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Limited-view radioacoustic imaging using parametric level sets
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ABSTRACT

Restricted transducer placement in clinical environments limits radiacoustic imaging (RAI) to incomplete angular
measurements, producing characteristic artifacts—including spurious tails and missing features—that compromise dose
reconstruction accuracy during radiation therapy monitoring. We address this limited-view challenge through two-stage
reconstruction: parametric level-set optimization first identifies approximate dose region boundaries, then model-based
inversion reconstructs detailed distributions within this spatially-constrained domain. Shape representation using radial
basis functions reduces dimensionality from pixel-wise unknowns to geometric parameters describing piecewise-constant
regions, while domain restriction concentrates measurement information onto fewer reconstruction variables. Validation
studies encompass computational simulations and clinical LINAC experiments under limited as well as sparse angular
coverage. In the simulated study, an elliptical source reconstructed from 120° detector aperture demonstrates
improvements in ground-truth correlation from 0.86 (standard model-based) to 0.97 (shape-optimized). Experimental
validation with clinical LINAC shows consistent gains: correlations versus full-view reconstructions increase from 0.87 to
0.90 for sparse four-detector arrays (144° coverage) and from 0.82 to 0.91 for seventeen-detector configurations ( with 96°
coverage). Shape-based spatial priors substantially reduce limited-view artifacts while improving quantitative accuracy
and can be a crucial tool for solving the limited-view problem in RAI.

Keywords: Radiacoustic imaging, inverse problems, radiation dosimetry, shape reconstructions, level sets, ultrasound,
imaging.

1. INTRODUCTION

Acoustic detection of radiation-induced ultrasound enables spatial mapping of deposited ionizing energy—a capability
termed radiacoustic imaging (RAI) [1]. Research since its first demonstration in 2013 [2] has explored applications
spanning structural visualization [3—12] and dose monitoring [13-23]. The fundamental principle of RAI is that short
radiation pulses absorbed in tissue generate acoustic waves, which are detected by transducers. The signals thus obtained
are then processed through reconstruction algorithms to map the energy distribution. Unlike CT [24], RAI's three-
dimensional acoustic propagation enables volumetric imaging from a single radiation projection, simplifying experimental
requirements. Radiation therapy (RT) conventionally relies on pre-treatment imaging [25-27] for dose delivery, which
cannot account for anatomical or physiological changes occurring during therapy. No technique currently exists for real-
time in vivo monitoring. RAI offers potential resolution of this gap and has progressed from laboratory
demonstrations [2,14-16,20,22,28-30] to early-stage animal and patient studies [21,23]—garnering significant interest
among radiation oncologists and physicists.

However, RAI faces a significant challenge: the limited-view problem. In many practical radiacoustic (RA) imaging setups,
the number and placement of detectors are dictated by experimental and clinical constraints, which can lead to incomplete
acoustic measurements. The reconstruction objective is to determine the initial pressure distribution (proportional to
deposited dose) from these acquired signals. In comparison to the traditional approaches (back-projection [2,31] and time-
reversal [32,33]), model-based (MB) algorithms [8§—10] perform better in reducing artifacts. However, they haven't
substantially resolved the limited-view issue that arises from the ill-posedness of the inverse problem [34-36].
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We employ a shape-based reconstruction approach that offers improved computational efficiency for ill-posed inverse
problems. This method prioritizes identifying target boundaries over pixel-by-pixel recovery, significantly reducing the
problem's dimensionality through level-set representations [37], which have demonstrated effectiveness across multiple
imaging domains. Applications include: recovering abnormal absorption regions in diffusion optical tomography [37]
using RBF-based parametric level-sets [38], detecting cancerous tissue through fluorescence optical tomography [39,40],
characterizing regions with atypical pharmacokinetic behavior in fluorescence-acoustic imaging [41,42], identifying
metallic objects from electromagnetic backscatter via shape optimization [43], and solving inverse obstacle scattering
problems [44].

Our framework adapts the shape reconstruction methodology to reconstruct dose distribution shapes. The resulting shape
serves as a spatial constraint for subsequent detailed reconstruction, confining the inverse problem to the identified region.
This strategy mitigates limited-view artifacts and enhances reconstruction accuracy. In the rest of this paper, Section 2
formulates the RAI reconstruction problem, Section 3 details our numerical simulations and experimental validation
studies, and Section 4 discusses the results. At the end, Section 5 concludes the work.

2. MATHEMATICAL FORMULATION
Radiacoustic imaging: Forward and inverse problem

Assuming instantaneous dose deposition, RA wave propagation follows:
?’p(At) L, o, L. 06()
T—va(r,t)= FH(T‘)7

where p (7, t) is propagating pressure, I is the Gruneisen parameter, v is the speed of sound, and H is the radiation energy
distribution (RED). The solution to Eq. (1) is given by [35]:
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where S'(t) denotes a time-dependent spherical (circular for 2D) surface centered at a detector at # with radius vt. For
this work, we will be focusing on 2D RAI. The discrete-domain representation of Eq.(2) is given as:

p= Mh. 3)

Where h (size: N X 1), and p (size: (Ng. N;) X N), are the discrete-domain representations of radiation energy deposition

(RED) H (#), measured pressure p(74,t) M is the model-matrix (size: (N4. N;) X N), with 7 being the co-ordinates of N,
transducer element and N, is the number of time samples in each RA signal. For detailed derivation of Eq.(3) from Eq.(2),
please refer to our previous work [8].

The inverse problem in RAI is to reconstruct the energy map (h) from the RA signals (peqs) and the MB image
reconstruction algorithms aim to solve the corresponding regularized least-squares (LS) problem:

h= argmin ||Pmeqs — MA||Z + 2°||RA||Z , “4)

where ||. ||, denotes the L?-norm. R is the regularization matrix with A being the regularization parameter.
Shape representation and reconstruction

For shape-based representation, we adopt a parametric level-set framework where the unknown h is modeled as piecewise
constant, taking distinct values inside and outside the target region [40]

h(®) = h" H(¢(r,v)) + h° (1 = H(p(, 1)) (&)

Here H(¢) is the modified Heaviside function, h’ and h° are the value of h inside and outside the target, and y represents
the shape defining parameters {a, B, y1, %2}, where a, B, and y are the RBF coefficients, dilation factors, and center
coordinates respectively for m radial basis functions (RBFs) used. The combined set of parameters is denoted by ® = {h!,
h°, a, B, x1, x2}. Following established approaches in optical tomography and fluorescence imaging, we use C2 polynomial
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RBFs of degree 5 as basis functions, which ensure compact support and sufficient smoothness [37,38]. The optimization
problem then reduces to estimating the shape parameter set © that best fits the measured acoustic data, is given by:

8 = argmin ||pmeas — MA(®)|[ + 2211@ - B3 ©)

where O, is a priori known shape parameters, if available. This drastically reduces the number of unknowns from pixel-
wise values to a small set of shape parameters including RBF weights, center locations, and dilation factors. We solve this
nonlinear problem via trust-region regularized gradient optimization.

The reconstructed shape along with a small tolerance (~2-5 mm) is then considered as the shape-optimized region of
interest (ROI) and the columns of model matrix M corresponding to the nodes outside this ROI are discarded. This new
model-matrix is then employed to solve the MB LS problem (Eq.(4)) to obtain the shape-optimized MB (SOMB)
reconstructions.

3. VALIDATION STUDIES
Computational study

To evaluate the efficacy of the proposed methodology, we performed a computational RAI study. An elliptical RED (with
major and minor axes of 1.5cm and 0.75cm) was considered as the RA source, and the RA signals were simulated using
the semi-analytic forward model [8,35] on a circular array (radius: 13 cm) consisting of 60 equispaced elements, as shown
in Fig. 1(a). With respect to the center of the array, the elliptical source was centered at (+1cm, Ocm). The RA signals were
simulated at 5 MHz sampling frequency using a grid resolution of 0.5 mm, using 10000 angular discretization for
computing arc integrals.

The simulated RA measurements were then employed for model-matrix (MM) based MB RAI reconstructions in the ROI
of 10 cm x 10 cm centered at the center of the transducer array. To avoid the inverse crime, the model-matrix was evaluated
at Ilmm grid resolution with 5000 angular discretization. This model-matrix was then employed for evaluating
reconstructions using the proposed SOMB algorithm, and the result was compared with the traditional MB reconstructions.
Steps for evaluating the proposed SOMB image reconstruction are shown in Fig. 1(b).

(a)

i \ ( ) ’/;’ p 13cm />
RAIl data RAIl shape L A
collection reconstruction * AN

60 dets in
ffull-view

10 cm

/ MB reconstruction in Domain reduction NS //
10cm ' the reduced domain and MM truncation N 10cm 7

N
\A\; -

Figure 1. Methodology: (a) The setup for computational study, showing the RA source, detection geometry, and the ROI for
reconstruction, (b) steps in evaluating shape-optimized model-based RAI reconstruction. (c) Settings for experimental studies.

Clinical experiment

Experiments employed a clinical Varian TrueBeam LINAC (10 MV) at OU Health Science Center, Oklahoma City,
delivering radiation to a water-filled tank. Detection used an Olympus single-element probe (0.5 MHz center frequency,
100% bandwidth at -6 dB) positioned on a 130 mm circular trajectory centered on the beam axis, and waveforms were
acquired at 60 equiangular positions spanning the full circle around the 4 x 4 cm? field. The RED was reconstructed in a
10 cm x 10cm domain concentric with the detection geometry. The full-view MB reconstruction obtained using all the 60
measurements was considered as the reference. The SOMB reconstructions were evaluated for two settings: (1) Four
measurements spread over 144° and (2) 17 measurements spread over 96°, as shown in Fig. 1c.
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4. RESULTS AND DISCUSSION

Results: Computational study

Fig. 2 shows the results from the simulated study. Standard model-based reconstruction (Fig. 2b) accurately identifies the
elliptical source location compared to ground truth (Fig. 2a). However, characteristic limited-view artifacts appear as
elongated tails extending from the source [36]. Moreover, the reconstructed values are also much lower in comparison to
the ground truth. Shape optimization (Eq. 6) iteratively refines boundary estimates from an initial circular guess (3 cm
radius), with convergence progression shown in Fig. 2e across 180 iterations. The evolution demonstrates convergence
toward the source boundary. The final shape estimate with 2.5 mm buffer (Fig. 2¢) constrains the second-stage (pointwise
MB) reconstruction domain, producing Fig. 2d. The domain restriction eliminates most spurious artifacts and yields
superior quantitative performance versus unconstrained MB. The improved fidelity manifests as correlation coefficient
(CC) improvement from 0.86 (standard MB) to 0.97 (SOMB). Processing times using MATLAB's 'Isqr’ were: 4 s (shape
estimation), 0.02 s (full-domain MB), 0.008 s (restricted-domain MB).

Dose (a.u.)
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Iter # 20

O

Iter # 40

O

Iter # 60
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Iter # 120

Iter # 140
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Figure 2. Computational study result: (a) The original RA source map, (b) standard MB reconstruction, (c) the shape reconstruction
obtained from algorithm 1, and (d) the SOMB RAI reconstruction evaluation in the reduced region of interest. (¢) The evolution of the
reconstructed shape through solving Eq. (6) across iterations [ROI: 10 cm x 10 cm].

Iterative Shape Evolution

Results: Clinical experiment

Full-aperture reconstruction using all 60 angular measurements (Fig. 3a) served as the ground truth for LINAC X-ray-
based validation study and yielded the expected 4 cm square beam geometry. Limited-aperture and sparse detection
scenarios’ standard MB and SOMB reconstructions were compared relative to this reference. For the ultra-sparse
configuration (4 detectors, 144° coverage) test case, the standard MB inversion (Fig. 3b) produces distorted images with
prominent limited-aperture and sparse detection artifacts. Level-set optimization accurately delineates the source (Fig. 3c).
Restricting MB reconstruction to this region (Fig. 3d) yields cleaner images with correlation increasing from 0.87 to 0.90.
Performance gains were more pronounced in the stronger limited-view scenario with 17/60 detectors (96° collection) as
shown in Fig. 3e-g. Standard MB image (Fig. 3e) suffers from characteristic limited-aperture degradation—distortion and
tail artifacts—achieving only CC = 0.82. SOMB reconstruction (Fig. 3g) markedly suppresses distortion and artifacts,
improving correlation to 0.91.
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The proposed two-stage framework leverages shape reconstruction to spatially constrain subsequent inversion. While
boundary estimation incurs computational overhead (~4 seconds), this initial investment substantially reduces artifacts and
enhances fidelity in the final reconstruction—benefits critically important for radiation therapy dosimetry. Translation to
clinical practice requires addressing computational efficiency and dimensionality. GPU acceleration could reduce shape
optimization time to enable near-real-time operation. In future work, we plan to extend this method to evaluate its efficacy
for particle therapy radiation source and array-based detection, which is clinically more relevant.

Dose (a.u.)

Figure 3. X-ray RAI experimental study result: (a) MB RAI reconstruction from full (60 detectors) data [used as ground truth], (b)
standard MB reconstruction from 144° angular coverage (with 4 detectors), (c) the shape reconstruction, and (d) the SOMB RAI
reconstruction evaluated in the reduced ROI.(e) standard MB reconstruction from 96° angular coverage (17 detectors), (f) the shape
reconstruction, and (g) the SOMB RAI reconstruction evaluated in the reduced ROI.

S. CONCLUSION

Here, we proposed a shape-optimization based image reconstruction algorithm to overcome the challenges of the limited-
view problem in the radiacoustic imaging, which aims to reconstruct the radiation dose from time-domain radiacoustic
signals collected on the transducers placed around. The proposed method first solves an approximate homogeneous source
using a shape reconstruction algorithm, which provides the approximate region of the deposited dose. Next, the model-
based algorithm is employed for evaluating the reconstructions within this reduced domain. Across the in silico and
experimental RAI studies, the reconstructions thus obtained were found to be of superior quality as compared to their
typical model-based counterparts. While the current study demonstrates the capabilities of the proposed reconstruction
framework on RAI measurements generated by an X-ray source and collected using single-element transducer scanning,
we aim to extend this study for particle therapy sources and array-based detection to enhance clinical relevance and
applicability.
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