝑖, 𝑗 , 𝑚𝑙 ,Ω𝑙)/𝜏

) (2)

Here, Φ(·) represents the physical energy function, while 𝜏

serves as a pre-defined temperature coefficient. This hyper-
parameter, empirically fixed at 0.07 to enhance distributional
discriminability, dynamically regulates the sensitivity of the
model to statistical features. Functionally, this mechanism is
functionally analogous to contrast sensitivity in the human vi-
sual system, determining the precision with which the network
matches latent physical priors to visual evidence.

Log-Domain Physical Response Considering that the ex-
ponential nature of the Nakagami distribution may induce
gradient vanishing during backpropagation, we map the phys-
ical consistency calculation to the logarithmic domain. The

response map 𝐻 ∈ R𝐵×𝐾×𝐻×𝑊 for the 𝑘-th physical channel
is formalized as a log-likelihood estimation:

ln(𝐻𝑘) ∝ ln(𝑚) − ln(Γ(𝑚)) − 𝑚 ln(Ω)︸                                ︷︷                                ︸
Intrinsic Physical Entropy

+ (2𝑚 − 1) ln(𝑥) − 𝑚

Ω
𝑥2︸                      ︷︷                      ︸

Data Likelihood
(3)

By adopting this formulation, the PPG achieves significantly
improved numerical stability compared to the original expo-
nential formulation.

Adaptive Gated Fusion for Evidence Integration
Cognitive science suggests that perception is an adaptive ev-
idence integration process. When visual input is ambiguous,
the brain relies more on global statistical priors; conversely,
when edges are clear, local visual cues dominate. To simu-
late this mechanism, we employ an Adaptive Gated Fusion
module. Let 𝐹main ∈ R𝐶×𝐻×𝑊 be the semantic features ex-
tracted by the Transformer backbone, and 𝐹hist ∈ R𝐶×𝐻×𝑊

represent the microstructural features projected from the Nak-
agami layer.As shown in the fusion module in Figure 1, the
fused representation 𝐹out is calculated through a nonlinear
gating mechanism:

𝐺 = 𝜎(𝑊𝑔 ∗ [𝐹main ∥ 𝐹hist] + 𝑏𝑔) (4)

𝐹out = LayerNorm(𝐹main + 𝐺 ⊙ 𝜙(𝐹hist)) (5)

Where:

• ∥ denotes concatenation along the channel dimension.
• 𝜎(·) is the Sigmoid activation function, generating the gat-

ing map 𝐺 ∈ [0, 1]𝐶×𝐻×𝑊 as the adaptive gating map,
which dynamically determines the reliance on physical pri-
ors.

• 𝑊𝑔 and 𝑏𝑔 are the weights and biases of the convolutional
gating network.

• 𝜙(·) is the linear projection used to align the feature spaces.
• ⊙ denotes the Hadamard product (element-wise multipli-

cation).

Dual-Stage Prior-Guided Feature Fusion
Finally, to enforce structural consistency at different scales,
we integrate this fusion mechanism into two key cognitive
stages:

• Early-Sensory Stage: Immediately after Patch Embed-
ding, original statistical descriptors are fused to guide the
encoder’s attention to regions with physical relevance.

• Late-Decision Stage: Before the final segmentation head,
global microstructural statistics are reintroduced to ensure
the predicted mask maintains the structural consistency of
the underlying tissue.
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Table 1: Quantitative comparison of Naka-SAM with state-of-the-art methods and SAM variants across five ultrasound datasets.
↑ indicates higher is better; ↓ indicates lower is better. Bold font denotes the best results in each category.

Method CAMUS (LA) TN3K BUSI CAMUS (LV) CAMUS (MYO)
Dice↑ HD↓ Dice↑ HD↓ Dice↑ HD↓ Dice↑ HD↓ Dice↑ HD↓

U-Net 91.00 12.91 79.01 34.12 78.11 33.60 93.56 9.90 86.86 16.87
AAU-Net 91.33 12.12 82.28 30.53 80.81 30.39 93.32 9.97 86.98 16.49
SwinUNet 89.80 14.74 70.08 44.13 67.23 47.02 91.72 12.80 84.46 20.25
MISSformer 91.18 11.82 79.42 32.85 78.43 30.10 93.25 9.94 86.57 16.50
TransUNet 91.37 12.46 81.44 30.98 82.22 27.54 93.60 9.60 87.20 17.25
H2Former 90.98 11.92 82.48 30.58 81.48 27.84 93.44 9.60 87.31 16.60
SAM 17.28 193.70 29.59 134.87 54.01 82.39 28.18 196.64 29.42 184.10
MedSAM 88.06 15.70 71.09 42.91 77.75 34.26 87.52 15.28 76.07 25.72
SAMed 90.92 12.60 80.40 31.29 74.82 34.60 87.67 13.24 82.60 19.48
MSA 91.80 11.59 82.67 29.15 81.66 28.87 90.95 11.29 82.47 19.28
GSAM 90.65 10.88 86.68 20.48 81.65 28.50 92.39 11.59 86.09 10.88
Naka-SAM 92.65 10.81 87.91 19.58 84.65 25.33 93.12 10.71 86.41 11.78

Experiments
Experimental Setup and Datasets
We evaluated Naka-SAM on seven challenging ultrasound
datasets: TN3K (Gong et al., 2023), TG3K (Wunderling et
al., 2017), BUSI (Al-Dhabyani et al., 2020), CAMUS (Leclerc
et al., 2019), DDTI (Pedraza et al., 2015), UDIAT (Yap et al.,
2020), and HMC-QU (Kiranyaz et al., 2020). Following the
CC-SAM(Gowda & Clifton, 2024) protocol, we partitioned
the BUSI dataset into a 7:1:2 ratio for training, validation,
and testing. For the TN3K and TG3K datasets, we followed
the TRFE strategy , using TG3K exclusively for training. To
assess zero-shot generalization, models were trained on seen
datasets and evaluated on unseen subsets (DDTI, UDIAT,
HMC-QU) without further fine-tuning.

Implementation Details
The backbone is based on the ViT-B architecture of SAM.
To preserve general visual representations while enabling
physics-aware adaptation, we fine-tuned only the Physical
Prior Generator (PPG) and the Gated Fusion modules, re-
sulting in a highly parameter-efficient architecture with only
39.65M trainable parameters. The PPG module utilizes a
histogram estimation layer combined with a probabilistic fea-
ture matching function, with its temperature parameter 𝜏 set
to 0.07 to enhance distributional discriminability. Naka-
SAM was implemented in PyTorch and trained on a single
NVIDIA RTX 3090 GPU for 200 epochs. Taking the BUSI
dataset (containing 647 images) as a representative bench-
mark, the entire training process for 200 epochs takes approx-
imately four hours.We optimized the model using AdamW
(𝛽1 = 0.9, 𝛽2 = 0.999, weight decay = 0.0001) with an initial
learning rate of 1 × 10−4. Standard augmentations, including
elastic deformation and rotation, were applied to 256 × 256
input images. Performance was quantified via Dice Similarity
Coefficient (Dice) and Hausdorff Distance (HD).

Quantitative Results and Analysis

Comparison with Established Methods: As shown in Ta-
ble 1, Naka-SAM achieves superior performance on several
challenging ultrasound segmentation tasks, particularly under
low-contrast and poor-quality imaging conditions. On TN3K
(Dice: 87.91%) and BUSI (Dice: 84.65%), Naka-SAM sig-
nificantly outperforms advanced architectures such as Tran-
sUNet and H2Former. This advantage is especially evident in
terms of Hausdorff Distance (HD). For example, on TN3K,
the HD is reduced to 19.58, indicating that the incorporation of
physics-informed priors effectively alleviates boundary leak-
age and suppresses artifact-induced segmentation errors.

Compared with other datasets, CAMUS contains a substan-
tially larger number of samples (19,232 images), resulting in
relatively stable and consistent performance across different
segmentation models.

Comparison with SAM Variants: As illustrated in Table
1, we further compare Naka-SAM with representative SAM-
based architectures, including the original SAM (Kirillov et
al., 2023), SAMed (K. Zhang & Liu, 2023), MSA (Wu et
al., 2025), MedSAM (Ma et al., 2024), and GSAM (Kato
et al., 2024). Although these methods provide competitive
baselines, Naka-SAM consistently achieves the best overall
performance across multiple benchmarks.

Vanilla SAM exhibits substantially inferior performance,
with Dice scores ranging from 17.28% to 54.01% and ex-
tremely large HD values. This performance degradation
mainly arises from three limitations: (1) Domain mismatch:
SAM is pre-trained on natural image datasets (e.g., SA-1B)
and lacks adaptation to ultrasound-specific artifacts such as
speckle noise and acoustic shadowing; (2) Feature irrele-
vance: its feature extraction mechanism prioritizes generic
visual patterns rather than the statistical characteristics of ul-
trasound tissue backscatter; and (3) Lack of physics-informed
guidance: without structured physical priors, the model fre-
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Figure 2: Experimental results of the proposed method on three different datasets: (a) Thyroid Nodule, (b) Breast Tumor, and
(c) Myocardium. We evaluate the cross-domain robustness of Naka-SAM by comparing its performance on seen distributions
(blue bars) versus unseen, zero-shot distributions (orange bars).

Input MissFormer SAM MedSAM SAMed GSAMMSA
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Naka-SAMUnet transUnet

CAMUS

(MYO)

Groundtruth

Figure 3: Qualitative comparison of segmentation results on CAMUS (MYO), BUSI, and TN3K datasets. Yellow contours
represent the ground truth, and green contours represent the model’s predictions. Naka-SAM achieves superior boundary
alignment and robustness against noise.

quently misclassifies noise and artifacts as anatomical struc-
tures.

In contrast, Naka-SAM achieves performance improve-
ments exceeding 5% on datasets such as CAMUS (MYO) and
BUSI. These results suggest that merely increasing medical
training data is insufficient for robust ultrasound segmenta-
tion, whereas incorporating physics-informed priors provides
more effective structural guidance under challenging imaging
conditions.

Quantitative Evaluation of Zero-shot Generalization
As illustrated in Figure 2,we evaluate the cross-domain ro-
bustness of Naka-SAM by comparing its performance on seen
distributions (blue bars) versus unseen, zero-shot distributions
(orange bars).

• In-distribution Performance (Blue): For datasets in-
cluded in the training phase, such as TN3K, BUSI, and
CAMUS-LA, Naka-SAM consistently achieves state-of-
the-art Dice scores, effectively setting a high ceiling for
ultrasound segmentation.

• Zero-shot Generalization (Orange): The model’s true
strength is demonstrated in the orange categories, which
represent datasets that were never seen during training.
Despite the significant domain shift caused by different

imaging equipment and patient demographics, Naka-SAM
maintains stable performance with minimal decay com-
pared to the training benchmarks.

Specifically, As illustrated in Figure 2(b), the model was
trained exclusively on the BUSI dataset, while the UDIAT
dataset was utilized solely for zero-shot validation to assess
cross-domain generalization. The performance gap between
the seen BUSI dataset and the unseen UDIAT dataset is signifi-
cantly narrower than that of competing SAM variants. This re-
silience suggests that our Physical Prior Generator (PPG) pri-
marily extracts domain-invariant physical fingerprints rather
than merely overfitting to dataset-specific noise patterns.

Qualitative Results: Simulating Expert structural
consistency
Visualizations (Figure 3) intuitively demonstrate Naka-SAM’s
superiority. In BUSI, where speckle noise obscures tumor
edges, models like MedSAM produce fragmented and drift-
ing boundaries. In contrast, Naka-SAM’s boundaries (green)
closely align with the gold standard (yellow). In CAMUS my-
ocardium segmentation, Naka-SAM maintains the topological
consistency of the annular structure, whereas competitors of-
ten show "breaks" in low-contrast regions. This phenomenon
proves the model’s predictive coding capability—predicting
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Table 2: Ablation Study Results on BUSI and TN3K

Components BUSI (Dice)↑ BUSI (HD)↓ TN3K (Dice)↑ TN3K (HD)↓
Baseline (GSAM) 81.65 28.5 86.68 20.48
w/ PPG 83.66 26.21 86.92 20.27
Full Model (PPG + fusion module) 84.65 25.33 87.26 19.89
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Figure 4: Visualization of the PPG workflow. It illustrates the transition from input 𝑋 to normalized features, the estimation of
Nakagami parameters (𝑚,Ω) via probabilistic feature matching, and the resulting physical fingerprint output overlayed with the
ground truth.

true boundaries via internal physical models to actively filter
out signals that contradict physical logic.

Ablation Study
To evaluate the contributions of different components in the
proposed model, we conducted an ablation study on two
datasets: BUSI and TN3K. We compared four configurations
by systematically removing key components of our model.
As shown in the table 2, the addition of the PPG and fusion
module improved the performance across both Dice and HD
scores, particularly on the BUSI dataset, where the Dice score
increased from 81.65 to 83.68 and the HD decreased from
28.5 to 26.28. These improvements demonstrate the effec-
tiveness of incorporating PPG features and the fusion module
into our model.

Discussion: Explanatory Power of Physical
Fingerprints
The PPG output (Figure 4) reveals the internal decision mech-
anism. The generated maps clearly capture Nakagami dis-
tribution differences between microstructural heterogeneity.
This structured physical prior serving as a cross-domain in-
variant feature, is key to Naka-SAM’s exceptional zero-shot
generalization.

General Discussion
Physical Fingerprints as Structured Priors
Traditional deep learning models often exhibit limited robust-
ness under heterogeneous ultrasound imaging conditions due
to their strong reliance on local appearance features. In con-
trast, the Nakagami parameters captured by the proposed PPG
module encode domain-invariant statistical characteristics of

tissue backscatter and microstructural heterogeneity. By in-
tegrating these physics-informed priors into the segmentation
process, the proposed framework provides complementary
structural constraints that help reduce boundary fragmenta-
tion and anatomically inconsistent predictions, particularly in
low-contrast and speckle-corrupted regions.

Uncertainty-Aware Feature Integration
Our dual-stage gating mechanism performs adaptive integra-
tion of semantic features and physics-informed priors under
challenging ultrasound imaging conditions. The early-stage
gate suppresses noise-sensitive responses during low-level
feature extraction, while the late-stage gate dynamically en-
hances the contribution of physical priors in ambiguous or
low-contrast regions. Experimental results suggest that the
proposed mechanism improves structural consistency and ro-
bustness against speckle noise and boundary uncertainty.

Conclusion
This study introduces Naka-SAM, a physics-informed frame-
work for ultrasound image segmentation that integrates learn-
able Nakagami-based priors with adaptive gated feature fu-
sion. By explicitly modeling the statistical characteristics
of ultrasound backscatter, the proposed framework improves
structural consistency and robustness under noisy and low-
contrast imaging conditions. Comprehensive evaluations
across seven datasets demonstrate that Naka-SAM not only
outperforms existing segmentation methods but also exhibits
strong zero-shot generalization capability across heteroge-
neous ultrasound domains. Future work will investigate the
extension of the proposed physics-informed prior modeling
strategy to other medical imaging modalities.
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