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Abstract. Semi-supervised segmentation faces an inherent trade-off be-
tween high-level semantic localization and precise boundary delineation
due to limited annotated data, which is particularly severe in ultrasound
imaging where strong speckle noise and low tissue contrast further de-
grade representation quality. While Vision Foundation Models (VFMs)
such as DINOv3 provide robust global representations, their highly ab-
stracted features tend to suppress fine-grained spatial details, resulting in
suboptimal pseudo-label quality in semi-supervised settings. To address
this limitation, we propose HG-SemiSeg, a high-frequency–guided fea-
ture refinement semi-supervised segmentation framework that improves
pseudo-label reliability by explicitly enhancing boundary-sensitive infor-
mation during upsampling. Specifically, we introduce a High-Frequency
Component Enhancement (HFCE) module that randomly selects in-
formative high-frequency components in the frequency domain to pro-
vide structural guidance for feature refinement. Built upon a frozen DI-
NOv3 backbone and the feature-agnostic upsampling module AnyUp,
HG-SemiSeg leverages the enhanced high-frequency cues produced by
HFCE to facilitate spatial detail recovery. This design restores at-
tenuated edge and texture information, thereby improving representa-
tional fidelity and pseudo-label quality. Extensive experiments demon-
strate that HG-SemiSeg consistently outperforms state-of-the-art semi-
supervised segmentation methods. In particular, using only 1% labeled
data, HG-SemiSeg achieves average Dice Similarity Coefficient (DSC)
improvements of +1.68%, +2.05%, and +1.50% over UniMatch on the
CCAUI, BUS-BRA, and PSFHS ultrasound datasets, respectively, while
significantly reducing boundary errors. These results validate the effec-
tiveness of high-frequency feature enhancement during upsampling for
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semi-supervised ultrasound image segmentation. Codes are available at
https://github.com/wxmadm/HG-SemiSeg.

Keywords: Semi-supervised learning · Wavelet transform · High-
frequency enhancement.

1 Introduction

Large-scale Vision Foundation Models (VFMs), such as DINOv3 [1], have signif-
icantly advanced visual representation learning by providing semantically rich
features. Integrating VFMs into semi-supervised segmentation frameworks (e.g.,
UniMatch [2]) effectively reduces annotation costs, as these models can gener-
ate strong semantic representations that facilitate object recognition and coarse
localization [3]. However, general-purpose VFMs are inherently biased toward
high-level semantic abstraction at the expense of fine-grained spatial precision [4],
which hampers accurate boundary delineation and degrades the quality of gen-
erated pseudo-labels. As illustrated in Fig. 1(b), features extracted from the
DINOv3 backbone are spatially diffuse and struggle to capture subtle anatomi-
cal boundaries under the low contrast and strong speckle noise characteristic of
ultrasound imaging [5]. Consequently, the model is limited in its ability to pro-
duce boundary-accurate pseudo-labels, thereby undermining the stability and
effectiveness of semi-supervised training [6].

A critical bottleneck in pseudo-label quality arises during spatial feature
recovery, where low-resolution semantic features must be reconstructed to the
original image resolution by upsampling [7]. State-of-the-art upsampling meth-
ods, such as AnyUp [8] (Fig. 1(c)), typically rely on the raw input image as
high-resolution guidance, which can introduce substantial irrelevant or mislead-
ing information during feature reconstruction [9]. This limitation is particularly
pronounced in ultrasound imaging, where raw images often exhibit weak contrast
at anatomical boundaries and severe noise contamination [10]. Consequently, di-
rectly adopting feature-agnostic upsampling strategies—such as AnyUp or bi-
linear interpolation—tends to produce over-smoothed predictions and imprecise
pseudo-labels [11]. These observations highlight the necessity of generating more
discriminative and boundary-aware feature representations during upsampling
in semi-supervised settings, especially for ultrasound images with inherently low
signal-to-noise ratios [12].

To address the limitations arising from low-resolution feature representa-
tions and suboptimal pseudo-label generation in ultrasound imaging, we propose
a high-frequency–guided feature refinement framework for semi-supervised seg-
mentation, termed HG-SemiSeg. It enhances pseudo-label quality by explicitly
incorporating high-frequency information into the feature upsampling process
to promote accurate boundary refinement. Specifically, we introduce a High-
Frequency Component Enhancement (HFCE) module to strengthen boundary-
sensitive features during the upsampling process, thereby producing more rep-
resentative high-resolution feature maps. To this end, we leverage the Discrete
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Wavelet Transform (DWT) to perform spectral decomposition and isolate high-
frequency components associated with morphological edges [13]. These compo-
nents are subsequently refined by the HFCE module, which amplifies structurally
meaningful details while suppressing non-semantic noise for upsampled feature
maps [14]. Built upon a pre-trained DINOv3 backbone and the feature-agnostic
upsampling module AnyUp, HG-SemiSeg injects the enhanced high-frequency
components into the upsampling pipeline to guide spatial detail recovery. This
design effectively reintroduces edge and texture cues attenuated by the frozen
backbone, thereby improving the representational fidelity of the reconstructed
features within the HG-SemiSeg framework. As illustrated in Fig. 1(d), the re-
fined high-frequency cues are integrated to guide the reconstruction of DINOv3
features during upsampling. By explicitly restoring boundary details suppressed
by high-level abstraction, the proposed framework enables the teacher model
to generate more anatomically consistent pseudo-labels, which in turn provide
higher-quality supervision for the student model. Extensive experiments on three
ultrasound datasets—CCAUI, BUS-BRA, and PSFHS—demonstrate that HG-
SemiSeg consistently outperforms state-of-the-art semi-supervised segmentation
methods. By improving the guidance source for spatial recovery, HG-SemiSeg
achieves superior contour accuracy and more stable training under limited an-
notation settings. Our main contributions are summarized as follows: (1) We
propose a High-Frequency Component Enhancement (HFCE) module that ex-
plicitly reinforces boundary-sensitive features to facilitate accurate structural
recovery. (2) We develop a high-frequency–guided semi-supervised segmenta-
tion framework, HG-SemiSeg, which incorporates the proposed HFCE module
to guide feature upsampling and enhance pseudo-label quality. (3) Extensive ex-
periments on three ultrasound imaging datasets demonstrate that HG-SemiSeg
consistently improves segmentation performance compared with state-of-the-art
semi-supervised methods.

(a) (b) (c) (d)

Fig. 1. Visualization of intermediate feature representations under different model con-
figurations. (a) Input ultrasound image. (b) Feature maps extracted by the frozen DI-
NOv3 encoder. (c) Feature maps from DINOv3 with the frozen AnyUp upsampling
module. (d) Feature maps from our HG-SemiSeg model (DINOv3 + AnyUp + HFCE).
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2 Methods

2.1 Overall Architecture
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Fig. 2. Overview of the proposed HG-SemiSeg framework. A frozen DINOv3 encoder
extracts multi-scale features from weakly and strongly augmented inputs. In the weakly
augmented path, high-frequency components obtained via Discrete Wavelet Transform
(DWT) are enhanced by the High-Frequency Component Enhancement (HFCE) mod-
ule and used as structural guidance for the AnyUp upsampling module to sharpen
reconstructed high-resolution features and improve boundary delineation. Although
depicted as two branches for clarity, both inputs are processed by the same segmen-
tation network with shared parameters under a weak-to-strong consistency learning
paradigm. A consistency loss between the teacher prediction (Ow) and the student pre-
diction (Os) enables robust semi-supervised learning. The weak and strong pipelines
are highlighted in yellow and green, respectively.

The overall architecture of the proposed HG-SemiSeg framework is illustrated
in Fig. 2. HG-SemiSeg follows a consistency-based semi-supervised paradigm [25],
in which each input is processed through weakly and strongly augmented branches.
Predictions from the weakly augmented branch on unlabeled data serve as
pseudo-labels to supervise the strongly augmented branch.

Features are extracted by a frozen DINOv3 encoder, which provides robust
semantic representations but tends to lose fine-grained spatial details. To recover
structural information from low-resolution feature maps, the High-Frequency
Component Enhancement (HFCE) module decomposes features via the Dis-
crete Wavelet Transform, using high-frequency sub-band features to guide high-
resolution feature generation. Guided upsampling is applied through the AnyUp
module at the first upsampling layer of the weakly augmented branch to empha-
size boundary information during feature upsampling. The decoder then pro-



High-Frequency Guided Feature Refinement 5

gressively restores full-resolution features, integrating richer boundary details
compared with standard AnyUp or bilinear upsampling in a U-Net–like manner.
Finally, a consistency loss is employed on unlabeled data to enforce agreement
between predictions from the weakly and strongly augmented branches during
semi-supervised training.

2.2 High-Frequency Component Enhancement (HFCE)

To compensate for boundary-sensitive cues lost in frozen foundation encoders, we
introduce a High-Frequency Component Enhancement (HFCE) module within
our framework (Fig. 2). HFCE operates in the frequency domain, selectively am-
plifying high-frequency information to provide structural guidance for boundary-
aware decoding.

Given an input image I ∈ R3×256×256, a single-level 2D discrete wavelet
transform (2D-DWT) with Daubechies-3 yields

(Yl,YH) = DWT(I;wave = db3, J = 1), (1)

where Yl is the low-frequency sub-band and YH = {YLH,YHL,YHH} are high-
frequency sub-bands, each ∈ R1×128×128.

HFCE discards Yl and applies an independent stochastic gain to each high-
frequency sub-band:

Y′
i = gi ·Yi, gi ∼ U(gmin, gmax), i ∈ {LH,HL,HH}, (2)

where gmin = 1.0 and gmax = 5.0 in all experiments, followed by concatenation:

Y′
H = Concat(Y′

LH,Y
′
HL,Y

′
HH) ∈ R3×128×128. (3)

The tensor HF is upsampled to the original resolution:

HF′ = Up(Y′
H) ∈ R3×256×256. (4)

and used as a purified, edge-focused guidance signal for the frozen AnyUp mod-
ule during decoding. By replacing raw-image guidance with frequency-enhanced
cues, HFCE constrains feature reconstruction to high-contrast boundaries, com-
pensating for spatial detail loss in frozen encoders.

3 Experiments

3.1 Datasets and Implementation Details

Experiments were conducted on three publicly available ultrasound datasets:

– CCAUI [15]: 1,100 B-mode carotid ultrasound images with pixel-level vessel
wall annotations, split into 770/110/220 images for training, validation, and
testing, respectively, targeting carotid segmentation under speckle noise and
low contrast.
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Table 1. Quantitative comparison on the CCAUI dataset under different labeled ratios.

Method 1% labeled 3% labeled

DSC (%)↑ HD95↓ ASD↓ DSC (%)↑ HD95↓ ASD↓

Fullsup 95.04±0.47 3.16 1.10 95.04±0.47 3.16 1.10

ADVENT 89.15±1.22 13.90 4.97 91.06±1.04 14.16 4.23
DAN 86.10±2.13 27.63 9.40 91.12±1.60 9.30 2.97
ICT 85.32±3.71 19.23 6.07 91.52±1.45 13.16 4.03
MT 85.55±2.25 26.60 9.12 89.69±1.76 14.35 4.50

UA-MT 87.40±1.43 24.29 7.77 91.30±0.89 13.99 4.44
BCP 89.54±1.27 19.68 6.18 91.31±1.15 10.71 3.65

FixMatch 89.36±0.76 22.24 7.60 90.47±0.76 11.58 3.98
UniMatch 89.67±0.66 9.95 3.45 91.40±0.44 8.06 2.52

Ours 91.65±0.20 3.66 1.55 92.78±0.07 4.92 1.93

– BUS-BRA [16]: 1,875 breast ultrasound images with expert-annotated tu-
mor boundaries, divided into 1,312/188/375 training, validation, and test
samples, focusing on lesion delineation under heterogeneous echogenicity and
shadowing artifacts.

– PSFHS [17]: 1,358 intrapartum perineal ultrasound images annotated for
the fetal head and pubic symphysis, with 1,000/120/238 images for training,
validation, and testing, enabling multi-structure segmentation for fetal head
position assessment.

All experiments were performed on an NVIDIA RTX 4090 GPU with input
images resized to 256 × 256. Our framework was trained for 300 epochs using
SGD with an initial learning rate of 0.01, momentum of 0.9, and a batch size of
12 (6 labeled and 6 unlabeled samples).

3.2 Evaluation

To quantitatively evaluate segmentation performance, we adopt both overlap-
based and boundary-based metrics, including the Dice Similarity Coefficient
(DSC), 95% Hausdorff Distance (HD95), and Average Surface Distance (ASD).
DSC measures global region agreement, whereas HD95 and ASD assess bound-
ary alignment, which is particularly critical for clinically meaningful anatomical
delineation. In the result tables, the fully supervised upper bound is highlighted
in red, while the best-performing semi-supervised method is indicated in bold.

3.3 Quantitative Comparison

Extensive experiments on CCAUI, BUS-BRA, and PSFHS with 1% and 3% la-
beled data show that the proposed framework consistently outperforms represen-
tative semi-supervised baselines, including ADVENT [18], DAN [19], ICT [20],
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Table 2. Quantitative comparison on the BUS-BRA dataset under different labeled
ratios.

Method 1% labeled 3% labeled

DSC (%) ↑ HD95 ↓ ASD ↓ DSC (%) ↑ HD95 ↓ ASD ↓

Fullsup 87.70±1.69 15.18 4.86 87.70±1.69 15.18 4.86

ADVENT 54.07±6.38 58.38 22.30 65.90±6.50 54.24 20.55
DAN 55.33±5.46 70.06 29.00 68.49±6.31 40.20 15.03
ICT 60.29±6.25 60.74 23.98 71.78±5.51 38.15 14.29
MT 54.12±6.66 77.39 33.13 70.27±6.22 32.43 11.00

UA-MT 60.20±6.16 55.31 20.80 66.59±8.05 39.36 13.65
BCP 59.94±5.75 60.09 23.78 70.27±6.21 39.65 14.24

FixMatch 60.39±5.87 57.49 22.94 64.24±6.52 51.93 20.80
UniMatch 75.95±4.74 37.23 13.61 78.50±5.20 26.50 8.20

Ours 78.45±4.36 32.15 10.46 80.00±4.94 21.57 6.34

Table 3. For the PSFHS dataset, we report overall segmentation performance under
different labeled ratios without category-wise breakdown, as aggregated metrics are
sufficient to reflect the model’s robustness and overall segmentation capability.

Method 1% labeled 3% labeled

DSC (%)↑ HD95↓ ASD↓ DSC (%)↑ HD95↓ ASD↓

Fullsup 93.21±1.46 6.10 2.43 93.21±1.46 6.10 2.43

ADVENT 80.32±1.68 35.86 12.38 87.91±1.44 12.33 4.28
DAN 81.08±1.95 34.89 10.86 87.62±1.54 17.45 6.01
ICT 83.17±1.69 29.12 9.91 87.96±1.48 18.39 6.20
MT 81.52±2.32 27.37 9.64 87.28±1.76 13.37 4.87

UA-MT 80.95±2.07 29.85 10.66 87.16±1.90 14.27 4.95
BCP 82.41±1.53 21.59 7.56 87.43±1.27 18.79 6.42

FixMatch 78.17±1.59 35.86 12.76 86.38±2.02 17.65 5.86
UniMatch 85.87±1.47 15.26 7.35 87.12±1.51 12.41 4.92

Ours 87.69±0.93 11.54 4.34 88.30±1.03 10.73 3.96

MT [21], UA-MT [22], BCP [23], FixMatch [24], and UniMatch, under identi-
cal splits, training, and evaluation protocols. On CCAUI (Table 1), it achieves
the highest DSC and reduced boundary errors, preserving vascular structures
and ensuring training stability. On BUS-BRA (Table 2), it excels under 1%
labels and narrows the gap to fully supervised performance as annotations in-
crease. On PSFHS (Table 3), it also delivers superior results, particularly on
boundary-sensitive metrics. Overall, these results demonstrate the framework’s
effectiveness and robustness for low-annotation ultrasound segmentation.
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3.4 Ablation Study

Effectiveness of Individual Modules Table 4 reports the ablation results
on the CCAUI dataset, evaluating the contributions of DINOv3, AnyUp, and
HFCE. Using DINOv3 alone yields a DSC of 87.18% with 1% labeled data.
Introducing AnyUp improves spatial reconstruction, increasing DSC to 88.67%.
Further incorporating HFCE leads to the largest gain, especially in boundary
accuracy, reducing HD95 from 10.73 to 3.66 under the 1% setting. The full model
consistently achieves the best performance across all metrics for both labeling
ratios, highlighting the complementary roles of the three components.

Table 4. Ablation study of different model components under different labeled ratios.

Model Components 1% labeled 3% labeled
DINOv3 AnyUp HFCE DSC(%)↑ HD95↓ ASD↓ DSC(%)↑ HD95↓ ASD↓

✓ ✓ ✓ 91.65 3.66 1.55 92.78 4.92 1.93
✓ ✓ 88.67 9.81 3.85 89.06 7.99 2.80
✓ 87.18 10.73 4.64 90.31 9.63 3.84

ADVENT

89.09 86.72 89.78 83.30 92.44 91.82 90.51 93.12 94.63

71.71 29.26 34.02 60.35 85.64 78.35 47.69 90.72 94.84

93.99 95.06 87.76 93.66 88.14 75.00 89.59 94.57 95.64

DAN FixMatch ICT MT UA-MT UniMatchGT BCP Ours

Fig. 3. Qualitative results on CCAUI, BUS-BRA, and PSFHS. Columns: GT, AD-
VENT, BCP, DAN, FixMatch, ICT, MT, UA-MT, UniMatch, Ours. Mean DSC (%)
is shown below each prediction.

3.5 Visualization Results

To qualitatively evaluate the proposed framework, we present visual comparisons
of segmentation results on three representative ultrasound datasets: CCAUI,
BUS-BRA, and PSFHS. The first row shows results from CCAUI, the second
row from BUS-BRA, and the third row from PSFHS. As illustrated in Fig. 3,
the proposed method generates segmentation masks with improved topological
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consistency and clearer boundary delineation, showing closer agreement with the
ground truth (GT) than existing semi-supervised segmentation approaches.

4 Conclusion

In this work, we presented HG-SemiSeg, a high-frequency–guided feature refine-
ment framework for semi-supervised ultrasound image segmentation. By inte-
grating wavelet-based high-frequency structural guidance into the feature up-
sampling process, HG-SemiSeg enhances boundary fidelity and improves the re-
liability of pseudo-label generation under limited annotation settings. Extensive
experimental results demonstrate consistent and robust performance gains over
existing semi-supervised methods. Overall, this study underscores the impor-
tance of frequency-domain structural cues as an effective complement to frozen
vision foundation models for semi-supervised medical image segmentation.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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