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Abstract 

Photoacoustic tomography is an innovative non-ionizing imaging technique that combines optical 
contrast with ultrasound resolution for 3D object characterization. While promising, its broader 
adoption is limited by challenges such as shallow penetration depth and strong optical scattering. To 
address these issues, this study introduces a dual illumination and detecting photoacoustic 
tomography method, specifically designed for symmetrical objects like hollow metallic cylinders. The 
illumination system plays a critical role in determining the quality of photoacoustic signals and, thus, 
the final image. This approach enhances spatial resolution and contrast by using complementary light 
delivery and signal detection. In industrial settings, where accurate and efficient non-destructive 
testing is essential, traditional techniques often lack the precision required. The dual illumination and 
detecting strategy offer significant improvements in resolution, contrast, defect detection, and artifact 
reduction, surpassing the limitations of unidirectional approaches. This technique not only 
strengthens the characterization of metal structures but also contributes to a deeper understanding 
of their physical behavior. Applications extend across various fields, including aerospace and 
biomedical engineering. This paper explores the underlying principles and potential of this advanced 
imaging modality, highlighting its value in modern diagnostic and inspection technologies. 

Keywords: photoacoustic tomography; 2D imaging; dual detecting; dual illumination; signal 
processing; hollow; metal cylinder; non-destructive testing; acoustic impedance contrast 
 

1. Introduction 

Photoacoustic (PA) tomography is an imaging technique that combines optical and ultrasound 
information, a hybrid imaging modality that continues to evolve, especially for applications of 
medicine and biology [1]. The integration of high-resolution optical imaging with the depth 
penetration of ultrasound represents a major advancement in biomedical imaging. Although 
Rosencwaig reported the first application of PA imaging in solids in 1973 [2,3], subsequent advances 
in laser technology and instrumentation have established PA imaging as a powerful tool for 
diagnosis, monitoring, and therapeutic guidance in medicine [4,5], as well as for industrial non-
destructive testing [6–8]. 

The technique relies on the PA effect, wherein material absorbs pulsed or modulated light and 
subsequently emits ultrasound waves, thereby enabling the visualization of its structural and 
functional characteristics. Efficient PA absorbers convert absorbed light into acoustic waves, and 
wavelength-dependent absorption properties and the efficiency of light energy deposition determine 
their performance. The nonradiative decay processes and the mechanism of nonradiative energy 
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transfer that play an important role in the generation of PA signals from solids are discussed in [9]. 
Quantitative PA imaging techniques aim to extract quantitative information from PA signals to 
provide precise measurements of various tissue properties. This approach enhances the diagnostic 
capabilities of PA imaging beyond mere qualitative assessments. A critical component is the 
illumination of the experimental PA system, as it directly determines the generation of PA signals 
and influences image quality. Common techniques employ multispectral imaging and structured 
illumination strategies [10,11]. Those approaches offer microscale resolution and a wide range of 
contributions but are still limited in the penetration depth [1]. However, challenges such as object 
geometry, light fluence attenuation, acoustic heterogeneity, and ill-posed inverse problems on image 
reconstruction necessitate advanced techniques and regularization strategies to improve the image 
quality, i.e., accuracy and stability. To address this problem, many regularization techniques have 
been developed [12]. Other studies [13] use contrast agents to improve the image quality. 

Despite significant progress in PA tomography for biomedical and industrial applications, 
substantial challenges persist, particularly in achieving high-resolution imaging of deep internal 
structures. These limitations are primarily due to the shallow light penetration, optical scattering, 
and restricted angular coverage inherent in systems that employ unidirectional illumination and 
detection. 

In industrial manufacturing, where ensuring product integrity is critical, non-destructive testing 
(NDT) is essential for identifying defects, discontinuities, or material degradation without 
compromising the component’s usability or structure [4,14,15]. However, commonly used 
unidirectional NDT techniques—such as contact ultrasound (pulse-echo), direct transmission 
ultrasound, and laser-induced ultrasound—often suffer from limited contrast, structural artifacts, 
and incomplete internal visualization [16–18]. These shortcomings hinder the accurate detection of 
subsurface flaws, internal cavities, and weak joints. 

Furthermore, many current experimental setups rely on contact-based measurements, which can 
be inadequate in scenarios where preserving structural integrity or avoiding environmental 
contamination is crucial. These constraints highlight the need for advanced imaging strategies that 
can deliver high-quality results while minimizing physical interaction. 

To overcome these limitations, dual-illumination and dual-detection PA tomography represent 
a promising alternative [19,20]. By exploiting the axial symmetry of immersed objects and acquiring 
signals from opposing directions, dual-illumination and detection enhance angular coverage, 
improve the signal-to-noise ratio, and reduce spatial ambiguities. This approach enables more 
accurate and robust reconstruction of internal features, effectively addressing many of the 
deficiencies associated with traditional unidirectional methods. 

The present work explores how dual illumination and detection of the object of interest can 
overcome some depth limitations of PA tomography and offers a special emphasis on industrial 
applications. The PA effect is observed in solids with a simple geometry [2]. In the realm of dual 
illumination PA tomography, inspired by the progress of Fukutani et al. [11], the mechanisms 
underpinning signal enhancement are integral to optimizing imaging performance, particularly 
when applied to metal cylinders. The regularization problem is attained by improving the 
illumination and extending the amount of data with respect to noise.  By exploiting the PA effect, 
which generates ultrasonic waves after energy absorption, research can significantly improve an 
image’s spatial resolution and contrast in general. 

In PA tomography, image reconstruction plays a crucial role in transforming time-resolved 
pressure signals into spatially resolved images. Reconstruction algorithms can be broadly categorized 
into analytical, geometric, and model-based approaches. Among them, geometric algorithms stand 
out for their simplicity, computational efficiency, and ease of implementation, especially when the 
speed of sound is assumed to be homogeneous. Commonly used geometric methods include back 
projection (BP), filtered back projection (FBP), time reversal (TR), and Delay-And-Sum (DAS). These 
algorithms estimate the location of the initial pressure sources by summing time-shifted signals based 
on the calculated time-of-flight between each detector and image pixel. In this study, we employed 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 September 2025 doi:10.20944/preprints202509.2009.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.2009.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 14 

 

the DAS algorithm due to its widespread use in circular acquisition geometries and its proven ability 
to reconstruct high-contrast features with relatively low computational cost [21]. 

2. Materials and Methods 

2.1. Physical Transport Considerations 

The initial pressure 𝑝 measured in Pascals (1 Pa = 1 N/m2) generated by a PA wave is expressed 
as  𝑝 ∝  𝛤𝜀𝐹, (1) 

where 𝛤 is the temperature-dependent Grüneisen parameter, 𝜀 (1/𝑐𝑚) the absorption coefficient, 
and  F(J/cm2) the optical fluence [22,23]. The Grüneisen parameter contains, in turn, the thermoelastic 
parameters, as Γ=βKTV/CV; with 𝛽 as the thermal expansivity, KT as the bulk modulus, and CV as the 
specific heat, with respect to constant temperature 𝑇 and volume 𝑉 [24]. All of these parameters are 
directly proportional to PA amplitude. The PA effect relies on the photothermal effect to produce 
sound, although not all photothermal processes necessarily lead to PA signals.  

The theory of Rosencwaig and Gersho in 1975 predicts the dependence of the PA signal of a solid 
on the optical absorption coefficient 𝛼 of the solid for the wavelength 𝜆 [2]. The main source of the 
acoustic signal of a solid arises from the heat flow. The thermal diffusion equation in the solid can be 
written in terms of the temperature 

                           ௗమ்ௗ௫మ = ଵ௞ ௗ்ௗ௧ − 𝐴𝑒ఈ௫[1 + 𝑒௜ఠ௧], (2) 

where κ = k /ρCV is the thermal diffusivity of the material with thermal conductivity 𝑘 and density 𝜌; A = αI0/2k with the incident monochromatic light flux I0, assuming full efficiency of the light to heat 
conversion. 

The incremental pressure of a metal piece under chopped light is 𝑑𝑝 = 𝛾 ௣బ௏బ 𝑑𝑉, (3) 

where p0, V0 are the pressure and the volume of the metal piece at ambient temperature, and 𝛾 is the 
ratio of specific heats; 𝑑𝑝 is proportional to the envelope of the sinusoidal pressure variation 𝑄 ∝ 𝛾. For optically opaque solids, as is the case for metals of thickness 𝑙 with optical absorption length 1 < 𝛼𝜇 , that are thermally thick, i.e., with a thermal diffusion length 𝜇 < 𝑙, 𝑑𝑝 ∝  𝛼𝜇. (4) 

Furthermore, Gutierrez-Reyes et al. confirm that for an aluminum slab of width 𝑙 = 3 𝑚𝑚 , 
under thermal confinement, the time derivative of the temperature field is the source of the acoustic 
field within the solid [25] or within a layered medium [26].  Moreover, they express the relationship 
between thermal diffusivity and viscous and elastic properties of the sample, which we will not detail 
in the present scope. 

2.2. Material Characterization 

The object of interest is a series of five metallic cylinders (aluminum, brass, bronze, copper, and 
stainless steel), all with an inner diameter din= 4 ± 0.01 𝑚𝑚 and an outer diameter dout= 24.91 ±0.12 𝑚𝑚, as shown in Figure 1. The density, sound velocity, and acoustic impedance 𝑍 are shown in 
Table 1. In PA as well as ultrasound imaging, we are concerned about the difference in 𝑍 between 
two adjacent materials: a small difference implies greater energy transmission, whereas a mismatch 
induces energy reflection, which typically results in more image artifacts and noise.  

The metal sound velocity was obtained experimentally from the arrival time of the PA signal 
from each of the cylinders, placed in direct contact on the cylinder’s flat, round face with the sensor, 
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and without the beam path passing through the cylinder gap. The arrival time is obtained directly 
from the signal recorded by the oscilloscope, using the expression of the sound velocity vs = h/ta, with 
respect to the cylinder’s height ℎ. 

 
Figure 1. From left to right: aluminum, steel, copper, bronze, and brass (marked with black duct tape for better 
distinction due to its similarity to bronze) cylinders, viewed from above. 

Table 1. Density and sound velocity of the five metal cylinders in a water tank, ordered by acoustic 
impedance. 

Material Density 𝝆[𝒈/𝒄𝒎𝟑] Sound Velocity 𝒗𝒔[𝒎𝒎/𝝁𝒔] 

Acoustic Impedance 𝒁= 𝝆𝒗𝒔[𝟏𝟎𝟔𝒌𝒈/(𝒎𝟐𝒔)] 
Water 1.0 1.48 1.48 

Aluminum 2.7 6.119 16.52 
Brass 8.0 4.358 34.86 

Bronze 8.3 4.369 36.26 
Copper 8.6 4.662 40.09 

Stainless steel 7.6 5.650 42.94 

2.3. Experimental Setup 

The photoacoustic experimental setup consisted of: (1) two Quantel Brilliant b pulsed Nd:YAG 
lasers operating at the second harmonic (532 nm), with a pulse width of 5 ns and a repetition rate of 
10 Hz; (2) a Tektronix DPO5204B digital oscilloscope with 2 GHz bandwidth and a 10 GS/s sampling 
rate; (3) two Olympus A326S-SU immersion transducers with a central frequency of 5 MHz, a 
bandwidth of 2.57 MHz, and an element diameter of 9.52 mm; (4) a laptop for data acquisition and 
processing; (5) a set of metallic cylinders with a central hole, used in computed tomography; and (6) 
a Thorlabs PDA10A amplified silicon detector. 

The sample was mounted on a rotating stage inside an acrylic water tank. Sequential 
illumination was performed on two diametrically opposite sides of the cylinder (N-S), while acoustic 
detection was carried out in a forward configuration on the same plane, as illustrated in Figure 2. The 
cylinder was then rotated by 90°, and the procedure was repeated for the other two sides (E-W). Thus, 
four sequential measurements were obtained for each sample, corresponding to the cardinal 
positions where the laser beam impinged. The total acquisition time for each experiment was 
approximately 10 seconds. 
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Figure 2. Schematic of the experimental photoacoustic setup. (1) pulsed lasers, (2) oscilloscope, (3) transducers, 
(4) laptop, and (5) metallic cylinder phantom. Two lasers and two detectors are shown only to illustrate the 
sequential illumination and detection procedure; however, all measurements were carried out in the same plane. 
The photodetector is not depicted here to avoid visual saturation of the figure. 

2.4. PATLAB Simulation 

The PA simulation setup offers the important benefit of validating adequate signal processing 
and noise reduction with respect to the forward problem, as well as the choice of the reconstruction 
algorithm that solves the inverse problem of tomography. 

PATLAB [27] is a specialized software toolbox in MATLAB for PA tomography simulation and 
reconstruction, offering a comprehensive interface for 2D and 3D reconstruction, including the k-
Wave toolbox for the acoustic wave transport model. It allows the software user to facilitate and 
evaluate the effectiveness of the advanced acquisition techniques as proposed in this study. PATLAB 
consists of four modules: 1) loading/simulating inputs, 2) pre-processing, 3) image reconstruction, 
and 4) display & save. 

The PA simulation images were reconstructed using the Delay-and-Sum (DAS) method [28], one 
of the most widely adopted beamforming algorithms in ultrasound imaging. Due to its 
computational simplicity and ease of implementation, DAS has also been commonly applied in 
photoacoustic tomography (PAT) [29]. The algorithm calculates the sum of the time points associated 
with each corresponding grid point, assuming that the detectors have omnidirectional sensitivity and 
that the signal acquisition is an integration over circular curves for 2D images [27]. Although the 
method is fast and straightforward, it is inherently an intuitive and empirically driven approach that 
provides only an approximate reconstruction of the underlying structures [30]. Consequently, its 
performance is often limited in terms of resolution and artifact suppression when compared to more 
advanced model-based or iterative reconstruction techniques [31]. 

To simulate PA signals and reconstruct 2D images of a metal cylinder with a central cavity, we 
used PATLAB [27], a MATLAB-based graphical interface designed for PA tomography. PATLAB 
integrates the k-Wave toolbox to model acoustic wave propagation and supports both signal 
simulation (forward problem) and image reconstruction (inverse problem). 

2.4.1. Signal Simulation 

The simulation of acoustic propagation involved defining the four essential components of k-
Wave: the computational grid, the acoustic properties of the medium, the sensor configuration, and 
the acoustic source. A 2D computational domain of 35 × 35 mm² was used, with a grid spacing of 0.1 
mm and centered at (0, 0) mm. The sensor array consisted of 180 equally spaced detectors arranged 
in a circle of 15.8 mm radius. Two opposite sensor positions are operated 90 times, rotating the 
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cylinder every 2 degrees sequentially, and simulated by a 2x90 equidistantly distributed circular 
detector array, respectively. The detector response was modeled with a center frequency of 5 MHz 
and a 52% bandwidth. The medium was assigned an effective speed of sound of water, without 
additional attenuation. The acoustic source was defined as a binary image of the object under study, 
a hollow metal cylinder as described in Subsection 2.2, assuming omnidirectional illumination and 
perfect thermoelastic conversion. A sampling frequency of 50 MHz and a time window of 30 µs were 
used, consistent with experimental parameters. The simulation generated 180 time-series pressure 
signals, which were arranged into a sinogram of size 180 × 𝑁, where 𝑁 = 1000 is the number of time 
samples.  

 

Figure 3. (Left) All 180 detectors measure the simulated time series data. (Right) Acquired sinogram information 
from the implemented circular detector array. 

2.4.2. Image Reconstruction 
The PA signals generated in the simulation were used to reconstruct the 2D cross-sectional 

image of the metal cylinder. The Delay-And-Sum (DAS) algorithm was applied using the same 
computational grid and sampling parameters defined during the simulation. We assumed a sensor 
directivity of 30 degrees, along with omnidirectional sensitivity. The resulting image clearly 
delineates the inner and outer edges of the cavity as regions of maximum intensity. 

The simulation considered ideal conditions, including uniform acoustic propagation in a non-
dispersive, non-attenuating medium and full-field omnidirectional illumination (Figure 4). Although 
these assumptions do not fully represent real experimental data, appropriate signal processing can 
help mitigate such limitations. The reconstructed images were normalized and contrast-enhanced to 
facilitate qualitative and quantitative analysis. Both the preprocessed sinograms and final images 
were exported for further evaluation using image quality metrics to optimize the reconstruction 
parameters in future iterations. 
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Figure 4. Designed image of the binary physical section of the cylinder’s geometry (left) and the DAS 
reconstruction of this object with PATLAB (right). 

2.5. Primal and Dual Experimental PA Signal Processing 

Since the object of interest is axisymmetric concerning the centerline of rotation, the 
experimental setup of Subsection 2.3 can be realized by four distinct detector positions labeled as 
“north” (N), “east” (E), “south” (S), and “west” (W). Their measurement should give an equivalent 
amount of information as attained by the simulation 2.4.1. By the interpretation that the time 
sequence reflects the projection of the geometric object of interest, we identify the need to align the 
time-amplitude signal with the dimensional center of the metal cylinder. Since the time to space 
projection depends on the acoustic transport velocity, a balance between the sound velocity in water 
and the corresponding metal is demanded. To attain this balance with an average propagation 
velocity 𝑣 , the intensity reflection coefficient R2, the squared pressure reflection coefficient R, as 
contemplated in [32], is taken into account. The intensity reflection coefficient from metal to water 
equals the intensity from water to metal. The pressure reflection coefficient from the solid metal, 
where the PA effect initiates, to water, the coupling medium, is calculated by 𝑅 = ௓ೢೌ೟೐ೝି௓ೞ೚೗೔೏௓ೢೌ೟೐ೝା௓ೞ೚೗೔೏, (5) 

where Z = ρv describes the characteristic impedance of the penetrating sound wave (see Table 1); 
hence, for the solid one calculates Zsolid = ρsolidvsolid, while Zwater = ρwatervwater ≈ 1.481x106(kg/m2s) = 1.481 
MRayl. Table 2 contains the evaluation results of the pressure reflection coefficients 
of the present materials in this study.   

Table 2. Density and sound velocity of the five metal cylinders. 

Material 
Acoustic Intensity 

Reflection Coefficient 𝑹𝟐[%] Thermal Diffusion 
Length  𝝁 for 𝝎 = 𝟐𝝅 [𝒎𝒎] 

Aluminum 69.8 5.2 
Brass 84.4 3.3 

Bronze 84.9 2.6 
Copper 86.3 5.9 

Stainless steel 87.1 1.1 

Furthermore, we propose the average propagation velocity of the plotted PA signal, knowing 
about the material layers that the induced acoustic wave likely interacts with in a linear wave towards 
the detector (e.g. metal, water, metal, water), 

   𝑣 = 𝑅ଶ𝑣௦ + (1 − 𝑅ଶ)ൣ𝑅ଶ𝑣ுమை + (1 − 𝑅ଶ)൛𝑅ଶ𝑣௦ + (1 − 𝑅ଶ)𝑣ுమைൟ൧ 
= (𝑅ଶ[1 + (1 − 𝑅ଶ)ଶ])𝑣௦ + (𝑅ଶ + (1 − 𝑅ଶ)ଶ)𝑣ுమை. 

(6) 

We simplify the propagation within the two media by approximating the manifold by 
accentuating the first interface of metal to water and observing the probability that the majority of 
the reflected part of the acoustic wave will be reflected again and propagate a distance that is three 
times as long as the non-reflecting part of the wave. According to this average propagation of the 
acoustic PA wave in Figure 5, we center the PA time sequence over the metal cylinder. 
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Figure 5. Primal normalized PA signals, centered over the cylinder according to the average propagation velocity 
v. 

The experimental setup with two opposing forward PA detection systems will offer temporal 
sequences each, but the direction of the underlying PA transport is not linked to the spatial 
coordinates. We propose to interpret one forward PA signal g in the backward direction and register 
its mirrored time sequence g’ in the temporal system of the other PA signal. Both signals are 
represented in vectors of the same length, and we look for their element-wise Hadamard product 𝑔⊙ 𝑔′ . This way, we realize all possible combinations of detector positions evaluated in the 
experimental setup (labeled by N,E,S,W): (N,E), (N,S), (N,W), (E,S), (E,W), (S,W).  

Figure 6  shows the dual PA signals of the different metals obtained from the positions of the 
detectors located in opposite positions (N,S) and (E,W). These positions are highlighted with a 
dominant line width, while the other combinations based on the geometric symmetry of the cylinder 
are represented by thinner lines. 

The derived six dual time sequences of every metal define dual sinogram information that offers 
2D tomographic reconstructions. In this regard, we proceed as in the PATLAB simulation of section 
3.3 and obtain dual DAS reconstruction in Figure 7 for the five cylinder sections. Once the 1D PA 
signals are processed according to the dual illumination methodology, the tomographic section 
image of the cylinder can be reconstructed according to filtered backprojection methods. 

 

Figure 6. Dual normalized PA signals of metals. 
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Figure 7. Primal (left) and dual (right) DAS reconstruction of the bronze cylinder. 

3. Results  

According to the image reconstruction strategy in 2.4.2, we develop 2D PA tomography with the 
experimental primal and dual signals (Subsection 2.5). We compare the results as illustrated in Figure 
7, presenting the DAS PA tomographic section image of the bronze cylinder. 

The primal image contains many artifacts that are likely to result from internal acoustic 
reflections. The dual image represents a much smoother domain over the metal area, but requires 
further signal enhancement to visualize the internal structure (hollow cylinder). To prevent loss of 
information, no filters or pre-processing strategies are implemented in PATLAB or externally. At first 
sight, the dual reconstruction resembles more the simulation section image in Figure 4 (right). In 
order to evaluate the results more objectively, we implement several measures to quantify the error 
and the similarity between the experimental approach and the simulated study. 

3.1. Dissimilarity 

Three distance measures are used to evaluate the signal processing approach for PA image 
reconstruction. The less the difference, the better the match between the experimental performance 
and the computational simulation. The dissimilarity quantification of the PA results is listed in Figure 
8. Excluding the material with the highest acoustic impedance, stainless steel, the dual processing 
results in a profitable outcome for PA tomographic image reconstruction. 

The 𝐿1 -distance between the PATLAB simulation 𝑓  and an experimental measurement 𝑔 
(primal or dual), also known as the Manhattan distance or the mean error performance, is evaluated 
according to 𝐿1(𝑓,𝑔) = ଵே ∑ ⬚ே௜ୀଵ |𝑓(𝑖) − 𝑔(𝑖)|.               (7) 

The 𝐿2-distance between 𝑓 and 𝑔, or the Euclidean distance or the root mean squared error, is 
defined by 𝐿2(𝑓,𝑔) = ଵே  ට∑ ⬚ே௜ୀଵ (𝑓(𝑖) − 𝑔(𝑖))ଶ .             (8) 

The entropy of an image is a quantitative measure of its information content [32]. Based on this 
information the entropy distance 𝐸𝑑  between the simulation image 𝐹(𝑗, : ) = 𝑓  of all PA time 
sequences and the experimental image 𝐺(𝑗, : ) = 𝑔 for the j-th measurement is calculated following 𝐸𝑑(𝐹,𝐺) = 𝑒𝑛𝑡𝑟𝑜𝑝𝑦(𝐺) − 𝑒𝑛𝑡𝑟𝑜𝑝𝑦(𝐹).             (9) 
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The MATLAB function entropy is a measure that quantifies the information about the image 
content, taking into account the histogram information. The entropy gives a clue about the 
uncertainty or randomness in the PA data. Higher entropy indicates a richer distribution of pixel 
intensities, meaning more detail and texture, whereas lower entropy suggests redundancy or loss of 
information. 

 

Figure 8. Dissimilarity evaluation of primal and dual PA time signals with respect to the PATLAB simulation 
using the three measures L1, L2 and Ed. The smaller the resulting distance, the better the match between 
experiment and prediction. 

3.2. Similarity 

In order to quantify how similar the experimental PA information with respect to the PATLAB 
simulation is, we implement three structural measures. Two of them refer to the space or time domain 
and offer a direct overall comparison between two images. Images that reveal patterns, textures, and 
orientations are typically evaluated in the Fourier or frequency domain. By looking at the structure 
globally, we evaluate a third image measure by incorporating the Fourier transform of the PA 
information. The similarity quantification of the PA results is listed in Figure 9. 

The CCF evaluation gives a measure of the cross-correlation of two discrete time sequences, as 
implemented in MATLAB in terms of the function XCORR. The higher the results, the more similar 
the experimental and simulation time sequences [33,34]. We focus on its maximal element by 𝐶𝐶𝐹(𝑓,𝑔) = 𝑚𝑎𝑥(𝑋𝐶𝑂𝑅𝑅(𝑓,𝑔)).               (10) 

Further, the structural similarity is evaluated by MATLAB’s SSIM function, as seen in [35,36]. 
The same SSIM measure applied to the absolute value of the PA signals in the Fourier domain, 
|FFT(f)| and |FFT(g)| is also listed in Figure 9 as F-SSIM [37].  
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Figure 9. Similarity evaluation of primal and dual PA time signals with respect to the PATLAB simulation using 
the three measures CCF, SSIM and F-SSIM. The greater the resulting value, the better the match between 
experiment and prediction. 

4. Discussion 

The implementation of a dual illumination and detection strategy in PA tomography for hollow 
metallic cylinders has demonstrated significant advantages over traditional unidirectional (primal) 
approaches. The results confirm that this method effectively mitigates several key limitations 
inherent in conventional PAT systems, particularly those related to artifacts, resolution, and contrast 
in industrial non-destructive testing applications. 

The acoustic impedance of the materials plays a critical role in both signal processing and image 
quality. The high impedance mismatch between the metals and water results in a high pressure 
reflection coefficient (R > 69.8% for all materials), meaning a large portion of the generated acoustic 
energy is reflected at the interface. While this strong reflection is needed for the detection principle, 
it also leads to complex internal reverberations that manifest as artifacts in the primal reconstructions. 
The dual processing approach appears to compensate for these effects, unless the artifacts dominate 
the space; stainless steel apparently passes this limit and fails the distance measure under the 
implemented experimental parameters. 

The sound velocity within each metal, which we measured experimentally, is another crucial 
parameter. The sequence of sound velocities (Aluminum > Stainless steel > Copper > Bronze ≈ Brass) 
directly influences the time-of-flight of acoustic waves and thus the accuracy of the reconstruction 
algorithm in the primal mode. The proposed average propagation velocity model for the dual 
processing, which weights the sound velocity in metal and water by the reflection coefficient, 
apparently balances this influence. 

The thermal properties, specifically the thermal diffusion length, also influence the PA signal 
generation. Materials with a shorter thermal diffusion length (like bronze) confine heat more 
effectively (see Subsection 2.1), leading to a more efficient thermoelastic expansion and a stronger 
initial PA signal. This may explain why the numerical evaluation of the bronze is quantitatively much 
better than that of brass, although both materials have similar acoustic impedance and sound 
velocity. 

The quantitative metrics presented in Figure 8-9 provide objective evidence of the dual method’s 
superiority. For all metals except stainless steel, the dual processing yielded lower distances to the 
simulated ideal signal, indicating a closer match to the expected outcome. The increase in cross-
correlation and structural similarity values for the dual images further confirms their enhanced 
fidelity and closer resemblance to the simulated benchmark. This suggests that the dual processing 
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successfully reduced the randomness and uncertainty in the data, resulting in a cleaner, less noisy 
image that contains more structured information.  

A limitation of this study is the assumption of ideal conditions in the simulation (e.g., uniform 
illumination, no acoustic attenuation). In practice, dual PA illumination and detection are limited in 
space and the sensitivity of the detectors. Future work will focus on denser dual measurement 
strategies, incorporating different volumes, geometries, and materials, and exploring iterative 
reconstruction algorithms that can further suppress artifacts and improve quantitative accuracy. 

5. Conclusions 

This study successfully developed and validated a dual illumination and detection 
photoacoustic tomography strategy specifically designed for the non-destructive evaluation of 
hollow metallic cylinders. The key conclusions are enhanced image quality by effective dual signal 
processing for metals with acoustic impedance < 42 x 106 kg/(m2s) = 42 MRayl, as demonstrated by 
quantitative PA signal evaluation. This technique addresses critical limitations of existing non-
destructive testing methods for the industry by offering a non-contact, high-contrast, and high-
resolution imaging solution for detecting internal structures and potential defects in symmetric metal 
components.   
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