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Abstract

Three-dimensional photoacoustic imaging (3D PAI) has shown great poten-
tial in preclinical studies and clinical applications, but sparse sensor arrays
commonly limit both spatial sampling and the field of view (FOV). Freehand
scanning could overcome these limitations through anatomy-adaptive scanning
that extends spatial coverage and provides complementary views beyond the
fixed array aperture, but its flexibility is conventionally constrained by the need
for motor feedback or external pose tracking. Here we introduce PA-SfM, a
tracker-free structure-from-motion (SfM) framework that recovers multiple poses
directly from PA measurements, enabling freehand 3D PAI without external pose
measurements. PA-SfM integrates a differentiable acoustic radiation model with
hierarchical optimization and rigid array constraints to jointly estimate transfor-
mations between views and reconstruct 3D volumes. The performance of PA-SfM
was demonstrated in numerical simulations, animal studies and human imaging
experiments. Compared with motor encoder-based fusion of the mechanically
scanned system, PA-SfM reduced vessel misalignment in expanded FOV recon-
structions. Controlled quantitative validations yielded peak signal-to-noise ratio
(PSNR) values over 40 dB and structural similarity index (SSIM) values about
0.98 relative to ground truth or known pose reference reconstructions. Freehand
experiments further demonstrated robust pose recovery at high scan speeds, with
inter-frame displacements of 9 mm at intervals of 0.1 s. These results support
PA-SfM as a tracker-free approach to large-scale freehand 3D PAI and provide a
basis for further evaluation in clinical settings.

Keywords: Freehand 3D photoacoustic imaging, pose recovery, differentiable acoustic
radiation, tracker-free imaging, structure from motion

Introduction

Photoacoustic imaging (PAI) is a hybrid imaging modality that combines opti-
cal absorption contrast with ultrasound detection, and is widely explored in both
preclinical and clinical settings!®. Technological advances have greatly facilitated
three-dimensional (3D) PAI based on two-dimensional matrix arrays, including spher-
ical and planar arrays” !4, as well as synthetically scanned systems'®16. 3D PAI has
been used for in vivo imaging of peripheral vessels'®!7, breast tissue!®!?, and small
animals?°.

Despite these advances, sensor arrays in 3D PAI are often sparse because of phys-
ical and engineering constraints. As a result, a single acquisition pose may provide
insufficient spatial sampling density or angular coverage for high quality volumet-
ric reconstruction?22. Acquiring data from multiple views is therefore a common
strategy to increase both the sensor density and effective acquisition aperture, miti-
gating reconstruction artifacts. In practice, these additional views are often generated
through mechanical scanning consisting of rotation and translation1%23:24, Multi-
view reconstruction requires accurate knowledge of the sensor pose across views. Even
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minor positioning errors can lead to structural blurring, vessel discontinuity, and loss
of quantitative fidelity in the reconstructed volume.

Various external tracking mechanisms are employed to provide physical pose feed-
back. In controlled systems, motorized stages and mechanical encoders are used to
trace the acquisition trajectory. In freehand settings, external positioning devices such
as optical tracking systems, electromagnetic trackers, and inertial measurement units
are commonly employed?®26. Although these methods can provide geometric infor-
mation, they also increase system complexity, cost, and calibration burden. Optical
tracking requires a clear line of sight that is often difficult to maintain in crowded
experimental or clinical environments?>27. Electromagnetic tracking is susceptible
to field distortion from metallic objects and nearby electronics?6. Inertial sensing
is portable and inexpensive, but its estimates are vulnerable to drift accumulation
over time2®28. Mechanical scanning systems offer controlled motion, yet the final
reconstruction remains limited by encoder precision, assembly tolerance, and motion
induced vibration.

These limitations have motivated tracker-free pose estimation?93!. Unlike ultra-
sound, where speckle tracking supports motion estimation3233, photoacoustic images
may lack sufficient texture for reliable tracking3*. MoGLo-Net3® and wBCAM?3® infer
probe motion from B-mode ultrasound image sequences to guide freehand PA and
ultrasound reconstruction.

Image-based registration®’ enables tracker-free panoramic optoacoustic imaging
through vascular centerline registration, intensity-based refinement and spatial com-
pounding. Fourier-domain rotation and translation estimates enabled volumetric
compounding3®, as subsequently used in HELIOS3Y. In photoacoustic microscopy,
FS-PAM combines vascular feature matching with affine mosaicking“®’. PAATAM
combines vascular geometry and intensity in a sliding-window factor graph to
recover six-degree-of-freedom motion in optical-resolution photoacoustic angiogra-
phy*!. These methods derive pose constraints from reconstructed PA or ultrasound
images. However, sparse sampling, image artifacts and reduced overlap can disrupt
image correspondence during freehand scanning.

To address these challenges, we present PA-SfM, a tracker-free framework for free-
hand 3D PAI with joint pose recovery and reconstruction in multi-view, expanded
field of view (FOV). PA-SfM estimates relative imaging poses directly from PA signals
by combining a differentiable acoustic radiation model with hierarchical optimization
under rigid array geometry constraints. Starting from the initial view, PA-SfM localizes
the sensor array in subsequent views, enforces rigid array consistency to obtain coarse
relative poses, and further refines the global transformations through differentiable
pose optimization before joint multi-view or multi pose reconstruction. We demon-
strate genuine freehand 3D PAI of human hand vasculature, where arbitrary hand
motion provides multi-view measurements for pose recovery and joint reconstruction of
a large FOV vascular network based on PA-SfM without external motion tracking. In
this freehand experiment, the maximum average probe displacement between adjacent
poses exceeded 9 mm. We further validate the method in mechanically scanned 3D PAI
acquisitions with translation and rotation, in vivo rat experiments with known rela-
tive geometry, and numerical simulations. In mechanically rotated imaging, PA-SfM
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reduced vessel misregistration compared with reconstruction based on motor encoder
feedback. In translational multi pose imaging, PA-SfM enabled expanded FOV PA
mapping without using translation stage pose feedback. We also compare PA-SfM with
image-based method in measured hand data across array densities and scan speeds.

Results
PA-SfM framework for freehand 3D imaging

PA-SfM recovers array poses directly from PA measurements and combines the recov-
ered views into a joint 3D reconstruction (Fig. 1). A differentiable acoustic radiation
model enables pose recovery without external tracking (Supplementary Note 1).
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Fig. 1. Overview of the PA-SfM framework for tracker-free freehand 3D PAI.
a Freehand imaging of the hand with a fixed hemispherical array and multi-view joint
reconstruction. b The PA-SfM pipeline. ¢ Differentiable single sensor localization. d Global
differentiable pose fine tuning.
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PA-SfM encodes the measured photoacoustic signals into a latent pseudo-source
representation by optimizing a volumetric source distribution through the differen-
tiable acoustic radiation model. The pseudo-sources provide an acoustic reference for
predicting signals at candidate sensor locations and optimizing sensor coordinates
against the measurements. Rigid array constraints then yield a common rotation
and translation, followed by global differentiable refinement and joint reconstruction.
Repeating these steps for successive views registers the measurements in a common
coordinate system and extends the field of view. Detailed optimization procedures are
given in Methods.

Freehand 3D reconstruction of hand vessels

To evaluate the feasibility of PA-SfM, we performed tracker-free freehand PAI of a
26-year-old male volunteer’s hand using the 3D-PanoPACT system 2. 3D-PanoPACT
is a hemispherical array PATI system with 1024 transducer elements and a diameter
of 20 c¢m, providing volumetric acoustic detection over a large angular aperture. The
central frequency of each transducer element is 3.16 MHz. More details regarding the
system’s configuration and imaging performance can be found in the literature?3.

In this freehand experiment, the hand was placed above the imaging aperture
and freely moved without external tracking, while the PAI system is fixed, as shown
in Figure 2(a). The hand motion included extension, retraction and swinging tra-
jectories, thereby producing a sequence of partially overlapping photoacoustic views
with unknown relative poses. PA-SfM was then used to estimate the transformations
between views directly from the photoacoustic signals and to recover the absolute
coordinates for each individual view, thus integrating into an equivalent large array
for joint reconstruction. The results were reconstructed using the classical delay-and-
sum (DAS) algorithm, and maximum amplitude projections (MAPs) were used for
visualization.

Figure 2 illustrates the overall workflow. Compared with conventional static imag-
ing, freehand acquisition provides multiple observations of the target from different
relative viewpoints, but also introduces unknown hand motion and view-dependent
misalignment. Fig. 2(b) presents the imaging geometry from top and side views, and
Fig. 2(c) is a photography of experimental configuration. The freehand hand imaging
experiment procedure can be found in Supplementary Movie 1. Although the volu-
metric frame rate is 10 Hz, to demonstrate the capability of PA-SfM to recover pose
without much overlap in FOV, five single views were selected from over ten candidate
views in chronological order as shown in Fig. 2(d), and each individual view captured
only partial vascular information and exhibited view-dependent incompleteness. After
PA-SfM pose recovery and joint reconstruction, the reconstructed volume reveals a
more complete 3D vascular network of the hand with a substantially expanded FOV
of 50 mm x 30 mm x 10 mm and fewer artifacts, as demonstrated by the top-, side- and
front view MAPs and the volumetric display in Fig. 2(e). The 3D display of the result
can also be found in Supplementary Movie 2. The probe displacement between adja-
cent poses exceeded 9 mm, while the PA-SfM reconstruction preserved fine vascular
details without visible vessel duplication or discontinuity.



Static imaging

PA-SM 3D display

Fig. 2. PA-SfM freehand 3D reconstructions of human hand. a Workflow of freehand
photoacoustic imaging of the hand using the 3D-PanoPACT system. During imaging, the
hand performed freehand motion, including extension—retraction and swinging trajectories,
to provide multi-view measurements for PA-SfM reconstruction. b Detailed top and front
views of the imaging geometry, illustrating the hand position, detection aperture and optical
excitation region. ¢ Photograph of the experimental setup. d Top-, front-, and side view
maximum amplitude projections (MAP) of reconstructions from five sequentially ordered
single views (Scale: 5 mm; grayscale; reconstruction with DAS), in which the white box
represent the FOV of a single view. e Top-, front-, side view MAP and 3D display for PA-
SfM freehand 3D reconstruction result (Scale: 5 mm; colormap: gray, magma).
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To assess the repeatability of PA-SfM under freehand acquisition, we performed
additional independent hand imaging experiments, as shown in Fig. 3. In the first
experiment, eight sequentially ordered but non-consecutive frames (fewer overlaps
between frames) from imaging area 1 were selected for PA-SfM reconstruction. These
frames were from the same freehand data used in Fig. 2, with three additional frames
included to increase the spatial coverage and provide more diverse viewing angles.
As shown in Fig. 3(a), PA-SfM recovered the vascular structure from these sparsely
sampled views.

Top-view MAP

10 consecutive frames (10 Hz acquisition)

Fig. 3. Repeatability validation of PA-SfM freehand 3D reconstruction of hand
vessels using two partially overlapping imaging regions. a PA-SfM reconstruction of
imaging area 1 using eight sequentially ordered but non-consecutive frames acquired from the
same freehand hand vessel data as in Fig. 2, with three additional frames included (Scale:
5 mm; colormap: magma). b PA-SfM reconstruction of another hand vessel data acquired
from imaging area 2 using 25 consecutive frames during a freehand swing trajectory (a and
b are independent experiments derived from the same subject). ¢ Pose recovery and joint
3D reconstruction visualization using the first 10 consecutive frames from b (Scale: 5 mm;
colormap: magma).
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In the second experiment, an independent freechand acquisition was performed on
a different imaging area 2 of the same palm. This data consisted of 25 consecutive
frames acquired (10 Hz sampling rate) during a freehand swing trajectory, providing
a denser multi-view acquisition of the hand vasculature. PA-SfM reconstruction from
these consecutive frames yielded a continuous 3D vascular map with consistent vessel
morphology across the reconstructed FOV, as shown in Fig. 3(b). The reconstructions
in Fig. 3(a) and Fig. 3(b) show similar vessel morphology despite the different frame
selections.

Since two independent imaging experiments have a partially overlapping area, we
can validate the repeatability by comparing the reconstruction results in the over-
lapped area. Fig. 3(c) shows the PA-SfM pose recovery and joint reconstruction using
the first 10 consecutive frames from the second experiment, which corresponds to the
region overlapping with area 1. The major vascular branches and local vessel patterns
reconstructed from the two experiments show consistent morphology in the shared
region, despite being acquired from different frame selections and motion trajectories.

Image-based comparison in freehand hand imaging

We also compared PA-SfM with image-based method on freechand imaging sequence
of the hand in Fig. 3(c). Figure 4(a,b) shows the reference panorama formed from the
preceding frames and the new frame at its initial pose. With the final Image-based
pose estimate, several vascular branches remained displaced relative to the reference
(Fig. 4(c)). The PA-SfM estimate brought the new frame vessels into closer agreement
with the same reference panorama in the three orthogonal projections (Fig. 4(d)).

Expanded FOV reconstruction with mechanical translation

We evaluated PA-SfM under translational multi pose acquisition to extend the FOV.
Using the same 3D PAI system, the in vivo imaging data is from a mechanical scanning
experiment with four poses, as illustrated in Fig. 5(a). Starting from the initial posi-
tion, the hemispherical array was mechanically translated three times, with a step size
of 4 mm. Therefore, the four acquired poses jointly covered a larger anatomical region
than a single stationary acquisition. For comparison, we reconstructed each individual
pose using DAS and then performed multi pose joint DAS reconstruction using either
the hardware-tracked transformations or the transformations estimated by PA-SfM,
as shown in Fig. 5(b), which also demonstrates that the single pose reconstructions
capture only partial vascular structures.

In the top view MAPs in Fig. 5(c), the hardware-tracked reconstruction contains
fragmented, duplicated and broadened vessels. These artifacts are reduced in the PA-
SfM reconstruction, particularly in the regions marked by green arrows and dashed
boxes. Fig. 5(d) shows the corresponding 3D reconstructions.

Multi-view reconstruction with mechanical rotation

We evaluated the performance of PA-SfM using in vivo animal experimental data??
acquired with the 3D-PanoPACT system. Mechanical rotation of the transducer



a b c d
Reference panorama New frame Image-based PA-SfM

Fig. 4. Pose recovery comparison for a freehand PA imaging of the human hand.
a Reference panorama reconstructed from the preceding frames. b Newly acquired frame at
its initial pose. ¢,d Overlays obtained with the final Image-based and PA-SfM pose estimates,
respectively. Each column shows the XY, XZ and YZ projections from top to bottom. Magenta
and green represent maximum projections of the reference and new frame Frangi vesselness
features; white indicates projected overlap. Both pose estimates are displayed against the
same reference panorama using a shared linear intensity range. Scale bars in the first column:
10 mm.

array increases the effective spatial sampling density and reduces limited view arti-
facts. However, the final reconstruction quality is highly sensitive to the accuracy
of mechanical positioning feedback. Hardware-induced errors, including encoder inac-
curacies, mechanical structural deviations and stochastic vibrations during motor
movement, can introduce misalignment between views and thereby degrade multi-view
reconstruction.

The in vivo animal study is illustrated in Fig. 6(a), where the mouse hepatic
vasculature was imaged from two views controlled by a mechanical 8.0° rotation of
the hemispherical array around the system’s central Z axis. To compare PA-SfM
with encoder-based tracking, multi-view joint reconstructions using either hardware
feedback or PA-SfM are presented in Fig. 6.

As shown in Fig. 6(b), both the original and rotated single view reconstructions
provide the same FOV with different fine vascular structures due to sparse spatial sam-
pling. In the zoomed-in MAPs in Fig. 6(c), the green arrows highlight misregistered
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Fig. 5. Expanded field of view multi pose PA mapping using mechanical
translation. a Schematic of the mechanical scanning experiment with the 1024-element
hemispherical array. The animal was imaged at four poses, including the initial pose and
three subsequent mechanical translations. Each translation step was 4 mm along a direc-
tion forming a 48° angle with the negative Y-axis of the array. b Top-, front-, and side view
MAPs of single pose DAS reconstructions and multi pose joint DAS reconstructions using
hardware-tracked poses and PA-SfM estimated poses (Scale: 5 mm; colormap: gray, magma).
¢ Top view MAP comparison between the hardware-tracked baseline and PA-SfM reconstruc-
tion, with local magnifications highlighting vessel continuity and structural sharpness (Scale:
5 mm; colormap: magma). d 3D display comparison of the hardware-tracked and PA-SfM
multi pose reconstructions.
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Fig. 6. Multi-view PA reconstructions of mouse hepatic vasculature. a 3D PAI
imaging system based on a mechanically rotating hemispherical array. b Top-, front-, and
side view MAPs of reconstructions from single views (original, hardware-tracked and PA-
SfM rotated) and multi-views (hardware-tracked baseline, and PA-SfM result) (Scale: 5 mm;
grayscale; reconstruction with delay-and-sum (DAS)). ¢ Locally magnified top view MAPs
comparing the hardware-tracked baseline and PA-SfM fine tuned reconstruction (Scale: 5 mm;
colormap: magma). d 3D display comparing hardware-tracked and PA-SfM reconstructions.
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and fragmented vessels in the hardware-tracked reconstruction, whereas the corre-
sponding branches remain connected in the PA-SfM reconstruction. Fig. 6(d) shows
the corresponding 3D reconstructions.

To validate the repeatability of PA-SfM, we chose another set of data that imaged a
different part of the mouse abdomen with a nominal rotation angle of 4.0° around the
system’s Z axis. Supplementary Fig. 1 compares the PA-SfM and hardware-tracked
reconstructions. Supplementary Fig. 1(a) presents two single view reconstructions
and the joint reconstruction result. In the regions marked by green arrows in Sup-
plementary Fig. 1(b), vessel branches that appear blurred or interrupted in the
hardware-tracked reconstruction are resolved in the PA-SfM result.

In vivo validation with known relative geometry

We next validated PA-SfM on real in vivo animal imaging data with a known relative
geometry between views. Specifically, we used data from in vivo multi-view 3D PAI
of rat kidney (Fig. 7) and rat liver (Supplementary Fig. 2), which were acquired
by Professor Kim’s lab using a hemispherical ultrasound (US) transducer array with
1024 elements and a radius of 60 mm, and the average center frequency of each US
transducer element in the array is 2.02 MHz*2. More details regarding the 3D PAI
system and animal experiments can be found in the literature®34°.

Based on the arrangement pattern of array elements, we deliberately partitioned
the full 1024-element spherical array into two 512-element sparse subsets, separated
by an exact 90° relative rotation along the azimuthal axis (Fig. 7(a-b)). These two
subsets, designated as View A and View B which represent two independent imaging
poses, were used to generate the ground truth (GT) multi-view reconstruction for
quantitative evaluation. The final in vivo 3D reconstruction results are presented in
Fig. 7(c-d).

For the rat kidney experiment, Fig. 7(c) compares the single view reconstruction,
the PA-SfM multi-view reconstruction, and the GT multi-view reconstruction. MAPs
from different viewpoints show the vascular structures, with the top view also displayed
in a turbo colormap to show background noise and reconstruction artifacts. As shown
in Fig. 7(c-d), the single view reconstruction provides limited structural information
and exhibits prominent limited view artifacts. In contrast, the PA-SfM multi-view
reconstruction combines View A and View B to recover a more complete vascular
network of the in vivo rat kidney. The reconstructed vessel branches correspond to
those in the GT multi-view reconstruction.

When evaluated against the GT multi-view reconstruction, the single view kidney
reconstruction yielded a peak signal-to-noise ratio (PSNR) of 30.20 dB and a struc-
tural similarity index measure (SSIM) of 0.7019. By contrast, the PA-SfM multi-view
reconstruction achieved a PSNR of 41.42 dB and an SSIM of 0.9864. A further compar-
ison between the PA-SfM recovered pose and the GT pose showed that the mean and
minimum localization errors for all sensors were 0.34 mm and 0.027 mm, respectively.

We also evaluated PA-SfM using the in vivo rat liver imaging data. Following the
same visualization scheme, Supplementary Fig. 2(a-b) presents the liver reconstruction
results. The single view liver reconstruction suffers from incomplete vessel connectivity
and elevated background noise, which is particularly evident in the turbo colormap.

12
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Fig. 7. The reconstruction results of multi-view in vivo rat kidney with PA-SfM
algorithm. a The dual view 3D PAI for in vivo rat kidney imaging. b The rat kidney imaging
setup. ¢ The single view reconstruction, multi-view reconstruction using the PA-SfM pose,
and ground truth (GT) of the in vivo rat kidney (Scale: 2 mm). d The 3D results of single
view, and PA-SfM multi-view reconstruction.

In comparison, the PA-SfM multi-view reconstruction resolves vessel branches missing
from the single view result and follows the branching pattern in the GT reconstruction.

Compared with the GT multi-view reconstruction, the single view liver MAP
yielded a PSNR of 28.01 dB and an SSIM of 0.6947. The PA-SfM multi-view recon-
struction yielded a PSNR of 44.31 dB and an SSIM of 0.9961. Under the PA-SfM
estimated array poses, the mean and minimum localization errors across all sensors
were 0.21 mm and 0.016 mm, respectively. The effect of global differentiable pose fine
tuning on these reconstructions is shown in Supplementary Note 2 and Supplementary
Fig. 3.

Quantitative validation in sparse array simulations

To quantitatively evaluate pose recovery and image reconstruction under fully con-
trolled conditions, we conducted numerical simulations using a phantom liver model

13
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under a multi-view setup. As shown in Fig. 8(a), the simulation utilized a sparse hemi-
spherical array to acquire data from multiple views. Specifically, the array consisted
of only 33 sparse elements distributed across a spherical cap with a radius of 60 mm.
View 1 served as the reference array pose, while View 2 and View 3 were generated
by translating and rotating the array around the target. The single view and PA-SfM
multi-view joint reconstruction results are shown in Fig. 8(b,c).

a b c Single view reconstruction
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View 2 array Q‘y Phantom liver
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Fig. 8. The reconstruction results of multi-view simulation data with PA-SfM
algorithm. a The multi-view setup of the simulation experiment. b The 3D results of single
view, and PA-SfM multi-view reconstruction. ¢ The single view reconstruction, multi-view
reconstruction using the PA-SfM pose, and GT of the phantom liver (Scale: 2 mm). d Differ-
entiable single sensor localization optimization. e The absolute position deviation error curve
of the single sensor localization optimization.

To demonstrate the pose optimization mechanism, Fig. 8(d-e) illustrates a rep-
resentative target sensor during single sensor localization process. Starting from an
initial sensor location, the differentiable localization procedure progressively optimized
the sensor position by minimizing the discrepancy between the simulated PA signal
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and the GT supervision signal. The absolute position deviation of a randomly selected
sensor decreased during optimization (Fig. 8(e)). After PA-SfM pose optimization, the
mean and minimum Euclidean distance errors of sensor localization were reduced to
0.751 mm and 0.113 mm, respectively.

Based on the recovered PA-SfM poses, we further compared the 3D reconstruc-
tion results. As depicted in Fig. 8(b,c), the single view reconstruction suffered from
severe limited view artifacts, yielding quantitative metrics of 25.51 dB for the PSNR
and 0.6775 for the SSIM in the MAP along the XY plane. In contrast, the PA-SfM
multi-view reconstruction expanded the angular coverage and reduced limited view
artifacts. The reconstruction yielded a PSNR of 41.14 dB and an SSIM of 0.9799. The
contribution of global differentiable pose fine tuning is examined in Supplementary
Note 3 and Supplementary Fig. 4.

Pose recovery across array densities and scan speeds

To evaluate pose recovery as spatial sampling and overlap between views decrease,
we simulated freehand scanning of three vascular samples with hemispherical arrays
containing 32, 64 and 128 detectors. Scan speeds of 20, 40, 60 and 80 mm/s at a vol-
umetric acquisition rate of 10 Hz yielded 18, 10, 7 and 6 views, respectively, giving 36
combinations of sample, array density and scan speed. Figure 9(a,b) shows the array
configurations and scanning geometry. The corresponding mean overlap between adja-
cent illuminated volumes decreased from 86.6% to 59.0% (Fig. 9(c)), with projected
acquisition footprints shown in Fig. 9(d). Acquisition details are provided in Supple-
mentary Note 4. The scanning geometry and progressive FOV extension are illustrated
in Supplementary Fig. 5 and Supplementary Movie 3.

We compared PA-SfM with Image-based, which combines vessel enhancement,
centerline registration, correlation-based refinement and compounding. Both methods
used data derived from the same simulated acoustic measurements. Reconstructions
from the estimated poses were generated using the universal back-projection (UBP),
with the true pose reconstruction (GT pose) as the reference. Pose error was defined as
the root-mean-square displacement of 27 fixed control points across all non-reference
frames, accounting for both translation and rotation.

Across the 27 conditions at 20-60 mm/s, PA-SfM achieved pose errors of 0.34-
1.56 mm, with a mean of 0.73 mm, compared with 9.41 mm for Image-based. At
60 mm/s with 128 detectors, the errors for the three vascular samples were 0.47,
0.38 and 0.47 mm for PA-SfM, versus 15.92, 22.90 and 4.40 mm for Image-based.
The three-dimensional pose comparison for Vessel 1 shows close agreement of the PA-
SfM positions and orientations with ground truth, whereas the Image-based estimates
deviate along the scan (Fig. 9(e,f)). Across the three samples, the branching patterns
reconstructed by PA-SfM agreed with those in the GT pose reconstruction (Fig. 10(a)).
Local magnifications further show preserved vessel continuity with PA-SfM and dis-
placed or missing branches with Image-based (Fig. 10(b)). The complete comparisons
for all three samples are provided in Supplementary Figs. 6-8 and Supplementary
Tables 1-3.
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Fig. 9. Expanded FOV simulation setup and three-dimensional pose recovery. a
Hemispherical arrays with 32, 64 and 128 detectors (radius 30 mm). b Ground truth (GT)
vascular volume and three acquisition poses; red line, probe center trajectory. ¢ Adjacent
volume overlap (illumination > 0.5): three vessel mean (line) and individual vessels (circles).
d XY projections of local 20 x 20 mm squares at z = —12 mm; the dots mark their centers.
e,f Estimated probe centers and 4 mm orientation axes against GT, in identical coordinates
without further alignment. Numbers identify the first and last frames. Panels b,d—f show
Vessel 1; b,e,f use 128 detectors at 60 mm/s. Pose error is pooled root-mean-square (RMS)
displacement of 27 control points over six non-reference frames.
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Fig. 10. Reconstruction comparison across three vascular samples. a XY maxi-
mum amplitude projections (MAPs) of Vessels 1-3 reconstructed using GT poses, PA-STM
and Image-based at 60 mm/s with 128 detectors. b Three-dimensional MAPs of the
16x16x16 mm region outlined in cyan in a. For each sample, the three reconstructions share
the evaluation mask and linear intensity range; b retains the range of Vessel 1 in a. ¢ Pose
errors with 32, 64 and 128 detectors, from left to right. Open circles, squares and triangles
denote Vessels 1, 2 and 3; lines show their mean. The dashed line marks 2 mm. GT pose

denotes reconstruction using the true acquisition poses. Scale bars: 10 mm in a and 5 mm in
b.

17



333
334
335

336

337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369

Across array densities, pose recovery became less reliable at 80 mm/s, with errors
exceeding 2 mm in six of nine PA-SfM conditions and all nine Image-based conditions

(Fig. 10(c)).

Discussion

PA-SfM enables tracker-free freehand 3D PAI by estimating acquisition geometry from
acoustic measurements and jointly reconstructing multiple views. We demonstrated
this principle in freehand imaging of human hand vasculature, mechanically translated
and rotated array acquisitions, in vivo rat studies with known relative geometry, and
simulations. In freehand imaging, the recovered relative poses allow measurements
acquired during uncontrolled motion to contribute to a common 3D volume.

PA-SfM was more robust than image-based registration during rapid freehand
scanning in the expanded FOV simulations. Pose errors remained below 1.6 mm at
scan speeds up to 60 mm/s, preserving vascular continuity despite reduced overlap
between views. Errors exceeded 2 mm only at 80 mm/s, where overlap was lowest.

Compared with mechanical tracking, PA-SfM improves reconstruction quality with
more accurate pose estimation for the 3D PAI system used in this study. This improve-
ment arises because the nominal encoder positions could be influenced by calibration
errors, backlash, structural deviations or stochastic motion, leading to image blurring
for fine structures. Optimizing the imaging geometry against the PA signals reduced
these misregistration artifacts. Nevertheless, the method still requires sufficient struc-
tural overlap and recognizable PA features across views, and its performance could
degrade for sparse absorbers, weak contrast, severe artifacts or limited overlap. In
addition, during expanded FOV freehand imaging, the array poses near the periph-
ery of the overall FOV can receive relatively weaker optical illumination than those
near the central region, resulting in reduced signal intensity close to edges in the
joint reconstruction. We therefore applied edge compensation to the results shown in
Fig. 2(e) and Fig. 3(c); further discussion is provided in Supplementary Note 5 and
Supplementary Fig. 9. The current formulation also assumes rigid relative geometry
and does not explicitly model non-rigid tissue deformation, which should be addressed
in future work for applications involving larger tissue motion or deformation.

In the expanded FOV simulations, the mean time to estimate a complete tra-
jectory was 31.74, 15.79, 10.62 and 8.98 s for PA-SfM at 20, 40, 60 and 80 mm/s,
respectively, compared with 64.31, 39.68, 30.91 and 29.19 s for Image-based. These
times include the internal pose estimation steps and exclude the common input vol-
ume reconstruction and final joint reconstruction (Supplementary Table 4). Higher
scan speeds sampled the same trajectories with fewer frames. For high-resolution hand
imaging, pose recovery and joint reconstruction required 175 s per additional pose on
a single NVIDIA A100 SXM4 40 GB GPU, excluding reference view initialization;
the complete two-view workflow required 287.8 s (Supplementary Note 6). We have
released the complete automated workflow for the continuous 10-frame PA-SfM pose
estimation and joint reconstruction example in Fig. 3(c), together with the correspond-
ing 10-frame dataset; detailed instructions are provided in Supplementary Note 7. The
complete 10-pose workflow takes less than 28 minutes using a single reconstruction grid
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of 400 x400 x 400 voxels, with GPU memory usage of approximately 5.1 GB throughout
the process. The current implementation supports offline high-resolution volumetric
3D PAI while jointly recovering unknown poses and reconstructing the volume without
external tracking, encoder feedback or predefined motion. Future work will focus on
algorithmic acceleration, memory optimization and parallel implementation to enable
real-time pose recovery for interactive freehand 3D PAI

Methods

Differentiable acoustic radiation

The core of the framework is a differentiable acoustic radiation engine that models
acoustic wave propagation and computes gradients. To map the 3D PA initial pressure
distribution P, € RN=*NuXN= {5 the time-resolved sensor signals p(xs,t) at sensor
location x, € R3, we employ a Gaussian kernel-based propagation model:

p(xs,t) = ZPC(X) 'g(||X_X8||7t;U)> (1)

xEN

where ) denotes the reconstructed volume, and G is the spatiotemporal Gaussian
radiation kernel parameterized by width o.

The Gaussian radiation kernel is derived from the analytical solution of the PA
wave equation. The pressure field generated by an initial pressure distribution po(r’)
can be expressed using Green’s function as®%5!

1 901 , , v — /|
P(Rﬂ*@& L}St/dl‘ po(r)(s(tvs)]a (2)

where r is the observation position, r’ is the source position, v, is the speed of sound,
and po(r’) is the initial pressure distribution.

For a compact, spherically symmetric PA source element with radial initial pressure
distribution po(r), the analytical solution of the PA wave equation can be further
written as

P 1) = 5 0+ 0ol +0st) + (= vst)pollr = vat])], )

where r is the propagation distance (the detailed derivation is provided in Sup-
plementary Note 1). Under the far field condition, where the propagation distance
is larger than the characteristic source size, the inward-propagating component
becomes negligible and the detected signal is dominated by the outward-propagating
component:

Pl 0) % oo = vat)pollr = vt @

In this work, each voxel is modeled as a local Gaussian source element which has been
demonstrated to be effective for 3D PA reconstruction®?, py(r) = p.exp(—r?/20?).
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Substituting this profile into the far field expression gives

(r - W} |

p(r,t) = g—c(r — vst) exp {—

()

r 202
which motivates the Gaussian radiation kernel G used in Eq. (1). The detailed deriva-
tion from the photoacoustic wave equation to the far field spherically symmetric
solution, the Gaussian ball source approximation, and the GPU-accelerated far field
discrete model used in our engine is provided in Supplementary Note 1.

In the discrete implementation, each sensor’s temporal signal is the superposi-
tion of contributions from all independent Gaussian radiation sources according to its
propagation distance and initial pressure value. This formulation exposes two natural
parallel dimensions, sensor index and temporal index, and is therefore well suited for
GPU execution. The forward and backward propagation operators are implemented
as custom OpenAl Triton kernels and wrapped by torch.autograd.Function. As a
result, gradients can be propagated not only to the source intensity P, for image recon-
struction, but also to the continuous sensor coordinates x for differentiable sensor
localization and global pose refinement.

The main PA-SfM optimization workflow is summarized in Algorithm 1, with
multi-view extension implemented by sequentially repeating the pose recovery and
joint reconstruction steps for additional views.

Stage 1: Initial reference reconstruction

The first stage is to establish a structural reference map (coarse model) using data
acquired at a known, fixed pose (Pose 1 or View 1). Given the known sensor array
coordinates X; and the corresponding detected temporal signals Sy, the initial source
distribution P, is initialized on a voxel grid. The reconstruction is formulated as an
inverse optimization problem:

P, = afgnrl,in (IF(Pe, X1) = S1]13 + ALrav(Pe)) (6)

where F represents the forward simulation engine, and Lrgy is the total generalized
variation (TGV) regularization term utilized to preserve structural edges while sup-
pressing background noise. The objective function is iteratively minimized using the
Adam optimizer, yielding the initial 3D anatomical structure serving as the reference
map.

Stage 2: Differentiable single sensor localization

To estimate the unknown sensor pose (PoseAQ or View 2), we independently localize
each array element using the reference map P. obtained in Stage 1. By fixing P, the
individual sensor coordinates x, ; become the optimizable parameters. The localization
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is driven by a negative correlation (NC) loss:

B Cov(F(P.,Xs:),S2.)

OsimOmeas

Lnc(Xs,i) = (7)
where g and omeas denote the standard deviations of the simulated and measured
signals, respectively.

To circumvent local minima, a coarse-to-fine search strategy is employed, as
demonstrated in Fig. 1(c):

1) Global coarse search: The target space is discretized into grids, and candidate
locations are ranked based on Lyc to select the Top-K priors.

2) Gradient-based refinement: Starting from the candidate priors, gradient descent
is utilized to optimize the (x,y, z) coordinates.

3) Dynamic smoothing: The Gaussian kernel width ¢ in Eq. (1) is dynamically
decayed (from large to small) during optimization, progressively reducing spatial
smoothing.

This stage outputs a set of independently predicted, albeit noisy, sensor coordinates
Xo.

Stage 3: Robust rigid array estimation

The reference map P. obtained in Stage 1 contains noise and many artifacts due to
sparsity, leading to errors in sensor localization in Stage 2. To suppress these errors,
the inherent geometric constraints of the rigid sensor array are leveraged. Given the
predefined geometric template of the array Xiemplate € R3*Ne (where N, is the number
of sensor elements), the task is transformed into finding the optimal global rotation
matrix R € SO(3) and translation vector t € R3.

A modified random sample consensus (RANSAC)53 algorithm is implemented. A
geometric consistency pre-check reduces the number of candidate subsets: randomly
sampled point sets are evaluated based on their pairwise edge distances before perform-
ing singular value decomposition (SVD). For valid subsets, the Kabsch algorithm* is
applied to solve the rigid transformation. This stage yields a corrected global array
coordinate set X$°" and identifies a subset of inlier sensors Z, whose relative positions
satisfy the rigid array constraint within a preset small error tolerance.

Stage 4: Global differentiable fine tuning

To further enhance spatial precision, a RigidArrayOptimizer module is constructed.
The optimization variables are globally parameterized as Euler angles 8 and the trans-
lation vector t (Fig. 1(d)), ensuring that the array strictly adheres to rigid body
kinematics: X2(0,t) = R(0)Xtemplate + t-

We introduce an inlier-masked gradient flow mechanism. The global loss is
computed exclusively on the signals from the inlier set Z (identified in Stage 3):

£global(07 t) = Z Lnc (R(o)xtemplate,i + t) (8)
€L
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Although the loss uses only the inlier signals, its gradients update the global parame-
ters (0, t). The resulting rigid transformation is applied to all sensors. The contribution
of this stage is evaluated in the simulation and in vivo studies (Figs. 8 and 7; Sup-
plementary Fig. 2). The detailed analysis of the intermediate coarse pose estimation
and global differentiable pose fine tuning is provided in Supplementary Note 3 and
Supplementary Note 2.

Stage 5: Joint dual view reconstruction

In the final stage, the data from the known Pose 1 (X;,S1) and the calibrated Pose
2 (Xfine S,) are combined to form an augmented synthetic aperture. The fused dual
view data can be jointly reconstructed using either back-projection reconstruction or
model-based iterative reconstruction methods.

Stage 6: Joint multi-view reconstruction

For scenarios involving more than two imaging views, the framework adopts a sequen-
tial pose chain calibration strategy to recover all sensor poses within a unified global
coordinate system. The coordinate system of Pose 1 is defined as the global reference
frame. After Pose 2 is localized and refined through Stages 24, its estimated rigid
transformation is used to map the Pose 2 sensor array into the Pose 1 coordinate frame.

For each subsequent unknown view, the pose is estimated relative to the previously
calibrated view rather than independently in isolation. Specifically, the relative rigid
transformation between Pose k and Pose k — 1 is first recovered using the same differ-
entiable localization, robust rigid estimation, and global fine tuning pipeline described
in Stages 2—4. The resulting relative transformation is then compounded with the
accumulated transformations from previous stages, thereby expressing Pose k in the
original Pose 1 coordinate system:

T k=T 2T 3 Tr_1k, 9)

where T, p € SE(3) denotes the rigid transformation that maps coordinates from
the Pose b frame to the Pose a frame.

By recursively chaining these relative transformations, all sensor arrays from mul-
tiple views are consistently registered into the initial Pose 1 coordinate frame. The
calibrated coordinates from all poses are then combined to form a large synthetic
sensing aperture:

Xmuti = [X1, T12Xo, T13Xs, ..., T Xu], (10)

where M is the total number of imaging views. Joint reconstruction then uses all
calibrated sensor coordinates and their corresponding measurements.
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Algorithm 1. Differentiable photoacoustic structure from motion (PA-SfM)

Input: Known Pose 1 data: X, S;; Unknown Pose 2 signals: Sao; Rigid array template:

Output: High-resolution joint 3D volume Pg 515 Fine tuned Pose 2 array coordinates X

10:
11:

12:
13:
14:

15:
16:
17:

18:
19:
20:
21:
22:
23:
24:
25:

26:
27:
28:
29:

30:

© ® 3>

Xtemplate; Simulation engine F with TGV weight .
fine
2 .

Stage 1: Initial reference reconstruction

: Initialize source distribution P, on a 3D grid.
: while not converged do

P. « argminp, (| F(Pe, X1) = 13 + Aorav(Pe) )

: end while

Stage 2: Differentiable single sensor localization

. Initialize empty noisy coordinate set Xo < 0
: for each sensor i =1,2,..., N in Pose 2 do

0
Xs,i
for 0 = omax down to o, do
Xg,i < X545 — 1 Vx. ,LNC (]:(Pc,xs,i), So.i; U)
eind for:
Xo +— Xo U {Xsﬂ;}
end for

< Top-K candidates from global coarse search using Lx¢
> Dynamic Gaussian smoothing

Stage 3: Robust rigid array estimation
(Rinit7 tinit,I) < Modified RANSAC(XQ, Xtemplate)
> 7 is the robust inlier subset passing geometric consistency pre-check

Stage 4: Global differentiable fine tuning
Initialize Euler angles 8 from Rj,;;, and translation t < tj,it
while not converged do

Lgiobal < Y iez £nC (R(O)Xtemplate,i + t) > Inlier-masked loss
0 <+ 0 —a-VgLgiobal > Update global rotation
tt—a- Vilgobal > Update global translation
end while
Xfine . R(0)Xtemplate + t > Kinematic constraint applied to ALL sensors

Stage 5: Joint multi-view reconstruction
onint +— X1 U Xgne

Sjoint < S1US2

Pnal ¢ (oninh Sjoint)

return Pg ., X‘;i“e

Expanded FOV simulations and image-based comparison

The expanded FOV simulations used three vascular volumes sampled at 0.4 mm and
hemispherical arrays of 30 mm radius. The 32- and 64-detector arrays were spatially
distributed subsets of the 128-detector array. For each sample, the same continuous
trajectory was sampled at four scan speeds, with translation and rotation in three
dimensions. A spatially varying illumination window moved with the array. Acquisition
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geometry and illumination are detailed in Supplementary Note 4.

Image-based registration used vesselness filtering and skeletonization, followed by
rigid iterative closest point registration and normalized cross-correlation refinement.
Each new volume was registered to the preceding panorama, initialized by the previous
estimated pose, and incorporated using weights inversely proportional to distance from
the volume center. For the final reconstruction comparison, both sets of estimated
poses were applied to the same acoustic data with a common back-projection operator,
grid and evaluation mask. GT pose reconstructions used the true poses with the same
measurements and reconstruction settings.

Pose error evaluation

For a sequence of M frames, pose error was calculated as

M 27 1/2
By = | grrir—1 3 3 |[Rucy + b — (RETa, +¢87)] 1)
pose 27(M — 1) =~ ] k J k 9 9

where q; are fixed control points distributed over the local imaging volume, and
(Rg, tx) and (RET,tCT) denote the estimated and true poses. The first frame defined
the common reference and was excluded from the error calculation. No subsequent
alignment to ground truth was performed. Means across conditions were calculated
from their individual sequence errors. Reconstruction metrics and the control point
coordinates are provided in Supplementary Note 4.

Data availability

The data supporting the findings of this study are provided within the article and
its Supplementary Information. The other datasets generated during the study are
available for research purposes from the corresponding authors on reasonable request.

Code availability

The source code and the continuous 10-frame dataset for the example in Fig. 3(c) are
publicly available at https://github.com/JaegerCQ/PA-SfM; usage instructions are
provided in Supplementary Note 7.
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