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Abstract. Sensorless freehand 3D ultrasound and photoacoustic recon-
struction enables flexible clinical diagnosis, yet conventional visual track-
ing suffers from severe long-range drift induced by speckle decorrela-
tion and acoustic clutter. To overcome these physical degradations, we
propose SCC-Net, a structure-aware channel cross-attention network for
stable spatiotemporal tracking. The architecture utilizes a channel de-
coupling module driven by global spatial statistics for adaptive noise fil-
tering, alongside a cross-attention mechanism capturing adjacent-frame
geometric topologies. These components are jointly optimized via a pro-
gressive training strategy incorporating a motion-modulated mean ab-
solute error to prioritize highly dynamic regions. Extensive independent
experiments on a large-scale ultrasound forearm dataset and a complex
photoacoustic palm dataset demonstrate the exceptional generalizability
of SCC-Net in suppressing cumulative errors. Notably, compared to pre-
vious baselines, the method reduces the final drift rate by 13.72% and
absolute trajectory error by 14.29% on the ultrasound dataset. Simul-
taneously, despite the severe acoustic clutter and intricate reciprocat-
ing trajectories of the photoacoustic dataset, the network consistently
achieves state-of-the-art trajectory estimation. This enables high-fidelity
three-dimensional functional visualization without external hardware,
demonstrating exceptional adaptability to highly noisy environments.
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1 Introduction

Ultrasound (US) and photoacoustic (PA) imaging serve as essential clinical tools
because of their real-time, non-invasive characteristics and biochemical mapping
capabilities [4,22]. However, conventional two-dimensional (2D) slices lack the
spatial context required for complex surgical guidance and precise lesion as-
sessment. To eliminate the need for expensive and interference-prone external
tracking devices, sensorless freehand three-dimensional (3D) reconstruction has
become a primary research focus [19]. This technique infers probe poses directly
from image sequences, building on the theoretical foundation of classic speckle
decorrelation algorithms [3, 21].

Recent progress in deep learning has notably advanced these techniques.
Early architectures such as DCL-Net [8] and DC?-Net [7] use 3D contextual
information and contrastive learning to improve the efficiency of feature repre-
sentation . Subsequent long-range sequence modeling shows substantial promise,
as demonstrated by the FIMA network used multi-directional state-space mod-
els [17], and the MoGLo-Net relied on global-local self-attention|[11]. The latter
marks the initial application of 3D reconstruction to the PA domain. Addition-
ally, multimodal approaches suppress cumulative noise by integrating dynamic
data from lightweight inertial measurement units (IMUs) to mitigate the scarci-
ty of local features in pure visual tracking [26]. Despite the accuracy improve-
ments provided by multimodal integration, pure visual solutions remain highly
desirable because they require no additional hardware and offer broad clinical
compatibility.

Nevertheless, existing algorithms continue to face physical degradation issues
in practical clinical applications [18]. Current methods typically rely on coarse-
grained macro features, overlooking the fine-grained acoustic fingerprints—such
as US speckle patterns and PA clutter—that contain critical microscopic motion
information. During freehand scanning, complex out-of-plane movements and
mechanical compression from the probe induce intense US speckle decorrela-
tion and dynamic PA clutter variations [5, 15]. This physical degradation forces
deep feature matching to converge to local optima, which leads to severe tra-
jectory drift over extended sequences [1]. Consequently, physically decoupling
these unstable acoustic patterns within deep network layers and maintaining
robust feature tracking under dynamic compression represent the primary chal-
lenges in sensorless 3D reconstruction [25]. To resolve these issues, we introduce a
structure-aware channel cross-attention network that overcomes the limitations
of traditional implicit regression by integrating high-level semantic information
with stable low-level structural features.

The contributions of our work center on the proposed SCC-Net, a structure-
aware reconstruction architecture equipped with a bidirectional channel and
cross-attention (BCCA) module. Specifically, it integrates a structure-aware chan-
nel decoupling (SACD) module to adaptively filter modality-specific noise, name-
ly decorrelated speckles and acoustic clutter, alongside a cross-attention mech-
anism that establishes robust spatial correspondences across adjacent frames to
suppress motion-induced artifacts. Furthermore, this study demonstrates sen-
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Fig. 1. Overview of the proposed SCC-Net architecture. (a) The ChannelBlock module
adaptively filters unstable speckle noise or artifacts through global spatial statistics. (b)
The CrossBlock module establishes robust spatio-temporal correspondences to main-
tain tracking stability under dynamic compression.

sorless 3D reconstruction in the pure PA domain, achieving high-fidelity 3D vi-
sualization of large-scale vascular networks without external tracking assistance.
Additionally, we develop a sequential self-supervised learning and temporal reg-
ularization strategy. This strategy applies the spatio-temporal consistency of
bidirectional sequences as a prior constraint to overcome directional biases and
improve the robustness of long-range reconstruction.

2 Methods

Assume a scan sequence comprises N US or PA images denoted as B = {B;|i =
1,2, ..., N}. SCC-Net estimates the displacement parameters § = {6;|i = 1,2,..N—
1}, where each 6; is decomposed into translation ¢; = (¢,,t,,t.)7 and rotation
©i = (¢, Py, ¢-)T between consecutive frames B; and B;41. Once all transfor-
mations between each frame and a reference frame are calculated, scans contain-
ing multiple sequences can be reconstructed into a three-dimensional volume.
The reference frame can be any image within the scan. Fig. 1 illustrates the
proposed framework.

2.1 Structure-Aware Channel Decoupling

During freehand scanning, out-of-plane motion and probe compression alter the
spatial distribution of microscopic scatterers in ultrasound and induce acoustic
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clutter in PA imaging. If the network uniformly weighs all extracted features
when estimating the displacement 6;, it becomes susceptible to these modality-
specific artifacts. This inevitably introduces local matching errors that subse-
quently accumulate into severe long-range trajectory drift.

To address this, we propose a structure-aware channel decoupling (SACD)
module. For intermediate features F' € RE*H*W extracted from the 336 x 336
input, individual feature channels F, € R¥*W function as implicit acoustic
filters. Inspired by channel attention [10, 23], this module utilizes global spatial
statistics to adaptively suppress channels capturing unstable artifacts, such as US
speckle decorrelation or PA clutter, while preserving stable structural geometries.

We use average pooling Fy;,, and max pooling Fy, .. of the feature tensor F’ as
statistical descriptors.This module employs a shared network to learn physically
meaningful rescaling weights W, € RE*1¥1 calculated as follows:

Wattn = 0 (W26(W1Favg) + W26(W1Fma$)) (1)

where o and § denote Sigmoid and nonlinear activation layers, and W1, W5 are
learnable weights. Element-wise modulation yields the decoupled robust features
F=Waum®F. During optimization, channels representing unstable patterns re-
ceive lower gating weights due to abnormal temporal variance from phase decor-
relation or clutter fluctuations. Simultaneously, structural channels anchored to
stable landmarks, such as fascial interfaces in US or vascular networks in PA
imaging, receive higher weights to ensure robust tracking.

2.2 Masked Feature Modeling via Cross-Attention

To accurately capture the invariant global geometric topology associated with
probe motion and enhance feature generalization, it is essential to prevent the
tracking network from overfitting to localized, domain-specific acoustic textures.
Inspired by recent paradigms in asymmetric masked representation learning [9]
and cross-view feature completion [24], we introduce a low-ratio masking strat-
egy within the latent feature space, followed by a CrossBlock structure. This
design constructs a spatio-temporal feature perception module that forces the
network to reconstruct corrupted representations by aggregating cross-frame
context, thereby learning highly generalizable spatial correspondences.

Let F, € RY*P and F,..; € RE*P denote the channel-decoupled feature
sequences of the current frame and the temporally adjacent reference frame,
respectively. We apply a random masking strategy with a low masking ratio p <
10%. Defining M C {1,2,..., L} as the set of masked indices with | M| = pL, the
corrupted input features F} are constructed by retaining the original features F}
for i ¢ M, and replacing the elements corresponding to i € M with a learnable
shared mask token F,,,s1 € RP. This masking mechanism intentionally disrupts
trivial local feature smoothing during pose fitting. Consequently, it compels the
model to seek semantic support from the global spatial context and establish
robust temporal correspondences with F,..; through subsequent cascaded self-
attention and cross-attention modules [24].
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During the auxiliary feature learning phase, the objective is to ensure that
the reconstructed features in the masked regions maintain semantic consistency
with the original uncorrupted representations. To achieve this, a cosine similarity
loss is employed to measure the alignment of the semantic distributions:

Fl
Lo = |M\ 2. ( vl ”F%) @

where Y} denotes the predicted feature output by the attention modules, and F}
represents the original feature of the current frame prior to masking. Serving as
a strict structural regularization, this auxiliary reconstruction task prevents the
network from memorizing domain-specific noise, thereby significantly enhanc-
ing the generalization capacity of the learned representations against complex
motion artifacts.

2.3 Joint Optimization Strategy

We propose a progressive joint optimization strategy that decomposes the net-
work optimization process into two stages: the construction of basic temporal
metrics and the alignment of deep motion semantics. This approach achieves
stable end-to-end convergence through a weighted loss function.

In the first stage, the objective is to learn a latent feature manifold char-
acterized by temporal smoothness and physical awareness. Inspired by time-
contrastive learning frameworks [20], we introduce a temporal triplet loss to
constrain the feature space of adjacent frames:

£triplet:maX(OaHfa_fpng_ ||fa_fn||§+m) (3)

where f,, fp, and f, represent the latent features of the anchor, temporally
positive, and temporally negative frames, respectively, and m is the margin.

In the second stage, we design a Motion Modulated Mean Absolute Error (M-
MAE) to enable the network to adaptively focus on regions with intense motion
and large displacements. Drawing inspiration from adaptive weighting mech-
anisms that prioritize hard examples during training [16], MMAE introduces
dynamic weight rescaling based on motion intensity to overcome the limitations
of the standard MAE. Given the predicted value ¢, the ground truth y, and a
local motion weight prior w extracted from the sequence, the loss is defined as:

N
1 N
Lyvmag = ﬁz 19: — yil © (Jwi +5)B (4)

where s is a smoothing factor for numerical stability, 5 is a hyperparameter con-
trolling sensitivity to the motion prior, and ® denotes element-wise multiplica-
tion. This mechanism applies nonlinear weighting to the residuals via (|w;|+s)?,
which assigns larger optimization gradients to the network during complex out-
of-plane motions and improves trajectory estimation accuracy in highly dynamic
scenarios.
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Table 1. Quantitative comparison of 3D trajectory reconstruction across Forearm and
Palm datasets. In the fifth column, Final Drift (F-Drift) is reported for the Forearm
dataset, while Fréchet Distance (F-Dist) is used for the Palm dataset. Note that the
final drift rate (FDR) is consistently calculated across both datasets by dividing the
Final Drift by the total trajectory length. Bold values indicate the best results.

Method RTE RRE ATE F-Drift /F-Dist FDR
(mm) | (deg) (mm)} (mm) | (%))
Forearm dataset
DCL-Net  0.311(0.049) 0.127(0.031) 35.73(8.93) 57.99(14.76) 31.77(7.93)
DC?-Net 0.302(0.053) 0.118(0.029) 33.52(10.06)  55.37(16.62) 29.77(8.93)
PLPPI 0.210(0.039) 0.085(0.011) 26.54(10.85)  40.78(16.33)  21.47(8.52)
LongTerm 0.203(0.035) 0.080(0.012) 25.84(9.12)  38.92(13.10)  20.61(6.94)
MoGLo 0.198(0.037) 0.075(0.011) 25.12(10.74)  36.13(15.45) 18.88(8.07)
SCC-Net  0.179(0.036) 0.067(0.012) 21.53(8.52)  31.49(12.46)  16.29(6.64)
Palm dataset
DCL-Net 0.240(0.080) 0.133(0.062) 38.40(23.10) 64.51(31.51) 44.52(21.37)
DC2-Net  0.235(0.061) 0.093(0.051) 36.42(21.10)  61.04(30.63)  41.40(22.48)
PLPPI 0.253(0.070) 0.086(0.049) 28.02(13.02)  49.94(24.15)  35.12(19.12)
LongTerm 0.281(0.082) 0.142(0.070) 40.70(24.89)  71.73(33.15)  51.02(19.34)
MoGLo  0.201(0.043) 0.079(0.054) 24.35(14.35)  43.52(25.61)  28.31(17.40)
SCC-Net  0.197(0.055) 0.073(0.052) 22.25(11.34)  35.51(21.91)  25.75(16.85)

3 Experiments

Data and Implementation. The experimental evaluation utilizes two dataset-
s: public ultrasound (US) forearm data [12,14] and photoacoustic (PA) palm
data, denoted hereafter as the Forearm and Palm datasets, respectively. The US
dataset contains transverse and longitudinal scans from 50 subjects, where im-
ages are reconstructed at a resolution of 480 x 640 and a frame rate of 20 frames
per second. For network input, these images are cropped to a resolution of 336 x
336. These scans follow diverse trajectory shapes, specifically straight, C-shape
and S-shape, on both forearms of each subject. The data acquisition involves
scanning directions both parallel and perpendicular to the forearm, as well as
forward and backward movements, resulting in 24 scans per subject and a total
of 1200 scan sequences. Due to the unconstrained nature of freehand scanning,
the length of the collected sequences varies. On average, each sequence consists
of approximately 400 frames, covering a physical trajectory of roughly 180 to
200 mm. The PA dataset comprises scans from the palms of 18 subjects, yield-
ing a total of 249 trajectories recorded at a resolution of 420 x 420. Due to the
reciprocating nature of the scanning process, data for each subject is partitioned
into 13 to 14 trajectories for training, and these trajectories are stitched based
on their absolute positions during reconstruction. The US and PA datasets are
divided into training, validation, and testing sets based on subject identity using
ratios of 3:1:1 and 10:4:4, respectively.
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Fig. 2. Qualitative evaluation of 3D reconstruction. (a) Comparison of ultrasound s-
can volumes reconstructed by the proposed method and baselines against the ground
truth under straight, C-shape, and S-shape trajectories. (b) Photoacoustic reconstruc-
tion results, featuring a method comparison under a straight trajectory alongside the
extracted 3D vascular network of a human palm. Red surfaces denote the reconstructed
vessels, and solid lines represent the estimated scanning paths.

To prevent overfitting and enhance robustness, sequence inversion and in-
terval sampling are applied to each scan. The input sequence length is set to
5 frames to ensure baseline performance. During training, each training scan
is randomly expanded to 50 sequences, while each test scan is expanded to 10
sequences to simulate complex real-world scenarios. Optimization is performed
using the AdamW optimizer with an initial learning rate of 1 x 10~%, which is
reduced by a factor of 0.8 every 50 epochs over a total of 500 epochs. In the
curriculum learning phase, the iteration epochs and learning rate are set to 1000
and 1 x 107, respectively. Training was performed on an NVIDIA RTX 4090
GPU with a batch size of 8.

Quantitative and Qualitative Analysis. Performance on the datasets is e-
valuated using relative translation error (RTE), relative rotation error (RRE),
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absolute trajectory error (ATE), and final drift rate (FDR). The FDR is con-
sistently calculated across both datasets by dividing the final drift by the total
trajectory length. Additionally, to further evaluate spatial accuracy, dataset-
specific metrics are reported. For the Forearm dataset, we report the final drift
(F-Drift). Due to the complex reciprocating scanning paths in the Palm dataset,
the Fr'echet distance (F-Dist) [2] is employed as a separate metric. This provides
a more accurate assessment of spatial curve similarity independent of scanning
speed or local pacing.The proposed model is compared against several advanced
methods, including DCL-Net [8], DC?-Net [7], PLPPI [6], LongTerm [13], and
MoGLo [11], under identical experimental settings.

Table 1 demonstrates that the proposed SCC-Net achieves the highest accu-
racy across most evaluation metrics. On the US dataset, the proposed approach
yields relative improvements of 13.72% in FDR and 14.29% in ATE over the
strong MoGLo baseline. This quantitative superiority is visually corroborated in
Fig. 2(a). Under complex scanning paths, particularly the C-shape and S-shape
trajectories characterized by intense out-of-plane motions, baseline predictions
progressively deviate from the ground truth due to severe speckle decorrelation.
In contrast, SCC-Net maintains highly stable spatial representations. By dynam-
ically filtering unstable acoustic features, the network ensures that the predicted
paths closely align with the ground truth and effectively suppresses long-range
cumulative drift.

For the PA dataset, intricate reciprocating trajectories and severe dynam-
ic clutter increase overall error magnitudes. As Table 1 indicates, conventional
architectures struggle under non-linear tissue contrast: DCL-Net and DC?-Net
fail to extract robust spatial features, while LongTerm degrades because tem-
poral correlations cannot resolve rapid transient clutter. In contrast, SCC-Net
isolates continuous vascular geometry to achieve state-of-the-art translation ac-
curacy. Although the relative rotation error (RRE) remains comparable to the
MoGLo baseline, this reflects the physical sparsity of PA vascular cross-sections,
which lack the continuous directional cues required for global orientation track-
ing. Nevertheless, Fig. 2(b) shows that SCC-Net successfully reconstructs a 3D
vascular network of the human palm, demonstrating its robust adaptability to
noisy domains without external tracking.

4 Conclusion

In this study, we propose SCC-Net for stable sensorless 3D reconstruction in ul-
trasound and PA imaging. We introduce a SACD module to adaptively filter un-
stable acoustic features using global spatial statistics. To establish robust spatio-
temporal correspondences, we develop a bidirectional cross-attention mechanis-
m that captures global geometric topologies across adjacent frames. We further
implement a self-supervised learning strategy using bidirectional consistency as
a prior to enhance long-range reconstruction robustness. Experimental results
on extensive ultrasound and complex PA datasets demonstrate that SCC-Net
achieves state-of-the-art performance. This work facilitates 3D functional visu-
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alization in the pure PA domain without external hardware, while highlighting
rotation tracking in sparse vascular networks as a remaining challenge for future
research.
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