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Abstract: This study presents a comprehensive investigation into the reconstruction quality factor, a critical metric for assessing particle position reconstruction accuracy in light field particle image velocimetry (LF-PIV). Key factors influencing the reconstruction quality are analyzed, and a benchmark criterion for reconstruction quality is proposed to ensure high-accuracy three-dimensional flow measurement. Numerical reconstructions of random particle and 3D displacement fields are performed to optimize the tomographic and deep learning reconstruction approaches. Strategies for generating optimal datasets for deep learning models are presented. The findings indicate that the generation of ghost particles and the omission of true particles are the primary causes of low reconstruction quality. The latter has a more noticeable impact, particularly when ghost particle intensities are significantly lower than true particles. A reconstruction quality factor of above 0.7 is recommended for reliable, high-accuracy flow measurements. Learning-based methods outperform tomographic algorithms in particle reconstruction, achieving comparable reconstruction accuracy with a single light field camera (LFC) to that of tomographic methods using dual LFCs. To generate high-quality datasets for deep learning, an optimal angular separation of 0.01° between sampling rays, a seeding density range of 0~1 particle per microlens, and variable particle peak intensities are suggested. Additionally, incorporating noise at 10% of the image intensity standard deviation into training data significantly enhances model robustness.
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1. Introduction
Particle image velocimetry based on light field imaging (LF-PIV) has emerged as a promising technique for three-dimensional (3D) flow measurement [1-4]. By incorporating a densely packed microlens array (MLA) into a conventional camera, spatial information of the 3D scene can be recorded from a single viewpoint. This capability enables single-camera LF-PIV as an attractive alternative to the multi-camera 3D-PIV technique, particularly in space-constrained environments with limited optical access, such as compressor intakes and turbine tip clearances [5,6].
Unlike the standard 2D-PIV technique, where the flow velocity is directly estimated from double-exposed images [7], LF-PIV measures the flow velocity based on 3D particle distributions reconstructed from two consecutive light field images (LFIs). Accurate particle reconstruction is critical for reliable flow velocity estimation [8,9], and metrics such as the reconstruction quality, back projection quality, and signal-to-noise ratio have been explored to evaluate the performance of particle reconstruction algorithms [10,11]. Among these metrics, the reconstruction quality factor (Q), introduced by Elsinga [12], is widely accepted for assessing global reconstruction accuracy in particle fields. It is defined as the normalized cross-correlation between the reference and reconstructed particle volumes. A Q value of 1 indicates perfect alignment, whereas a Q of 0 signifies completely different particle distributions.
The discrepancies between true and reconstructed particle distributions arise primarily from two sources: (1) firstly from the reconstruction artefacts, which are typically demonstrated as the particle elongation effect in LF-PIV [13]. The elongation arises due to the finite viewing angle of the imaging system, leading to incomplete and even sparse projection data of the 3D scene [14]. Mathematically, particle reconstruction involves solving an underdetermined linear equation whose solution is not unique [15]; (2) secondly is the loss of true particles, which is caused by reasons such as overlapping particle images, system calibration errors, and non-uniform laser light sheets. Note that both the elongation effect and the omission of true particles bring troubles in particle pairing and make the tracking of particle trajectories challenging [16]. Thus, a quantitative investigation into how these factors affect the Q is essential to provide insights into the optimization of volumetric reconstruction algorithms.
The particle reconstruction is always tackled by the tomographic reconstruction (TR) methods, which employ iterative strategies with mathematical constraints to solve the underdetermined equations [17,18]. Post-processing filters leveraging the line-of-sight (LOS) technique are incorporated to remove reconstruction artifacts [19,20]. However, the Q is still barely satisfactory, particularly in dense particle seeding scenarios. Thus, advanced strategies remain to be explored to enhance reconstruction quality. Deep learning (DL)-based approaches have emerged as promising alternatives to conventional TR methods for volumetric particle reconstruction [21,22]. Most DL-based methods adopt supervised learning strategies, requiring a standardized dataset with extensive labeled data (i.e., particle distributions at various seeding concentrations along with their LFIs) to train the model. Once trained, the model can efficiently reconstruct 3D particle distributions from raw LFIs or sub-aperture images. In addition, unsupervised reconstruction techniques, particularly those leveraging convolutional operations, have been introduced to reconstruct volumetric particle distributions [23,24]. Instead of relying on labeled data, a projection function is employed as an unsupervised loss function to guide network training. Supervised learning offers high reconstruction accuracy in scenarios where sufficient labeled training data is available, whereas unsupervised methods reduce the dependency on labeled datasets and improve adaptability to diverse measurement conditions. A limitation of the current unsupervised methods is degraded performance caused by non-Gaussian sensor noise and spatially varying particle densities. Preliminary results demonstrate that the elongation effect observed in TR results can be largely alleviated by the DL approaches, and the reconstruction process is notably accelerated [25]. Despite these advantages, challenges remain in ensuring the robustness and generalization of DL methods, particularly when applied to unseen datasets [26]. Addressing these challenges requires focusing not only on optimizing neural network architectures but also on improving the quality and representativeness of the training datasets [27], which are critical for achieving reliable and robust model performance. Beyond improving tomographic and DL reconstruction approaches, establishing a direct correlation between the reconstruction quality metric and flow measurement accuracy is essential. Such a correlation would allow Q to serve as a practical benchmark for evaluating and ensuring high-accuracy 3D flow measurements through LF-PIV.
To address these issues, this study first presents a comprehensive investigation of impact factors on Q, including the number of ghost particles, the loss of true particles, and the intensity ratio between true and ghost particles. After that, reconstructions of the uniform displacement field and the Gaussian vortex field are performed using synthetic LF data to link the Q factor with flow measurement accuracy. Based on these findings, a Q-based criterion is introduced as a benchmark for achieving reliable flow velocity measurement. Finally, numerical reconstructions of random particle fields are conducted to explore optimization strategies for both tomographic and DL reconstruction approaches, aiming to further enhance Q. Findings from theoretical analysis and numerical tests are presented and discussed in detail.
2. LF-PIV-based volumetric particle reconstruction
Compared to the conventional camera, the unique structure of a light field camera (LFC) lies in the presence of a microlens array (MLA) positioned between the main lens and image sensor. Unlike a conventional camera, which captures only positional information, the MLA enables a LFC to record both the positional and directional information of incoming light rays. As illustrated in Fig. 1, in the light field imaging process, rays from object points pass through the main lens and are directed toward different microlens on the MLA. Each microlens samples a specific portion of the scene, forming microlens sub-images that encode positional information. These microlenses further redirect these rays onto the image sensor, with each pixel capturing rays from a particular orientation. The recorded orientation data facilitates the generation of perspective-shift images of the scene, which can be utilized for depth estimation and 3D scene reconstruction.
The principle of LF-PIV for 3D flow measurement is illustrated in Fig. 2. Tracer particles, with densities approximately matching that of the fluid, are uniformly seeded in the test flows. Particle diameters typically range from 1~5 μm for gas flows and 10~100 μm for liquids. A dual-pulsed laser, with a peak energy of 200–500 mJ, is used for illumination. The laser beam is shaped into a 3D volume using a cylindrical lens and an expander. The scattered light from the particles is captured by a LFC operating in double-exposure mode. The measurement volume is defined by the field of view (FOV) of the LFC and the thickness of the laser sheet. Studies demonstrated that a single LFC can conduct 3D flow measurements and capture three-component velocity data, while the addition of a second LFC significantly enhances the spatial resolution and accuracy in depth direction [28,29].
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Fig. 1 Encoding of spatial and orientation of light rays with a MLA-based LFC.
The flow estimation of LF-PIV is performed based on the particle intensity distributions reconstructed from two successively captured LFIs. The volumetric particle reconstruction is typically achieved through TR algorithms, which employ iterative strategies to solve the linear equation,

		(1)
here, the measurement volume is discretized into a 3D array of cubic voxels, E(xj, yj, zj) represents the intensity of the jth voxel, I(xi, yi) represents the intensity of the ith pixel, and wi,j denotes the intensity contribution from the jth voxel to the ith pixel. A common challenge in the tomographic reconstruction is the particle elongation effect along the depth direction. This reconstruction artifact arises because the spatial resolution in depth is much lower than that in lateral for a LFC. As a result, the particle's depth location can hardly be identified, and spurious particles are produced around the true particles. To tackle this issue, attempts have been made using supervised DL approaches. Specifically, a standardized dataset, containing a large number of particle distributions at various seeding concentrations, along with their LFIs, is utilized to train the deep learning model. Once trained, the model is capable of directly recovering 3D particle distributions from light field raw images, refocused image stack or sub-aperture images. Preliminary results indicate that the elongation effect produced by TR algorithms can be largely alleviated by learning-based approaches [21].
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Fig. 2 Principle of 3D flow measurement through LF-PIV.
With the reconstructed particle volumes, the flow velocity can be estimated either by tracking the trajectories of individual particle trajectories (PTV) or analyzing the motion of particle groups via cross-correlation analysis (PIV). PTV offers higher spatial resolution of velocity field compared to PIV, especially with the use of high-speed cameras capturing at very short time intervals [30]. However, PTV requires precise localization of individual particles, which becomes challenging in the presence of elongated particles or under high seeding density conditions. Advanced tracking algorithms such as Shake-The-Box (STB) [31] have been developed to enhance the PTV performance in dense seeding scenarios. Despite these advancements, PIV remains simpler and more efficient.
3. Particle reconstruction quality
Particle reconstruction is a crucial stage that influences the accuracy of flow measurement by LF-PIV. To assess the quality of particle field reconstruction, several quantitative metrics have been proposed, including reconstruction and back projection quality and reconstruction signal-to-noise ratio. Among these, the reconstruction quality factor Q is widely recognized as a standard measure. Q is calculated based on the normalized cross-correlation between the reference particle volume E0 (x, y, z) and the reconstructed volume E1 (x, y, z), as defined in Eq. (2). 

		(2)
Unlike metrics that evaluate individual particles, Q assesses the overall accuracy of the reconstructed particle field. The Q factor is often evaluated using synthetically generated particle fields, as accurately localizing micrometer-scale particles in experimental settings remains challenging. A Q value below 1 indicates intensity mismatches between true and reconstructed particles, typically caused by ghost artifacts or the omission of true particles. In conventional tomographic PIV, ghost artifacts are spurious particles that emerge at the intersections of the lines of sight (LOS) from multiple cameras. However, in LF-PIV, the situation differs due to the limited viewing angle of a single LFC compared to conventional multi-camera systems. This limitation results in significantly lower spatial resolution along the depth direction relative to the lateral resolution. Consequently, ghost artifacts manifest as elongation effects, with low-intensity particle signals appearing along the depth direction, visually resembling distorted, ellipsoid-shaped particles. On the other hand, the loss of true particles during reconstruction can arise from factors such as overlapping particle images, system calibration errors, and non-uniform laser light sheets. Furthermore, noise removal during post-processing may inadvertently filter out true particles by misidentifying them as ghosts. These issues, whether related to the generation of ghost particles or the loss of true ones, distort the intensity distribution of the reconstructed particle field and reduce the Q factor.
3.1 Influencing factors on reconstruction quality
Numerical tests are conducted to evaluate the impact of ghost artifacts and the omission of true particles on the Q value. A measurement volume of 14 mm × 14 mm × 7 mm is constructed and discretized into cubic voxels with a spatial resolution of 0.1 mm × 0.1 mm × 0.1 mm. Random particle distributions are generated within this volume using the particle image generator (PIG) introduced by Raffel [32]. The particle intensity is described by a 3D Gaussian function,

		(3)
where Ip denotes the peak intensity at the Gaussian center (x0, y0, z0), dp denotes the particle center in a unit of voxel. Furthermore, the unit of particle seeding density (C) is defined as particle per microlens (ppm), as

		(4)
where Ntrue denotes the number of seeded particles, and Nml denotes the number of microlens that image the measurement domain. With specified values of Ip, dp, (x0, y0, z0) and C, a random particle field can be produced.
To simulate reconstruction artifacts, ghost particles are artificially introduced, and some true particles are removed randomly. The altered particle fields are compared with the original distributions to compute Q. Three key metrics are defined to quantify the characteristics of ghost and lost particles. The ghost rate (Gr) is defined as the ratio of reconstructed total particles (Ntotal) to true particles (Ntrue). A Gr value of 1 suggests all reconstructed particles are true and therefore no ghosts are produced.

		(5)
The recall rate (Rc) measures the ratio of successfully reconstructed true particles (Nrec-true) to total true particles (Ntrue). A Rc value of 1 indicates all true particles are reconstructed.

		(6)
The ghost-true intensity ratio (Ir) is defined as the ratio of the average intensity of produced ghost particles (Ig) to that of reconstructed true particles (It). A low Ir value implies that the ghost particles are significantly dimmer than true particles.

		(7)
Figure 3 illustrates the variations of Q with Gr and Rc under different Ir. The Q factor consistently declines as Gr increases across all levels of Rc and Ir, indicating that a larger Gr introduces greater artificial noise into the reconstructed particle fields, thereby reducing reconstruction accuracy. Additionally, for a fixed Gr, higher Rc values correspond to higher Q, emphasizing the importance of accurately reconstructing true particles for achieving higher accuracy. The influence of Ir on the sensitivity of Q to Gr and Rc is also evident. At a high Ir (e.g., 2), where ghost particles have approximate intensities to true particles, even small variations in Gr and Rc lead to notable changes in Q. In contrast, at a low Ir (e.g., 0.05), where ghost particles are much dimmer, Q hardly changes with Gr, as low-intensity ghost particles contribute minimally to errors. Overall, minimizing ghost rates, maximizing recall rates, and controlling the relative intensity of ghost particles are effective strategies for improving particle reconstruction accuracy.
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(a) Ir = 2                                                                                             (b) Ir = 1
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(c) Ir = 0.5                                                                                       (d) Ir = 0.05
Fig. 3 Variations of Q with ghost rate Gr and recall rate Rc under different ghost-true particle intensity ratio Ir. (a) Ir = 2, (b) Ir = 1, (c) Ir = 0.5, (d) Ir = 0.05.
3.2 Effect of reconstruction quality on velocity estimation
The LF-PIV aims to acquire 3D velocity data of test flows. Therefore, establishing a correlation between the Q factor and flow velocity measurement accuracy is critical. Such a correlation would allow the Q factor to serve as a reliable benchmark for evaluating and ensuring high-accuracy 3D flow measurements. To investigate this correlation, measurements of 3D displacement fields are performed using synthetic LF data. Random particle fields (described in Section 3.1) are displaced according to a predefined displacement field, resulting in new particle distributions. These initial and displaced particle volumes are cross-correlated to reconstruct the 3D displacement field. The displacement reconstruction error is quantified as

		(8)
where εu, εv, and εw denote the average errors in the u, v, and w displacement components, respectively, and vp is the maximum displacement. Two types of displacement fields are employed: a uniform displacement and a Gaussian vortex field. The uniform field involves a constant displacement of 4 voxels in the x, y, and z directions. The Gaussian vortex field follows the analytical formula expressed as,

		(9)
where Ω (i, j, k) is the vorticity magnitude at the location (i, j, k), Rc and R0 are the core and outer-ring radius, respectively, (xc, yc, zc) is the vortex center, and Γ is the circulation. The parameters Γ, Rc, and R0 are constant with those described in [33], yielding a peak displacement of 7.8 voxels. To estimate displacements of particle groups, the cross-correlation algorithm uses an interrogation volume of 161616 voxels with a 50% overlap, producing 353517 displacement vectors in the measurement volume.
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(a) ε at different Q resulted from varying Gr                                  (b) ε at different Q resulted from varying Rc
Fig. 4 Variation of ε with Q in uniform displacement field reconstruction. Different Q values are achieved by (a) varying ghost rate Gr and (b) varying recall rate Rc.
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(a) ε at different Q resulted from varying Gr                                  (b) ε at different Q resulted from varying Rc
Fig. 5 Variation of ε with Q in Gaussian vortex field reconstruction. Different Q values are achieved by (a) varying ghost rate Gr and (b) varying recall rate Rc.
Figures 4 and 5 depict the variations of ε with Q under different C. A clear inverse relationship is observed: as Q increases, ε systematically decreases across all tested C, demonstrating the strong dependence of particle displacement measurement accuracy on reconstruction quality. For a fixed Q, the loss of true particles has a greater impact on ε than the presence of ghost particles, emphasizing the importance of maintaining a high recall rate for accurate velocity estimation. C also significantly affects error reduction, particularly at lower Q values. High C levels (e.g., 1 ppm) consistently result in low ε, while a low C (e.g., 0.25 ppm) is associated with higher errors. However, as Q approaches 1, the effect of C becomes less significant, and ε becomes minimal across all concentrations. From Figs. 4 and 5, it can be observed that to ensure the relative error of flow velocity measurement remains below 10%, Q should exceed 0.7. This threshold is consistent across different particle concentrations, though higher concentrations make it easier to reach the threshold. 
4. Numerical investigation
In LF-PIV, volumetric particle reconstruction can be achieved through tomographic reconstruction (TR) or deep learning (DL) approaches. To optimize these methods for enhanced Q, numerical reconstructions of random particle fields were conducted using synthetic LFIs. The measurement volume dimensions, discretization settings, and particle field generation are consistent with the specifications described in Section 3.1.
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Fig. 6 Generation of the synthetic light field image
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Synthetic LFIs of random particle fields are generated using the ray tracing technique. Figure 6 illustrates the process of dense ray tracing for synthetic LFI generation. The measurement volume is first subdivided into voxels, and dense light rays originating from a discrete voxel (labeled j) are traced to the image sensor using the ray transfer matrices depicted in Eq. (10). In Eq. (10), (x, y) and (θ, φ) define the intersection position and angle of the ray with a plane perpendicular to the camera optical axis. Matrix 1 describes the propagation of rays from the object to the main lens, where so denotes the object distance. Matrix 2 models the main lens refraction, where Fm represents the focal length of the main lens. The rays then propagate toward the microlens array (MLA) following matrix 3, where si denotes the image distance. Based on the affine optics, matrix 4 describes the light ray refraction by the microlens, where fm represents the focal length of microlens, sx and sy is the shift of the microlens center from the main optical axis. Finally, the ray travels to the image sensor via matrix 5, where dμ denotes the separation from MLA to the image sensor and it is equal to fm. Once the path of the light rays is established, the intensities of the image pixels contributed by discrete voxels can be calculated, which facilitates the numerical generation of the synthetic LFI. Table 1 lists the optical parameters used to generate synthetic LFIs. Dual LFCs with a 90º angular separation are employed to capture the particle fields. The optical settings for dual LFCs are identical, employing a 1:1 imaging configuration with a 100 mm focal length lens. Reconstructions of the particle fields are performed using LFIs captured by a single camera and the dual-camera system, respectively, and the corresponding Q values are calculated.
4.1 Tomographic-based reconstruction
TR methods aim to recover the 3D light intensity distribution within the measurement volume by solving Eq. (1). Among TR methods, the simultaneous algebraic reconstruction technique (SART) and its multiplicative variant (SMART) demonstrate superior performance in handling sparse projection data. This is due to their weighted correction factors, which evenly distribute errors across the entire image. The voxel update formulas for SART and SMART are expressed in Eqs. (11) and (12), respectively,

		(11)

		(12)
where N represents the number of voxels along the line-of-sight (LOS) for a given pixel, and μ is a relaxation factor that controls the step size for each correction. SART minimizes the least-squares difference between the actual and estimated projections, converging to a solution with reduced projection error. In contrast, SMART employs a global cross-entropy maximization strategy to ensure stable iterative convergence. In addition to the standard SART and SMART, a pre-recognition (PR) procedure is incorporated. PR filters out potential zero-intensity voxels, effectively mitigating elongation artifacts and improving computational efficiency. Further details about SART, SMART, and PR can be found elsewhere in [10].
Table 1: Optical parameters of LFCs used to generate synthetic LFIs
	Parameter
	Symbol
	Camera value

	Magnification of the main lens
	M
	-1

	The focal length of the main lens
	Fm
	100 mm

	f-number of the main lens
	F/#
	4

	The focal length of the microlens
	fm
	800 μm

	f-number of microlens
	f/#
	8

	Number of microlenses: x
	nm
	250

	Number of microlenses: y
	nn
	250

	Microlens pitch
	pm
	100 μm

	Camera resolution: x
	nx
	6600

	Camera resolution: y
	ny
	4400

	Pixel size
	px
	5.5 μm

	Object focal distance
	so
	200 mm

	Image distance
	si
	200 mm


To qualitatively assess ghost suppression and particle localization accuracy, Fig. 7 compares 3D renderings of particle fields reconstructed by SART under single- and dual-LFC configurations at C = 0.2 ppm. The single-LFC reconstruction exhibits pronounced elongation artifacts and low-intensity ghost particles, whereas the dual-LFC system resolves discrete, high-fidelity particle signatures with minimal elongation. Figure 8 demonstrates the performance of the SART, PR-SART, and SMART in terms of the Q-factor across iterations under single- and dual-LFC configurations for different C (0.1 ppm, 0.4 ppm, 0.7 ppm, and 1 ppm). The results indicate that C has a notable influence on the Q. Sparse seeding cases (e.g., C = 0.1 ppm) yield higher Q factors, whereas denser seeding (e.g., C = 1 ppm) degrades the Q due to severe occlusion effect on the particle images. Among the algorithms, SART under a single-LFC configuration exhibits slow convergence, with the final Q remaining below 0.4. PR-SART demonstrates faster convergence and slight improvements in Q for both single- and dual-LFC configurations, suggesting that the PR step effectively filters out some ghost particles. SMART outperforms both SART and PR-SART, achieving the highest Q and converging optimally within 40 iterations. By comparison, SART and PR-SART require up to 400 iterations to converge. Overall, the dual-LFC configuration consistently produces higher Q than the single-LFC configuration across all algorithms. This improvement results from improved spatial resolution in depth direction and better handling of occlusions in reconstruction.
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(a) single LFC                                                                                        (b) dual LFCs
Fig. 7 3D renderings of particle fields at C = 0.2 ppm reconstructed by SART under single- and dual-LFC setups.
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(a) SART, single LFC                                                                       (b) SART, dual LFCs
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(c) PR-SART, single LFC                                                             (d) PR-SART, dual LFCs
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(e) SMART, single LFC                                                                      (f) SMART, dual LFCs
Fig. 8 Q of SART, PR-SART, and SMART reconstruction algorithm under single and dual-LFC configurations across different C. (a) SART with a single LFC, (b) SART with dual LFCs, (c) PR-SART with a single LFC, (d) PR-SART with dual LFCs, (e) SMART with a single LFC, (f) SMART with dual LFCs.
Figure 9 shows the probability density function (PDF) of particle intensity reconstructed by SMART at C = 0.4 ppm for the single and dual LFC configurations. The reconstructed intensities are normalized to a range of 0 to 1, with black bars representing true particle intensities and red bars indicating ghost particle intensities. In the single-LFC configuration, the reconstructed intensities are concentrated below 0.3, and there is a significant overlap between the distributions of true and ghost particles. This overlap suggests that the intensities of ghost and true particles are very close and, hence, difficult to differentiate. In contrast, the dual-LFC configuration exhibits a much clearer separation between the true and ghost particle intensities. True particle intensities are concentrated in the range of 0.5 to 0.7, while ghost particle intensities remain largely below 0.3. This separation significantly enhances the reconstruction quality and reduces ambiguity in identifying and filtering ghost particles. The dual-LFC setup thus provides more accurate particle reconstruction with fewer ghost artifacts compared to the single-camera configuration.
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(a) Single LFC                                                                                   (b) Dual LFCs
Fig. 9 PDF of normalized particle intensity reconstructed by SMART under (a) single-LFC and (b) dual-LFC configurations.
Due to the approximate intensity levels of ghosts and true particles in single LFC reconstruction, enhancing Q by filtering out ghosts becomes challenging. Figure 10 compares the effects of two filtering methods on Q: an ideal filter that selectively removes all ghost particles and a constant threshold filter with an intensity cutoff of 0.2. For a single LFC [as shown in Fig. 10(a)], Q improves significantly with the ideal filter, as it eliminates ghost particles without affecting true particles. However, for the filter with a constant intensity cutoff, Q even gets lower at different C. This aligns with previous observations (Fig. 3) that the loss of true particles lowers the recall rate, which in turn decreases the Q factor. In contrast, for dual-LFC reconstruction where true particle intensities are notably higher, the threshold filter effectively removes most ghost particles while preserving true particles. As a result, an improvement in reconstruction quality is demonstrated. The results suggest that single LFC-based LF-PIV faces inherent limitations due to restricted viewing angles and insufficient projection data, which hinder accurate particle reconstruction. Introducing a second LFC to expand the viewing angles proves to be an effective solution for overcoming these limitations. 
[image: ]           [image: ]
(a) Single LFC                                                                                     (b) Dual LFCs
Fig. 10 Variations of Q factor with and without post-processing filters. Particle fields are reconstructed by (a) a single LFC and (b) dual LFCs.
While the dual-LFC configuration significantly improves depth estimation and reduces elongation effects, it introduces higher costs, increased complexity, and greater computational demands. A single-LFC system remains a more practical choice for applications where moderate depth accuracy is sufficient and setup simplicity is a priority. However, for high-precision volumetric PIV measurements in turbulent or complex flows, the benefits of a dual-LFC system can outweigh these drawbacks. Thus, the choice between single-LFC and dual-LFC depends on the specific application’s accuracy requirements, budget constraints, and practical deployment considerations.
4.2 Deep learning-based reconstruction
4.2.1 Dataset preparation
Deep learning approaches address the limitations of traditional TR methods by incorporating synthetic projection data as prior knowledge. Specifically, random particle fields along with their LFIs are provided to train a neural network model to map particle intensity distribution to LF projections. Recent studies have explored DL models for LF reconstruction. For instance, a tailored deep residual neural network (DNN) was developed to achieve fast particle reconstruction using LF perspective-shift images. The perspective-shift images are extracted from raw LFIs through LF rendering. The network adopts an encoder-decoder architecture where multiple residual blocks are incorporated. A customized loss function integrating the mean absolute error (MAE) and Q factor is employed to minimize discrepancies between reconstructed and true particle intensities. In addition to DNN, a 3D U-Net framework was proposed to perform semantic segmentation by mapping 3D input volumes to output segmentation maps. The input of 3D U-Net is a stack of LF-refocused images computationally derived from raw LFIs, and the output is the 3D intensity distribution. More details about the structure and implementation of DNN and U-Net can be found elsewhere in [21,22].
As supervised learning models, DNN and 3D U-Net rely heavily on high-quality training data, typically requiring thousands of labeled samples. The acquirement of these samples from practical experiments is challenging and therefore training datasets are often generated synthetically through the dense ray tracing technique. The generation of synthetic LFIs involves several critical parameters, including sampling density, noise level, particle properties, and optical parameter errors, all of which significantly influence the dataset's quality. To assess the impact of these parameters on the performance of the DL models, numerical reconstructions of particle fields via DNN and 3D U-Net are conducted. Tables 2 and 3 summarize the parameter settings used in training and test dataset generation. Models trained on datasets with varying parameters (D1~D17 and U1~U10) are subsequently tested on independent datasets to assess their performance.
Table 2: Parameter settings in the generation of training dataset for training DNN and U-Net models
	Parameter
	D1& U1
	D2& U2
	D3& U3
	D4& U4
	D5& U5
	D6& U6
	D7& U7
	D8& U8
	D9& U9
	D10& U10
	D11
	D12
	D13
	D14
	D15
	D16
	D17

	Dataset size (k) 
	20
	5
	10
	20
	50
	20
	20
	20
	20

	Angle separation between sampling rays α (°)
	0.01
	0.01
	0.001
	0.01
	0.05
	0.1
	0.01
	0.01
	0.01

	Seeding density C (ppm)
	0~1
	0~2
	0~1
	0~1
	0~1
	0~1
	0~1

	Noise level σp (%)
	0
	0
	1
	0
	10
	20
	30
	0
	0

	Normalized particle intensity pi
	0~1
	0~1
	0~1
	0~1
	1
	0~1
	0~1

	Error of optical parameters (%)
	0
	0
	0
	0
	0
	0


Table 3: Parameter settings in the generation of test data for testing trained models
	Parameter
	D1& U1
	D2& U2
	D3& U3
	D4& U4
	D5& U5
	D6& U6
	D7& U7
	D8& U8
	D9& U9
	D10& U10
	D11
	D12
	D13
	D14
	D15
	D16
	D17

	Dataset size (k) 
	2
	0.5
	1
	2
	5
	2
	2
	2
	20

	Angle separation between sampling rays α (°)
	0.01
	0.01
	0.001
	0.01
	0.05
	0.1
	0.01
	0.01
	0.01

	Seeding density C (ppm)
	0~2
	0~1
	0~1
	0~1
	0~1
	0~1

	Noise level σp (%)
	0
	0
	1
	0
	10
	20
	30
	0
	0

	Normalized particle intensity pi
	0~1
	0~1
	0~1
	0~1
	1
	0~1
	0~1

	Error of magnification ratio of the main lens (%)
	0
	0
	0
	0
	0
	0~5

	Error of focal length of the main lens (%)
	0
	0
	0
	0
	0
	0~25

	Error of viewing angle (%)
	0
	0
	0
	0
	0
	0~2.5

	Error of image distance (%)
	0
	0
	0
	0
	0
	0~5

	Error of f-number of MLA (%)
	0
	0
	0
	0
	0
	0~10

	Error of image pixel size (%)
	0
	0
	0
	0
	0
	0~1


4.2.2 Effect of seeding density and dataset size
The influence of C on model performance is first investigated. Two datasets, one with C varies from 0 to 1 ppm with a uniform increment of 0.1 ppm, and the other with C ranges from 0 to 2 ppm, are constructed. The particle density range aligns with established LF-PIV benchmarks [1,20], where densities exceeding 1 ppm induce severe occlusion artifacts and reconstruction inaccuracies, while lower densities (e.g., 0.5 ppm) are empirically optimal for experimental validations. At each C level, 2000 LFIs are synthetically generated. Figure 11 shows an example of synthetic LFIs under particle concentrations C = 0.1, 0.25, 0.5 and 1 ppm, respectively. The generated datasets are employed to train the DNN and 3D U-Net models, and two DNN models (D1~ D2) and two 3D U-Net models (U1~ U2) are then established. The trained models are tested on the dataset with C ranging from 0 to 2 ppm, and the resulting Q is illustrated in Fig. 12. The average Q across the test C range is listed in Table 4. 
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(a) C = 0.1 ppm                                                             (b) C = 0.25 ppm
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(c) C = 0.5 ppm                                                              (d) C = 1 ppm
Fig. 11 Synthetic LFIs of particle fields generated under different particle concentrations C of (a) 0.1, (b) 0.25, (c) 0.5 and (d) 1 ppm.
Models trained on narrower C ranges generally achieve higher Q values within the range of 0∼1 ppm but fail to generalize at higher C levels (1∼2 ppm). Conversely, models trained on broader C ranges (0∼2 ppm) exhibit more consistent performance across the full C range, albeit at the cost of reduced performance in the sparse seeding cases. Among the models, D1 achieves the highest average Q value of 0.91 within the C range of 0∼1 ppm, showing that it is suitable for practical LF-PIV applications where seeding densities typically remain below 1 ppm. While D2 and U2 show better robustness across C, their performance in the 0∼1 ppm range is lower than​ D1 and U1. These findings underscore the trade-off between model optimization for specific C ranges and generalization across wider C ranges. For practical LF-PIV applications, D1 is recommended due to its high accuracy in the typical C range, whereas D2 may be preferred in scenarios requiring a broader C range.
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(a) DNN                                                                                         (b) 3D U-Net
Fig. 12 Performances of (a) DNN and (b) 3D U-Net models trained by datasets generated with different C. Model D1 and U1 are trained with C ranges of 0~1 ppm, while D2 and U2 are trained with C ranges of 0~2 ppm. All models are tested on a dataset with C ranging from 0~2 ppm.
Table 4: Average Q values of DNN and U-Net models trained by datasets with different C
	Test C range
	D1
	D2
	U1
	U2

	0~1 ppm
	0.91
	0.84
	0.83
	0.77

	1~2 ppm
	0.65
	0.76
	0.58
	0.68

	0~2 ppm
	0.78
	0.8
	0.7
	0.73


The influence of dataset size on the performance of DNN and U-Net is further investigated. Four datasets consisting of 5k, 10k, 20k, and 50k LFIs are generated to train DL models (DNN: D3~D6 and U-Net: U3~U6), with performance evaluated on an independent test set. The Q values are shown in Fig. 13. It can be seen that as C increases, a larger volume of training data is required to maintain high reconstruction quality, particularly when C exceeds 0.5 ppm. While models trained with larger datasets (up to 50k LFIs) consistently exhibited improved performance, the marginal gain beyond 20k LFIs is minimal. The computational cost associated with dataset generation and model training using 50k LFIs is significantly higher than that of 20k. For practical applications limited by computational resources and time, training with 20k LFIs offers an optimal trade-off, delivering high reconstruction accuracy with acceptable computational cost.
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(a) DNN                                                                                          (b) 3D U-Net
Fig. 13 Performances of (a) DNN and (b) 3D U-Net models trained by datasets with different image numbers. DNN models D3~D6 and U-Net models U3~U6 are trained by datasets with LFI numbers of 5k, 10k, 20k, and 50k, respectively, and their performances are evaluated on independent datasets with 1k images.
4.2.3 Effect of sampling light rays
To investigate the influence of angle separation (α) between sampling light rays on model performance, datasets generated with α values of 0.001°, 0.01°, 0.05°, and 0.1° are employed to train the DNN and 3D U-Net models. Four DNN models (D7~D10) and four 3D U-Net models (U7~U10) can hence be acquired. Each model is then tested on four datasets generated with α = 0.001°, 0.01°, 0.05°, 0.1° to compute corresponding Q factors. The result is depicted in Fig. 14. It demonstrates that as the angular spacing decreases, the Q factor improves for both models, indicating that denser ray sampling enhances model performance.
The synthetic LFIs of the particle field, generated with varying α values, are presented in Fig. 15. It can be seen that the LFIs generated with α = 0.001° and 0.01° exhibit clearer particle details, whereas those generated with α = 0.05° and 0.1° become progressively coarser, with noticeable artifacts at larger α values. While denser ray sampling results in higher Q factors, it also incurs a significantly higher computational cost. The Q values at α = 0.001° and α = 0.01° are nearly identical, but the computational time at α = 0.001° is approximately 100 times longer than at α = 0.01°. Therefore, considering both accuracy and efficiency, an α value of 0.01° is recommended for ray sampling in the generation of LFIs.
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(a) DNN                                                                                               (b) U-net
Fig. 14 Performances of (a) DNN and (b) 3D U-Net models trained by datasets generated with different α. DNN models D7~D10 and U-Net models U7~U10 are trained by datasets generated with α values of 0.001°, 0.01°, 0.05°, and 0.1°, respectively, and their performances are evaluated on independent datasets generated with varying α.
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(a) α = 0.001°                                    (b) α = 0.01°                                       (c) α = 0.05°                                      (d) α = 0.1°
Fig. 15 Synthetic LFIs of random particle fields generated with α of (a) 0.001°, (b) 0.01°, (c) 0.05° and (d) 0.1°.
4.2.4 Effect of noise
To investigate the robustness and generalization capability of the model, Gaussian white noise is incorporated into the datasets. The noise is characterized by its probability density function,

		(13)
where i denotes the random variable, μ represents the mean (typically set to 0), and σ2 is the variance, which determines the spread of the noise values. Following the approach outlined in [34], the variance is expressed as a percentage of the standard deviation of the image intensity, with different percentage values (σp) corresponding to varying noise levels. 
Figure 16 shows an example of synthetic LFIs with Gaussian white noise levels of σp = 0, 10%, 20% and 30%, respectively. It is evident that the noise significantly degrades image quality, causing particle patterns to blur, regardless of their depth relative to the focal plane. To assess the impact of noise, the DNN is trained on datasets incorporating varying noise levels (σp = 0, 10%, 20%, and 30%), resulting in four trained models (D11~D14). The performance of these models is then tested using the LFIs incorporating noise levels of 0, 10%, 20%, and 30%, and the resulting Q is shown in Fig. 17.
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(a) σp = 0%                                                                                     (b) σp = 10%
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(c) σp = 20%                                                                                   (d) σp = 30%
Fig. 16 Synthetic LFIs of particle fields generated without and with Gaussian noise level σp of (a) 0%, (b) 10%, (c) 20% and (d) 30%.
From Fig. 17, it can be observed that all models(D11~D14) achieve high Q values close to 1 when tested on noise-free data (σp = 0), indicating that the inclusion of noise in training does not adversely affect the models’ ability to reconstruct clean test data. However, notable differences emerge when the models are tested on noisy data (σp = 10%, 20%, and 30%). Models trained with noisy datasets (D12~D14) exhibit superior robustness compared to the model trained on noise-free data (D11), consistently achieving higher Q values across all noise levels. For example, D12 achieves a Q value exceeding 0.6, even at higher noise σp = 30% and dense seeding C = 1 ppm, whereas D11 exhibits a lower Q value below 0.4, even at σp = 10% and C = 0.1 ppm. This highlights the importance of incorporating noise during training to enhance the model’s resilience to noisy test conditions. Moreover, as the noise level in the training data increases, model performance on noisy test data progressively deteriorates. This trend suggests that while noise-free training data leads to better robustness to noise in the test data, models trained with higher noise levels fail to generalize as effectively, especially on test data with high noise levels. The Q values for D14 decrease more significantly as the noise level in the test data increases, suggesting that the added noise during training may introduce noise-specific artifacts that hinder the model's ability to reconstruct particle fields accurately. Based on these findings, it is recommended to set the variance of Gaussian noise to 10% of the standard deviation of image intensity during dataset construction to balance model robustness and performance.
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(a) D11                                                                                                 (b) D12
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(c) D13                                                                                                 (d) D14
Fig. 17 Performances of DNN models trained by datasets incorporating different noise levels σp. Models D11~D14 are trained with the datasets with σp = 0, 10%, 20% and 30%, respectively. All models are tested with these four noise level data to evaluate their robustness and generalization ability. (a) D11, (b) D12, (c) D13, (d) D14.
4.2.5 Effect of particle intensity
In synthetic LFI generation, an idealized assumption often considers uniform particle peak intensity. However, due to Mie scattering, particle intensity varies with observation angles, with forward scattering typically being stronger than backward scattering. The angular distribution of scattered light also depends on particle size, necessitating a broader intensity range to better emulate real-world experimental conditions. To investigate the impact of particle intensity setting on the performance of DL models, two training datasets are created: one consisting of particles with a constant normalized intensity of 1 and the other comprising particles with random intensity values ranging from 0 to 1. These two datasets are used to train DNN to acquire the models D15 and D16. The performance of D15 and D16 is assessed using two independent test datasets, which consist of particles with constant and random particle intensity, respectively. The Q values for D15 and D16 are shown in Fig. 18.
The result demonstrates that the model trained on datasets with constant particle intensity (D15) performs well when tested on uniform intensity data but fails to generalize to random intensity data. Conversely, the model trained with random particle intensities (D16) exhibits superior robustness, generalizing well across both constant and random intensity test data. Notably, D16 consistently outperforms D15 across varying C when tested on random intensity data. These findings highlight that training on datasets with diverse particle intensities enhances model generalization, thereby improving overall reconstruction accuracy in experimental conditions.
[image: ]           [image: ]
(a) D15                                                                                                 (b) D16
Fig. 18 Performances of DNN models trained by datasets with different particle intensity settings. (a) Model D15 is trained with normalized particle intensity set to 1, while (b) Model D16 is trained with normalized particle intensity set to random ranging from 0 to 1. Both models are tested on data with constant and random particle intensity settings.
4.2.6 Optical parameter effects
The impact of discrepancies in optical parameters between the training dataset and test data generation is studied. The DNN model (D17) is trained with the dataset generated using the optical parameters specified in Table 1 and tested on the dataset generated with biased optical parameters. For instance, the magnification ratio used in training data generation is -1, while in the test data generation, it is artificially adjusted to 0.98, introducing a relative error (εp) of 2%. Similar biases were applied to other optical parameters. The resulting Q values for D17 are shown in Fig. 19, highlighting the model's sensitivity to parameter inconsistencies and their impact on performance. Fig. 19 demonstrates that small errors (less than 1%) in magnification ratio, image distance, and pixel size lead to sharp declines in Q, indicating that the DNN is highly sensitive to inaccuracies in these parameters. In contrast, the viewing angle and the f-number of the MLA show a moderate decline in Q, with errors impacting performance only when exceeding 2%. The focal length of the main lens shows minimal degradation in reconstruction quality, suggesting that the DNN is more tolerant of errors in this parameter. A similar trend is observed in the reconstruction result of the U-Net.
Overall, these findings demonstrate that while the DNN can accommodate certain errors in optical parameters (such as focal length), it remains highly sensitive to others (such as magnification ratio and pixel size), which significantly degrade reconstruction quality. Therefore, to ensure the effectiveness of learning-based models in dealing with experimental deployment, high-precision volumetric calibration techniques are crucial to maintain consistency between optical settings used in synthetic data generation and experimental conditions.
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(a) Magnification ratio                                                                       (b) Main lens focal length 
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(c) Viewing angle                                                                           (d) Image distance
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(e) f-number of MLA                                                                                 (f) Pixel size
Fig. 19 Performance of DNN model tested on dataset generated with optical parameter errors (εp). The model is trained on the dataset with accurate optical parameters and tested on a dataset generated with biased optical parameters. (a) Magnification ratio, (b) Main lens focal length, (c) Viewing angle, (d) Image distance, (e) MLA f-number and (f) Pixel size.
5. Conclusion
This study provides a detailed analysis of the reconstruction quality factor (Q), a key metric for evaluating 3D particle reconstruction accuracy. Factors impacting Q are systematically examined, and a benchmark criterion for Q is proposed to ensure accurate 3D flow measurements by LF-PIV. Numerical reconstructions of 3D particle and displacement fields are performed to optimize both the tomographic and deep learning reconstruction approaches. Strategies for generating optimal datasets to enhance deep learning model performance are outlined. The key findings are as follows:
· Reconstruction errors mainly arise from ghost particles and the omission of true particles. The latter has a more significant impact, particularly when ghost particle intensities are lower than those of true particles.
· The accuracy of flow measurements using LF-PIV is highly dependent on the reconstruction quality of the 3D particle field. To achieve a relative error below 10% in velocity measurements, the Q factor must exceed 0.7.
· Single-LFC tomographic reconstruction generates numerous ghost artifacts. The intensities of ghost particles are similar to true particles, making their removal challenging. Adding a second LFC reduces both the number and intensity of ghost particles, thereby improving the Q factor significantly.
· The quality of the training dataset is pivotal for the performance of deep learning models. An angle separation of 0.01° between sampling rays, a seeding density between 0~1 ppm, and variable particle peak intensities are recommended to construct optimized datasets. Additionally, incorporating noise at 10% of the image intensity standard deviation enhances the dataset’s robustness.
· Mismatches in optical parameters between training dataset generation and experimental conditions degrade the performance of deep learning approaches significantly. Rigorous optical calibration is essential to ensure reliable model performance.

Deep learning-based methods based on supervised strategies face significant challenges due to their heavy reliance on labeled data, which is often difficult and time-consuming to generate for complex flow fields. In contrast, unsupervised deep neural networks that incorporate physical priors, such as conservation laws and optical constraints, show promise in addressing this limitation. Future work will focus on developing and refining unsupervised deep learning models to enhance model generalization and robustness in volumetric particle reconstruction through LF-PIV.
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