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Abstract. Ultrasound bone surface segmentation is a critical prerequi-
site for orthopedic applications such as quantitative analysis and intra-
operative navigation. However, reliable segmentation remains challeng-
ing due to ambiguous bone boundaries, strong appearance variability,
and interference from bone-like soft tissues, often resulting in unstable
predictions in complex clinical scenarios. Existing approaches often rely
on network designs tailored to specific ultrasound physical priors, which
may limit their adaptability across different imaging conditions. In this
work, we propose a Probability-Anchored Network (PANet) for robust
ultrasound bone segmentation. Built upon a U-Net backbone, PANet
explicitly introduces a probability space as an intermediate represen-
tation between image features and segmentation results, enabling con-
trollable activation, discrimination, and refinement of bone boundaries.
Specifically, global linear bias, local probability exchange, and global at-
tention mechanisms are jointly employed to enhance bone-related re-
sponses while suppressing globally inconsistent false positives. More-
over, a unified segmentation head provides globally consistent supervi-
sion across all network stages, enabling probability-aligned learning and
segmentation-guided attention. Experiments on freehand-scanned long-
bone ultrasound datasets demonstrate that PANet achieves more accu-
rate and stable segmentation performance compared with state-of-the-art
methods.

Keywords: Ultrasound bone segmentation - Probabilistic feature mod-
eling - Unified multi-level supervision

1 Introduction

With the increasing availability of ultrasound imaging systems, their application
in orthopedic settings has attracted growing attention [4]. Although X-ray, CT,
and MRI remain the standard modalities for acquiring clear bone structural
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information, ultrasound offers real-time, radiation-free, and portable imaging for
continuous bedside and intraoperative assessment [24]. Consequently, ultrasound
has been increasingly applied in fracture reduction [29], interventional procedures
[1], and joint and tendon assessment [22], all of which require accurate bone
surface localization.

Due to the high acoustic impedance of bone tissue, freehand ultrasound
imaging often exhibits complex appearances and severe artifacts, making bone
interpretation highly dependent on physician experience. This dependence re-
stricts the broader adoption of ultrasound in quantitative analysis, preoperative
planning, and intraoperative navigation [9, 28, 20|. Therefore, stable and consis-
tent automated bone surface segmentation has become a critical prerequisite.
However, ambiguous bone boundaries and strong interference from surrounding
bone-like structures make ultrasound bone segmentation particularly challenging
under clinical imaging conditions.

Traditional ultrasound bone segmentation methods rely on manually de-
signed rules based on image features such as intensity, shadow, and local phase
[6,18, 11]. However, they are highly sensitive to imaging conditions and parame-
ter settings, limiting their robustness in complex clinical scenarios. Recent deep
learning—based approaches show notable advantages. Existing studies mainly en-
hance performance by incorporating ultrasound-specific physical priors or design-
ing specialized architectures to strengthen feature representation. Prior-based
methods introduce knowledge-driven image enhancement techniques, such as
shadow augmentation and local phase filtering, to emphasize bone-related char-
acteristics [26,27,2]. Some studies further adopt dual-decoder architectures to
jointly segment bone surfaces and shadows, improving the separation of bone
structures from bone-like soft tissues [13]. However, such prior-driven designs
are sensitive to system-dependent variability and often generalize poorly across
devices and imaging settings. Other works design CNN-;, GCN-, or attention-
based architectures without explicit physical priors [16, 12,19, 14], yet the lack of
explicit prediction confidence regulation makes them vulnerable to false-positive
activations from bone-like soft tissues, limiting reliability in clinical navigation.

In this study, we propose a Probability-Anchored Network (PANet) for ul-
trasound bone segmentation. PANet introduces a probability space as an in-
termediate representation between feature learning and segmentation, modeling
the binary confidence of bone structures relative to surrounding soft tissues as
a probability distribution. CNN features regulate spatial exchange and linear
bias within the probability space, while a unified segmentation head enables
probability estimation across stages. Encoder attention is guided by probability-
aware activation to reinforce high-confidence bone regions and suppress false-
positive responses. The decoder performs progressive boundary refinement via lo-
cal probability-space exchanges, preventing false-positive feature propagation in-
troduced by skip connections. Our contributions are: (1) A probability-anchored
architecture introducing an explicit K-dimensional probability space co-updated
with CNN features, decomposing segmentation into activation, discrimination,
and refinement stages to reduce false-positive predictions; (2) A unified multi-
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Fig. 1. Overview of the proposed PANet. A probability space is introduced between
image features and segmentation outputs. PBM, PEM, and PRM are designed to ac-
tivate, optimize, and discriminate bone segmentation probabilities within this space,
guided by CNN-extracted image features. The UPE-Head decodes multi-scale probabil-
ity maps into segmentation outputs. The evolution of bone segmentation probabilities
across different network stages is visualized.

level supervision strategy enforcing consistent probability alignment throughout
the network, enabling more controllable and focused encoder feature evolution.

2 Method

2.1 Probability-Anchored Network Structure

An overview of the proposed PANet architecture is shown in Fig. 1. Ultrasound
bone segmentation remains challenging due to weak and ambiguous bone bound-
aries and the difficulty of distinguishing bone surfaces from visually similar sur-
rounding structures. To address these challenges, PANet introduces an explicit
probability space P € REXWXK a5 an intermediate representation between U-
Net [21] style backbone (F € R¥*W*C) and segmentation logits G € RT*W.
In this probability space, foreground and background evidence is progressively



4 W. Yan et al.

organized into separable probability clusters as the network evolves. Meanwhile,
since probability maps at different stages are supervised under a shared spatially
aligned target, the semantic anchors of these clusters remain consistent through-
out the network. This design enables structured decomposition into (i) early
activation, (ii) attention-based discrimination, and (iii) progressive refinement.

Backbone and co-update in probability space. Pre-activation bottleneck
blocks [8] are adopted throughout the CNN backbone. The encoder reduces the
spatial resolution from 224 x 224 to 14 x 14, followed by a decoder upsampling
features to 112 x 112. After each convolutional update, features are projected
into the probability space via two lightweight branches that generate a local
exchange kernel and a global bias term (Section 2.2), which jointly drive the
probability update. This feature-probability co-update is repeated 2, 3, 4, and
5 times across encoding stages and twice per decoding stage. The probability
space is initialized with Gaussian anchor priors as:

P (2, ) = Softmaxy (@, 9) — well” /20%) k=1, K (1)

where (z,y) denotes the spatial coordinate, and p,; represents the center of
the Gaussian anchor in the k-th channel. The probability space is uniformly
partitioned into VK x VK grid regions, with p, sequentially assigned to the
center of each grid cell. This Gaussian-anchor initialization provides smooth
spatial gradients and stabilizes the early-stage training of the probability space.

Late-stage global reasoning and supervision. At late encoding stages
(28 x 28 and 14 x 14 resolutions), PANet applies global self-attention [25] in
the probability space with rotary positional embedding (RoPE) [23] to enhance
discrimination under complex backgrounds (Section 2.3). A convolutional Uni-
fied Probability Explanation Head (UPE-Head) with two 3 X 3 and one 1 x 1
convolutions produces intermediate logits at resolutions ranging from 14 x 14
to 112 x 112, while an additional head (one 3 x 3 and one 1 x 1 convolution)
outputs the final full-resolution prediction. All outputs are jointly supervised by
a multi-level loss:

1 n
=— E BCE i, gti) + Di is gt 2
L - (BCE(pred;, gt;) ice(pred;, gt;)) (2)

i=1

where n denotes the number of supervised resolutions, and (pred;, gt;) denote
the prediction and ground truth at the i-th resolution. This unified head enforces
consistent probability-space alignment across stages and provides encoder-level
segmentation cues to guide subsequent attention reasoning.

2.2 Probability Exchange and Bias Modules.

The Probability Exchange Module (PEM) and Probability Bias Module (PBM)
transform CNN features into update signals for the probability representation
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P € REXWXK Given a feature map F, a convolution followed by a softmax op-
eration generates a spatially varying 3 x 3 local exchange kernel £ € R#*Wx9,
Guided by £, PEM redistributes probabilities via weighted aggregation of neigh-
boring log-probabilities within the 3 x 3 neighborhood. In parallel, PBM projects
features to a global bias term B € RE*WxK in the same probability space. Their
combined effect yields the probability update:

P,’Lw = Softmax | o(c.) Z Enw(i,g) ~’/5h+i,w+j — ﬁh’w + o(aw) B w
(4,4)€R
A 3)
where P, ;, € RE denotes the probability vector at (a,b), P = log P, and 2 de-
notes the 3 x 3 neighborhood centered at (h,w). The sigmoid function o(-) con-
strains the contributions of both PEM and PBM, while a, and «3 are learnable
scaling parameters initialized to —5 to encourage conservative early updates.
PEM operates throughout the network for continuous local refinement, while
PBM is applied only at 112 x 112 and 56 x 56 resolutions to promote early
bone activation, leaving hard global discrimination to the subsequent attention
reasoning module.

2.3 Probability Reasoning Module

To better distinguish true bone structures from visually similar soft tissues,
the Probability Reasoning Module (PRM) is introduced at late encoding stages
where sufficient semantic context is available. PRM performs global reasoning
directly in the probability space, complementing local exchange by suppressing
globally inconsistent activations.

Given the probability representation P € R¥*W>K and the confidence map
G € RTXW produced by the UPE-Head (after sigmoid), PRM aggregates prob-
abilities within b x b blocks to form compact tokens. For each block (2, ,, the
block-level probability PP* is computed by confidence-weighted aggregation:

Gij
Z gu,v + €

(u,0)ENRp 4

blk __ D,q L p,q __
Piba= > whiPrig,  wif=

(ihj)eﬂpy(l

(4)

Block-level probabilities are embedded via log mapping and linear projec-
tion as t,, = ¢(10g(73};1k + e)), n =1,..., H,W,. Here, ¢(-) consists of layer
normalization and linear projection. Global token reasoning is performed using
multi-head self-attention with RoPE applied to Q and K:

Y = Softmax(QK"/\/d) V, Q=RoPE(Q), K=RoPE(K) (5)

where Q, K,V are linear projections of t and dj, is the per-head dimension.

The attention output is projected to a block-level residual update AP and
broadcast to full resolution via R(-). To preserve a valid probability distribution,
PRM performs a bounded residual update in log-probability space:

P’ = Softmax [log P + o(a) - R(A"¥)] (6)



6 W. Yan et al.

where o(a) controls the update magnitude at early stage.

3 Experiments and Results

3.1 Dataset and Implementations

The dataset was collected from 10 healthy volunteers (5 males and 5 females,
aged 24-42 years) using a Mindray Resona 6 system equipped with a linear
probe (L14-5W7U) at a depth of 5 c¢cm. Freehand upper-limb long-bone scans
were acquired for all subjects, with additional lower-limb scans obtained from
two of the subjects. The study was approved by the Beijing Tsinghua Changgung
Hospital Medical Ethics Committee (Approval No.: 24204-4-02), and written
informed consent was obtained from all participants. Annotations were generated
by an experienced researcher using a SAM2-based semi-automatic tool integrated
into 3D Slicer and were reviewed by an orthopedic surgeon with slice-by-slice
confirmation. The dataset contains 246,471 images (one or two long bones per
image) and was split at limb level (48 limbs) to prevent leakage.

We compared PANet with U-Net [21], FCN [15], ResNet with a task-specific
head [7], SegNet [3], Att-Unet [17], ResUNet [30], ResUNet++ [10], TransUNet
[5], and BCA-Net [13], covering encoder—decoder, residual, attention-based, and
task-specific architectures. Due to limited publicly available implementations and
datasets for ultrasound bone segmentation, direct comparison is constrained.
Evaluation metrics included IoU, Dice, HD95, recall, precision, and inference
speed (fps). Five-fold cross-validation was used, with metrics computed per im-
age and averaged across folds.

Inputs were resized to 224 x 224 with rotation, flipping, and grayscale aug-
mentation. All models were trained on an NVIDIA RTX 4090 GPU using SGD
with momentum 0.9 and weight decay 10~%. The initial learning rate was set
to 0.0167 and linearly decayed over 50 epochs with a batch size of 32. Baselines
used publicly available implementations under identical data splits and training
settings, while BCA-Net followed the original configuration. PANet used encoder
channels of 64, 128, 256, 512, and 1024 with probability dimension K = 64. In
PRM, block size was set to b = 2 at 28 x 28 and 14 x 14 resolutions, and self-
attention employed 4 heads with a per-head dimension of 16. In total, PANet
contains 14.8M trainable parameters. The code and trained models will be pub-
licly released, and the dataset will be made available upon reasonable request.

3.2 Performance Comparison

As shown in Table 1, PANet achieves the best overall performance, attaining
an IoU of 81.39%, a Dice score of 89.43%, and an HD95 of 0.97mm, with bal-
anced recall (90.20%) and precision (90.00%). In contrast, competing methods
exhibit noticeable recall-precision imbalance. BCA-Net achieves the highest re-
call (91.10%) but with reduced precision (85.67%, corresponding to a 5.43-point
gap), while ResUNet shows the opposite trend (83.43% vs 90.68%). PANet re-
duces this gap to 0.20 points, achieving a balanced trade-off between sensitivity
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and specificity. Fig. 2 further shows that PANet produces fewer false positives
and missed bone surfaces under severe interference from multiple bone-like soft-
tissue structures. Despite the additional feature—probability co-updates, PANet
achieves 194 fps on an RTX 4090 using torch.compile, exceeding the 60 fps
clinical real-time requirement.

The current dataset was collected from a single institution with one ultra-
sound system and mainly includes healthy long-bone images. Future work will
extend the evaluation to multi-center and cross-device datasets, clinically chal-
lenging cases, and diverse bone structures. Additional boundary metrics, stronger
comparison baselines, and quantitative interpretability analyses will also be in-

Table 1. Quantitative comparison of different methods.

Method IoU (%) T Dice (%) T HD95 (mm) | Recall (%) 1+ Precision (%) 1T FPS 1
U-Net 77.85 £0.29 86.99 £ 0.23 1.47 £ 0.15 87.23 £2.24 88.90 £2.07 444
FCN 69.33 £ 0.85 81.45 +0.60 1.59 £ 0.41 85.65 £ 1.27 79.43 £2.00 408
ResNet 70.99 £ 0.67 82.66 = 0.45 1.28 £0.08 86.51 + 1.58 80.80 £ 2.19 321
SegNet 7722 £0.54 86.69 +£0.34 1.37+£0.12 86.75+1.80 88.63+£ 198 510

Att-Unet 78.57 £ 0.59 8747 £0.37 141 £0.16 87.50+1.74 89.47 £1.98 375
ResUNet 75.99 £ 0.65 85.69 £0.50 1.70 £0.12 83.43 +£1.84 90.68 + 1.63 369
ResUNet++ 77.24 £ 0.94 86.61 £ 0.62 1.53 £0.17 86.77 £2.93 88.70 &£ 2.57 330
TransUNet  79.32 £+ 0.68 88.08 £ 0.44 1.35+0.20 89.73 £1.82 88.21 +2.02 202
BCA-Net 78.44 £1.08 87.54 £0.70 1.23£0.13 91.10 £ 1.39 85.67 + 1.71 111
PANet 81.39 £ 0.92 89.43 + 0.58 0.97 + 0.10 90.20 = 1.04 90.00 + 1.14 194

Fig. 2. Qualitative comparison on two challenging cases. Ground-truth bone surfaces
are shown in blue, while predicted results are shown in red.
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corporated to further assess the robustness, applicability, and overall perfor-
mance of PANet.

3.3 Ablation Study

To evaluate the contribution of key components, ablation experiments were con-
ducted by removing individual modules, with results summarized in Table 2.

Removing the probability space (w/o P) reduces the model to a backbone
with one single convolutional supervision, resulting in large IoU drop (—1.88
points) and a 47% increase in HD95. This confirms that the probability repre-
sentation provides modeling capacity beyond deep supervision alone. Removing
PEM leads to the most severe degradation, falling below the U-Net baseline. As
PEM operates at every co-update step in both encoder and decoder, its removal
eliminates local probability redistribution, disabling boundary-aware optimiza-
tion and leading to poor boundary alignment. Removing PRM causes a moderate
performance drop, with recall decreasing from 90.20% to 89.13% while precision
remains comparable, indicating that PRM improves global discrimination, facil-
itating bone activation in ambiguous regions.

Removing PBM yields performance within one standard deviation of the
full model, suggesting that PEM-driven local exchange partially compensates
for the absence of feature-to-probability bias. Building upon w/o PBM, further
removing Gaussian initialization (w/o PBM+Uni. P;(0)) causes an additional
degradation of 0.47 IoU points and 0.30 Dice points, leading to unstable con-
vergence. Removing PBM delays structure activation to later encoder stages,
wasting early capacity, while the twisting-based injection is less effective than
linear bias for complex structure perception. Although removing the UPE-Head
produces comparable results, it is retained to provide intermediate supervision
for PRM attention, enable probability-space monitoring across stages, and im-
prove robustness under challenging imaging conditions. The influence of hyper-
parameters, including the probability dimension K, PRM block size, and loss
weights, will be further investigated in future work.

Table 2. Results of ablation study. “w/0” denotes removing the corresponding module.

Method ToU (%) * Dice (%) T HD95 (pixel) | Recall (%) 1 Precision (%) 1
w/o P 79.51 £ 0.43 88.22 £ 0.26 1.43 + 0.22 88.32 £ 1.39 89.78 £ 1.52
w/o PEM 75.07 £ 1.26 85.41 £ 0.85 1.23 £ 0.09 85.90 £ 1.10 86.40 £+ 1.21
w/o PRM 80.30 £ 1.03 88.75 + 0.67 1.02 + 0.08 89.13 £ 1.40 89.79 £+ 1.31
w/0o PBM+Uni. Px(0) 81.06 £+ 0.99 89.22 £+ 0.64 0.98 £ 0.09 89.55 + 0.80 90.26 + 0.89
w/o PBM 81.53 £ 1.07 89.52 £ 0.69 0.95 + 0.11 90.32 £ 1.25 90.04 £+ 1.15
w/o UPE 81.47 £ 1.05 89.47 + 0.67 0.98 + 0.08 90.47 + 1.27 89.84 + 1.25

PANet 81.39 £ 0.92 89.43 £ 0.58 0.97 £ 0.10 90.20 £ 1.04 90.00 + 1.14
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4 Conclusion

We propose a Probability-Anchored Network (PANet) for robust and stable ul-
trasound bone segmentation. By modeling an intermediate probability space
with unified multi-level supervision, segmentation is decomposed into activation,
discrimination, and refinement stages. Experiments on a large-scale freehand
long-bone ultrasound dataset demonstrate consistent improvements in segmen-
tation accuracy, boundary precision, and reliability under challenging imaging
conditions. Moreover, the introduced probability space provides a quantifiable
intermediate representation that enables stage-wise visualization of the network’s
decision process, offering a potential foundation for future research on control-
lable network design and clinical interpretability.
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