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Abstract 

Three-dimensional seed phenotyping requires imaging systems capable of achieving mi-

cron-level resolution across a centimeter-level field of view (FOV), a goal constrained by 

the resolution–FOV trade-off in conventional light field architectures. This paper presents 

a hardware–software co-optimized framework that integrates a reconfigurable optical 

system with computational imaging pipelines to address this limitation. At the hardware 

level, we develop a tunable-focus lens module that enables flexible adjustment of the ef-

fective focal length, combined with a custom-designed microlens array (MLA). A mathe-

matical model is established to analyze the interdependencies among FOV, lateral resolu-

tion, depth of field (DOF), and system configuration, guiding the design of individual 

optical components. On the computational side, we propose a hybrid aberration correc-

tion strategy: first, a co-calibration of lens and MLA aberrations based on line-feature de-

tection; second, a conditional generative adversarial network (cGAN) with attention-

guided residual learning to enhance sub-aperture images, achieving a PSNR of 34.63 dB 

and an SSIM of 0.9570 on seed datasets. Experimentally, the system achieves a resolution 

of 6.2 lp/mm at MTF50 over a 2–3 cm FOV, representing a 307% improvement over the 

initial configuration (1.52 lp/mm). The reconstruction pipeline combines epipolar plane 

image (EPI) analysis with multi-view consistency constraints to generate dense 3D point 

clouds at a density of approximately 1.5 × 104 points/cm2 while preserving spectral and 

textural features. Validation on bitter melon and rice seeds demonstrates accurate 3D re-

construction and accurate extraction of morphological parameters across a large area. By 

integrating optical and computational design, this work establishes a reconfigurable im-

aging framework that overcomes the resolution–FOV limitations of conventional light 

field systems. The proposed architecture is also applicable to robotic vision and biomedi-

cal imaging. 
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1. Introduction 

Three-dimensional seed phenotyping is a critical tool for digitizing germplasm re-

sources and supporting functional genomics research [1–4]. Effective phenotyping re-

quires imaging systems capable of resolving both macroscopic morphological parameters, 

including overall shape and volume, as well as microscopic surface features, including 

embryonic structures and surface defects, across seed varieties that differ substantially in 

physical scale (e.g., rice grains vs. bitter melon seeds). In addition, full 3D characterization 

is necessary for assessment of germination rates, seed vigor, varietal purity, and stress 

resistance [5–7]. These requirements translate directly into two imaging demands that 

must be met simultaneously: a wide FOV to cover the full seed surface, and high lateral 

resolution to resolve fine surface detail. 

Achieving large FOV and high spatial resolution simultaneously is a long-standing 

problem in optical imaging [8], rooted in the fundamental trade-off between optical mag-

nification and spatial coverage. Conventional approaches such as microscope image 

stitching or multi-camera arrays can partially circumvent this trade-off, but at the cost of 

mechanical scanning, extended acquisition times, or increased system complexity, all of 

which limit their applicability in high-throughput scenarios. Light field imaging offers a 

more compact alternative: by recording both spatial and angular information in a single 

exposure via an MLA, it enables computational refocusing and 3D reconstruction without 

mechanical movement [9–11]. Focused plenoptic cameras, in particular, provide a useful 

balance between lateral and angular resolution [12,13]. However, existing light field ar-

chitectures are constrained by their static optical design. Standard plenoptic cameras suf-

fer from low lateral resolution due to the fixed microlens-to-pixel mapping, while focused 

designs, though improved, still operate within a fixed parameter space that cannot adapt 

to objects of different physical scales [14–16]. The short baseline inherent to MLA-based 

systems further limits depth resolution, degrading EPI-based depth estimation for fine 

structural features [17,18], while wide-FOV configurations exacerbate off-axis aberrations 

such as distortion and field curvature [19]. As a result, the resolution–FOV trade-off re-

mains unresolved in current light field systems [20]. 

To address these limitations, this paper presents a hardware–software co-optimized 

light field imaging framework built around a tunable-focus lens module. On the hardware 

side, we replace the fixed main lens with a tunable-focus element rather than a conven-

tional zoom lens. A conventional zoom lens achieves focal length variation by translating 

internal lens groups, which alters the overall optical path geometry and complicates the 

coupling with downstream MLA-based sampling. The tunable-lens approach adjusts the 

effective focal length by varying only the separation between two fixed lens elements, 

preserving the mechanical alignment between the main lens, MLA, and sensor through-

out the adjustment range. This enables flexible adjustment of the effective focal length, 

allowing the system to match the geometric scale of different seed varieties while main-

taining the same MLA and sensor. A mathematical model is established to quantify the 

interdependencies among FOV, lateral resolution, DOF, and system configuration, guid-

ing the co-design of the main lens assembly and the custom MLA. Finite-difference time-

domain (FDTD) simulations further inform MLA optimization by analyzing focusing ef-

ficiency and crosstalk. On the computational side, a two-stage aberration correction pipe-

line addresses the optical degradation introduced by the tunable optics: a co-calibration 

procedure based on line-feature detection first corrects geometric distortions across the 

lens and MLA, followed by a cGAN with attention-guided residual learning to suppress 

residual optical aberrations in sub-aperture images. The corrected sub-aperture images 

are then passed to a reconstruction pipeline that integrates EPI analysis with multi-view 

consistency constraints to generate dense 3D point clouds with preserved surface texture. 

Validation on bitter melon and rice seeds demonstrates that the proposed framework 
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effectively mitigates the resolution–FOV trade-off across different imaging scales. The sys-

tem is also applicable to robotic vision, biomedical imaging, and industrial inspection. 

The remainder of this paper is organized as follows. Section 2 presents the design 

methodology, covering the tunable light field system architecture, mathematical model-

ing of optical parameters, and the image processing pipeline. Section 3 details experi-

mental validation, including resolution characterization, deblurring performance evalua-

tion, and 3D reconstruction results on bitter melon and rice seeds. Section 4 concludes 

with a summary of findings and directions for future work. 

2. End-to-End Design Methodology for Tunable Light Field System 

2.1. Architectural Design of Light Field System 

This section focuses on the optical design and analysis of the light field system. In the 

context of 3D imaging for seed phenotyping, the system design must meet several critical 

requirements simultaneously. First, it should enable high-precision imaging over a rela-

tively large field of view to record the diverse seed sizes and capture the details at the 

same time. Second, extended DOF is essential to ensure that the micro-bumps and cavities 

at the surface are captured and restored flawlessly. We construct a system model based 

on geometrical optics and analyze key design parameters, such as the lateral resolution, 

FOV, DOF, and depth resolution, in relation to lens parameters. However, the design of 

light field systems generally involves more trade-offs than that of conventional cameras. 

This work starts with a seed phenotyping case but is not exclusively limited to this appli-

cation. We aim to provide a broader perspective on the system construction process that 

can be adapted to various scenarios. 

2.1.1. Description of Light Field System Design 

Serving as the mathematical foundation of light field imaging, the plenoptic function 

𝑃(𝜃, 𝜑, 𝜆, 𝑡, 𝑥, 𝛾, 𝑧) is described as the seven-dimensional information carried by light rays 

propagating in 3D space, including 3D spatial coordinates, 2D propagation directions, 

wavelength, and time [21]. A focused light field camera employs a synergistic design of 

an MLA with a high-resolution CMOS sensor to perform four-dimensional structured 

sampling of the plenoptic function. At the sensor plane, both the spatial intensity distri-

bution (𝑥, 𝑦)  and angular propagation characteristics (𝑢, 𝑣)  of incident light rays are 

recorded, constructing a discretized light field matrix 𝐿(𝑥, 𝑦, 𝑢, 𝑣). The core principle lies 

in the wavefront sampling effect of microlenses on the object-side light field: each micro-

lens unit projects light rays from an object point at different angles onto corresponding 

sub-aperture regions of the sensor, forming sub-images with spatial-angular correlations. 

For focused light field cameras, complex coupling and trade-offs exist among FOV, lateral 

resolution, depth resolution, and DOF. 

In a focused light field system, the distance between the MLA and the CMOS sensor 

is close but not equal to the focal length of the microlens. To maximize sensor pixel utili-

zation, the F-numbers (𝐹/#) of the main lens and microlens should be ideally matched. 

However, this constraint may not hold for a light field system with a tunable focus. Ac-

cording to the Nyquist sampling theorem, the object-side resolution must cover at least 

two pixels while balancing FOV requirements. The Nyquist theorem and MLA parame-

ters apply the constraint on the object magnification 𝛽, where 𝑑pixel is the pixel size and 

𝜖obj is the desired object-side resolution. The lower bound for 𝛽 is: 

𝛽 ≥
2𝑑pixel

𝜖obj
 (1) 

The practical magnification 𝛽′ is calculated as: 

𝛽′ =
𝑆𝑠𝑒𝑛𝑠𝑜𝑟
𝛿obj

=
𝑋𝑀𝐿𝐴 · Δ𝑁 · 𝑑pixel

𝛿obj
 (2) 
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𝑋𝑀𝐿𝐴  denotes the number of microlenses along the x-axis, Δ𝑁 is the number of pix-

els per macro-pixel shown in Figure 1, 𝑆𝑠𝑒𝑛𝑠𝑜𝑟 denotes the physical length of the sensor 

along the corresponding axis, and 𝛿obj is the desired object-side FOV. 

  

Figure 1. Optical path diagram. (a) Focused light field system (Galilean type) and schematic of 

macro-pixels. The orange, blue, and black rays represent light from objects at three different depth 

positions. (b) MLA defocuses on the sensor and depth of field in the focused light field camera. 

2.1.2. Relationship Between FOV and Focal Length 

The light field system is able to partially mitigate the inherent conflict between large 

FOV and high resolution through spatial-angular joint sampling and computational im-

aging algorithms. In traditional cameras, FOV is determined by the focal length 𝑓 and 

CMOS plane size 𝑆: 

𝐹𝑂𝑉 = 2arctan (
𝑆

2𝑓
) (3) 

where increasing FOV requires reducing 𝑓 or increasing 𝑆, which often amplifies off-

axis aberrations (e.g., coma, distortion) at large incident angles. The light field system lev-

erages the MLA to distribute light rays from different angles onto the sensors, effectively 

enabling multi-view joint sampling. FOV is primarily governed by the main lens; if the 

main lens image fully covers the MLA, the FOV matches that of a traditional camera. 

However, in focused light field designs, the F-number of the microlens must balance sub-

image pixel resolution and DOF, and minimize the macro-pixel crosstalk, which will be 

discussed in detail later. 

2.1.3. Relationship Between Lateral Resolution, DOF, and Depth Resolution 

The core performance of a focused light field camera is governed by a tripartite cou-

pling among lateral resolution, depth resolution, and DOF; therefore, we derive a unified 

mathematical model to locate the optimal operating region where the system maximizes 

information capture within the physical diffraction and sampling limits. 

Lateral Resolution and DOF 

According to Fraunhofer diffraction theory, an ideal aberration-free lens forms an 

Airy disk when imaging a point source. The angular radius 𝜃 of the first dark ring is: 

𝜃 ≈ 1.22
𝜆

𝐷
≈ 1.22

𝐹/# ⋅ 𝜆

𝑓
 (4) 

Here, D is the entrance pupil diameter, and 𝐹/# = 𝑓/𝐷, with f as the focal length. 

Lateral frequency could be measured as the number of line pairs per millimeter (lp/mm). 

Diffraction limit: Normally the diffraction limit sets the upper bound for system res-

olution. For the main lens and microlens, the diffraction-limited resolution is: 
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𝜈𝑑𝑖𝑓𝑓 =
1

1.22 ⋅ 𝜆 ⋅ 𝐹/#
 (5) 

CMOS sensor: As the final stage in the imaging system, the sampling frequency fol-

lows the Nyquist criterion: 

𝜈𝑁𝑦𝑞𝑢𝑖𝑠𝑡 =
1

2 ⋅ 𝑑𝑝𝑖𝑥𝑒𝑙
 (6) 

MLA sampling frequency: The spatial sampling frequency of an MLA is defined as 

the reciprocal of the microlens pitch 𝑝𝑀𝐿𝐴 with system magnification 𝑀, which is the ra-

tio of focal length 𝑓1 to object distance 𝑎1. It quantifies the number of microlenses per 

unit length, determining the Nyquist limit for spatial information capture in the object or 

image plane. 

𝜈𝑀𝐿𝐴 =
𝑀

2 ⋅ 𝑝𝑀𝐿𝐴
 (7) 

Thus, the total system resolution is jointly managed by the lowest sampling fre-

quency across all stages: 

𝜈total = min(𝜈𝑑𝑖𝑓𝑓, 𝜈Nyquist, 𝜈𝑀𝐿𝐴) (8) 

Taking the Galilean configuration (Figure 1) as an example, the minimum resolvable 

spot diameter s is determined by the sensor pixel size 𝑑𝑝𝑖𝑥𝑒𝑙 and the microlens numerical 

aperture. To reconstruct depth information, the intermediate image must be collected at 

least by two microlenses, which defines the important theoretical detection limit for the 

depth estimation. Here we need to make the assumption that the MLA is simplified as a 

thin lens, where 𝐷2 is the microlens diameter, 𝐵2 is the distance between the microlens 

and sensor plane, 𝑓2 is the focal length, 𝑎2 is the distance from the intermediate image 

point to the microlens and 𝑑𝑝𝑖𝑥𝑒𝑙 is the pixel size. 

The lateral resolution and DOF are a pair of design trade-offs in most optical imaging 

systems. Here we try to deliver a general analysis of the effective resolution ratio (ERR) 

and DOF according to plenoptic lens parameters. 

First, 𝑆1 and 𝑆2 are defined as the spot size of the main lens and MLA at the image 

plane and are defined as 

𝑆1 = 𝐷1 ⋅ |
𝐵1 − 𝑏1
𝑏1

| (9) 

𝑆2 = 𝐷2 ⋅ |
𝐵2 − 𝑏2
𝑏2

| (10) 

where 𝑏1 =
𝑓1𝑎1

𝑎1−𝑓1
  and 𝑏2 =

𝑓2𝑎2

𝑎2−𝑓2
  are derived from the well-known thin lens equation. 

The effective resolution of the imaging system is jointly constrained by three physical 

mechanisms, each imposing a lower bound on the minimum resolvable spot size at the 

sensor plane. The first is the geometric blur spot 𝑠𝑖, which arises from defocus of the lens 

and scales with the aperture diameter and the deviation between the actual and ideal im-

age distances. The second is the pixel pitch 𝑑𝑝𝑖𝑥𝑒𝑙 of the CMOS sensor, which sets the 

Nyquist sampling limit: even if the optical system delivers a point spread function smaller 

than a single pixel, the discrete sampling grid cannot resolve features below this scale. The 

third is the diffraction-limited spot size 𝑠0 = 1/𝜈total, determined by the Airy disk radius 

of the lens under the given F-number and wavelength. These three constraints originate 

from geometrical optics, sampling theory, and wave optics, respectively, and they act as 

independent bottlenecks on the imaging chain. The actual minimum resolvable spot di-

ameter is therefore governed by whichever mechanism produces the largest blur contri-

bution. Accordingly, we define the effective resolution ratio 𝐸𝑅𝑅𝑖   using the maximum 

of the three quantities as the denominator, so that 𝐸𝑅𝑅𝑖   reflects the true resolving capa-

bility of the system under all operating conditions: 
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𝐸𝑅𝑅1 =
𝑑𝑝𝑖𝑥𝑒𝑙

max [𝑠1, 𝑑𝑝𝑖𝑥𝑒𝑙 , 𝑠0]
=

𝑑𝑝𝑖𝑥𝑒𝑙

max [|𝐷1 (
𝐵1
𝑏1
− 1)| , 𝑑𝑝𝑖𝑥𝑒𝑙 ,

1
𝜈total

]
 (11) 

𝐸𝑅𝑅2 =
1

𝜈

𝑑𝑝𝑖𝑥𝑒𝑙
max [𝑠2, 𝑑𝑝𝑖𝑥𝑒𝑙 , 𝑠0]

=
1

𝜈

𝑑𝑝𝑖𝑥𝑒𝑙

max [|𝐷2 (
𝐵2
𝑓2
−
1
𝜈
− 1)| , 𝑑𝑝𝑖𝑥𝑒𝑙 ,

1
𝜈total

]
 (12) 

Here, 𝐸𝑅𝑅1 and 𝐸𝑅𝑅2 are utilized to define the spot projection and effective reso-

lution ratio from main lens and MLA, respectively. The axial distance from the image 

formed by the main lens to the microlens array is denoted as 𝑎2, and the distance from 

the microlens array to the sensor is denoted as 𝐵2. The ratio of these two distances is de-

fined as the virtual depth, expressed as 𝜈 =
𝑎2

𝐵2
. The virtual depth can be regarded as the 

projection of a real main lens image point onto the camera’s image plane by a microlens 

centered on the main lens’s optical axis. Accordingly, the lateral resolution on the object 

side can be expressed as follows: 

𝐿𝑅 =
1

𝜈

1

max [𝑠2, 𝑑𝑝𝑖𝑥𝑒𝑙 , 𝑠0]
·

𝑓1
𝑓1 + 𝑎1

=
1

𝜈

1

max [|𝐷2 (
𝐵2
𝑓2
−
1
𝜈
− 1)| , 𝑑𝑝𝑖𝑥𝑒𝑙 ,

1
𝜈total

]
·

𝑓1
𝑓1 − 𝑎1

 
(13) 

From Figure 1, the object distance to MLA can be expressed as 𝑎2 = 𝑏1 − 𝐵1 + 𝐵2, 

and could be calculated in terms of physical lens parameters and object distance at main 

lens side 𝑎1. In a one-dimensional case, when the virtual depth is v = −1, it means that 

every image point formed by the main lens within this plane is re-imaged by at least one 

microlens. This implies that full coverage of the main lens image can be achieved at v = −1. 

To enable depth estimation, the image points from the main lens must be re-imaged by at 

least two microlenses. Therefore, the depth estimation becomes feasible when the virtual 

depth starts from |𝜈| > 2. 

Another impactful parameter of MLA is B. The case f = B is usually the standard 

plenoptic camera described by Ng [22] and the case f ≠ B is called the plenoptic 2.0 or the 

focused plenoptic camera. The theory developed for the processing of light field data can 

be easily applied to images generated with the standard plenoptic camera. However, the 

standard plenoptic camera is limited by low lateral resolution, as the number of resolvable 

spatial points equals the number of microlenses rather than the number of sensor pixels. 

In the plenoptic 2.0, by optimizing the image plane position, we can adjust the B/f for 

different ERR and DOF in the confined area of virtual depth, which is defined as |𝜈|∈ [1, 

𝐷2/𝑠0] and could be solved from Equation (14). The case is shown in Figure 2 and will be 

discussed below. Moreover, the hexagonal array arrangement exhibits a coverage factor 

κh ≈ 1.15, which is superior to orthogonal arrays (κo ≈ 1.41) and is discussed in ref [13]. This 

achieves the full coverage at a lower |𝜈|, reducing the minimum |𝜈| required for over-

lapping projections. 

Figure 2 indicates how 𝐸𝑅𝑅2 varies with the virtual depth 𝜈 under different micro-

lens focal lengths of 65 μm, 72 μm, 80 μm, 100 μm, 130 μm, 160 μm and 220 μm when 

𝐵2 = 100 μm, which makes a series of B/f ratios. When B = f, the case falls into a standard 

plenoptic camera in the range of 1 ≤ |𝜈| ≤ 𝐷2/𝑠0 and the ERR is constant as 𝑑𝑝𝑖𝑥𝑒𝑙/𝐷2. 

This gives the bottom line for all 𝐵 ≠ 𝑓 cases and all f values departing from B are above 

this line, which demonstrates the better performance of the focused light field camera 

compared with the standard light field camera but will require more sophisticated optical 

engineering efforts. 

𝐸𝑅𝑅2 =
1

𝜈

𝑑𝑝𝑖𝑥𝑒𝑙

𝑚𝑎𝑥 [|𝐷2/𝜈|, 𝑑𝑝𝑖𝑥𝑒𝑙 ,
1

𝜈total
]
= min [

𝑑𝑝𝑖𝑥𝑒𝑙
𝐷2

,
1

|𝜈|
,
𝑑𝑝𝑖𝑥𝑒𝑙 ∙ 𝜈total

𝜈
] (14) 
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Figure 2. The relationship of ERR2 with virtual depth 𝜈 for various focal lengths. 

In general, when the large focal length f is closer to the image distance B, DOF in-

creases, and this comes at the cost of reduced ERR. Conversely, using a shorter focal length 

improves the lateral resolution and reduces DOF, which means that adjusting the 𝐵/𝑓 

ratio allows for flexible control of the ERR and DOF shown in Figure 3. The ideal ERR = 
1

𝜈
 

curve in Figure 2 shows a limitation over all possible ERR curves with different B/f ratios. 

The results show that the focused plenoptic camera provides more degrees of freedom for 

balancing lateral resolution and DOF than a standard light field camera. To effectively 

establish the depth estimation, the virtual depth should start from |𝜈| > 2 to receive light 

from at least two microlens. This also lowers the upper bound of ERR values and makes 

it hard for a plenoptic camera to obtain high resolution. 

 

Figure 3. Trade-off between effective resolution (ERR2) and depth of field with respect to B/f ratio. 

As discussed before, the MLA has a much smaller aperture than the main lens, which 

limits the resolution. Since 𝜈 =
𝑎2

𝐵2
 is the ratio of object distance 𝑎2 and the distance from 

MLA to the image plane 𝐵2, 𝐸𝑅𝑅2 could be connected to the object distance of the main 

lens 𝑎1 with 𝑏1 =
𝑓1𝑎1

𝑎1−𝑓1
, 𝑏2 =

𝑓2𝑎2

𝑎2−𝑓2
 and 𝑎2 = 𝑏1 − 𝐵1 + 𝐵2. The DOF of the main lens at 

the object side could be obtained by cascading the lens parameters for an even more com-

plicated lens group. This suggests that the DOF on the object side of the main lens can be 

engineered by tuning the image distance 𝑏1 in conjunction with different focal lengths 

𝑓1. 

Moreover, Figure 3 also indicates the important fact that the combination of multiple 

focal-point configurations could possibly cover the broader range of DOF, but the effective 
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pixel number per microlens is reduced as the “trade-off”. This is another important way 

for the light field camera to extend DOF but involves a more complicated design process, 

which is not discussed in this work. 

Since depth sensing is the most common use case for the light field system, achieving 

the greatest possible depth range becomes critical for 3D reconstruction. In the following 

section we try to obtain the DOF at the object side of the main lens. Let 𝑥 denote the axial 

distance from the intermediate image point formed by the main lens to the MLA plane, 

which serves as the object distance for the microlens. The sensor’s minimum blur circle 

diameter is defined as 𝑡 ≤ 𝑠, and the additional defocus from microlens imaging is given 

by: 

𝐷2 ⋅ [𝐵2 (
1

𝑓2
+
1

𝑥
) − 1] ≤ 𝑑𝑝𝑖𝑥𝑒𝑙 (15) 

Simplified as: 

−
𝑑𝑝𝑖𝑥𝑒𝑙
𝐷2

≤ 𝐵2 (
1

𝑓2
+
1

𝑥
) − 1 ≤

𝑑𝑝𝑖𝑥𝑒𝑙
𝐷2

 (16) 

For the virtual intermediate image behind the microlens plane (𝑥 < −𝐵2), we solve 

for the far defocus boundary 𝑥− by taking the lower limit of equation: 

 𝑥− = [
1

𝑓2
−
(𝐷2 + 𝑑𝑝𝑖𝑥𝑒𝑙)

𝐷2 · 𝐵2
]−1 (17) 

The acceptable depth range of the microlens array extends from 𝑎2 = 𝑥
− to 𝑎2 =

−𝐵2. Under practical conditions where the pixel size is much smaller than the microlens 

diameter (𝑑𝑝𝑖𝑥𝑒𝑙 ≪ 𝐷2) and the ERR varies approximately linearly within the DOF range, 

the relationship between DOF and the effective resolution ratio can be expressed as: 

𝐷𝑂𝐹 =
1

𝐸𝑅𝑅2

2𝑑𝑝𝑖𝑥𝑒𝑙𝐹/#

|
𝐵2
𝑓2
− 1|

 (18) 

Figure 3 illustrates the relationship between ERR and DOF with respect to the B/f 

ratio. As the B/f ratio approaches 1, the ERR decreases linearly while the DOF exhibits a 

sharp increase with a distinct peak near the ratio of 1. When the 𝐵/𝑓 ratio exceeds 1, the 

ERR begins to rise linearly. This observation aligns with the well-known inverse relation-

ship between resolution and depth of field, where higher depth of field typically corre-

sponds to reduced resolution capability, and vice versa. It should be noted that the ERR 

and DOF analysis presented above is derived under paraxial and aberration-free assump-

tions. In practice, when the microlens focal length 𝑓 is small and the ratio 𝐵/𝑓 deviates 

significantly from unity, the large cone angle of the converging beam increases the contri-

bution of Seidel aberrations, in particular spherical aberration and coma. These aberra-

tions enlarge the effective spot size beyond the geometric prediction of Equation (10), 

which reduces the actual ERR below the values shown in Figure 3. A complete analytical 

treatment incorporating aberration terms into the ERR formulation is beyond the scope of 

this work but represents a worthwhile direction for future investigation. 

Depth Resolution 

Here, 𝑎(ℎ) is the distance from the imaging point of the main lens to the MLA; the 

height from an image point to the center of the microlens is ℎ. The distance from the in-

termediate image to the MLA is given by: 

𝑎(ℎ) =
𝐷2 · 𝐵2
ℎ

 (19) 

Transforming the depth relationship of the intermediate image plane to the object 

space of the main lens yields the object depth. Therefore, the object at distance 𝑎𝑙(ℎ) from 

the main lens with focal length 𝑓1 is: 

𝑎𝑙(ℎ) = [
1

𝑓1
−

1

𝑙1 + 𝑎(ℎ)
]
−1

 (20) 
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The minimum resolvable depth difference 𝐷𝑅 = 𝑎𝑙(ℎ) − 𝑎𝑙(𝑥 + ∆ℎ)  in the object 

space is defined as: 

𝐷𝑅 = 2
𝑓1
2

𝐷2 · 𝐵2
· 𝑑𝑝𝑖𝑥𝑒𝑙 (21) 

Therefore, the depth resolution is proportional to the square of the main lens focal 

length and depth range and inversely proportional to MLA lens diameter 𝐷2  and dis-

tance 𝐵2  between the MLA and the sensor plane, which is in line with the resolution and 

DOF discussion above. 

Relationship Between MLA Microlens Radius and Main Lens 

The physical properties of the MLA (period 𝑝 or radius 𝑟) and the total number of 

array elements N are the critical trade-offs affecting imaging performance. Based on the 

diffraction-based modulation transfer function (MTF) theory, the MLA’s resolution can be 

expressed as: 

𝜈MLA = min(
M

2 ⋅ 𝑑𝑝𝑖𝑥𝑒𝑙
,

1

1.22 ⋅ 𝜆 ⋅ 𝐹/#
) (22) 

Equation (22) indicates that increasing the microlens radius 𝐷2 enhances the high-

frequency cutoff capability of the MTF response, thereby improving the lateral resolution. 

However, large aperture reduces the overall sampling rate of the MLA and causes serious 

degradation of the total optical resolution. Additionally, the number of sensor pixels k 

covered by a single microlens scales with 𝑟2 and 𝑘 = 𝜋 𝑟2/ 𝑠2, where s is the pixel size. 

While a larger r improves angular resolution by providing denser ray sampling for multi-

view reconstruction, the total number of microlenses N decreases inversely with 𝑟2 for a 

fixed sensor area, reducing the lateral sampling density of macro-pixels and thus compro-

mising the lateral resolution. 

Here we define the lateral resolution 𝑅𝑠 = √𝑁 ⋅ 𝜈𝑀𝐿𝐴  and the angular resolution 

𝑅𝑎 = 𝑘 ⋅ Δ𝜃 (where Δ𝜃 is field of view per macro-pixel). The relationship becomes: 

𝑅𝑠 ∝
𝜈MLA
𝑟

, 𝑅𝑎 ∝ 𝑟
2 (23) 

This confirms that lateral resolution 𝑅𝑠 is inversely proportional to r, while angular 

resolution 𝑅𝑎  is proportional to 𝑟2 , which aligns with empirical observations. Conse-

quently, the MLA design strikes a balance between microlens radius and array element 

density to optimize lateral resolution and angular resolution for seed phenotyping appli-

cations. 

2.1.4. MLA Performance Analysis 

The MLA is a pivotal component in light field systems, primarily defining critical 

parameters for 3D reconstruction, including spatial, angular, and depth resolutions. While 

the geometric models above define the macroscopic system limits, the microscopic perfor-

mance is dictated by wave optics; thus, we employ Finite-Difference Time-Domain (FDTD) 

simulations to rigorously analyze the focusing efficiency and crosstalk of the microlens 

array, ensuring the chosen parameters minimize artifacts at the sensor plane. 

Figure 4 shows the intensity profile with a plane source and a single-channel profile 

from a Gaussian source. The MLA is simulated with a microlens configuration of radius 

R = 10 μm and focal length F = 50 μm, arranged in a 3 × 3 array. The intensity distribution 

in the x–y plane demonstrates tight spatial confinement. To quantitatively assess optical 

crosstalk, we calculated the CMOS sensor response under single Gaussian source illumi-

nation, yielding a crosstalk ratio of approximately 0.30% between central area and adja-

cent area. Such a low level of signal leakage confirms that inter-focal interference is effec-

tively suppressed. However, this high degree of optical confinement corresponds to a lim-

ited DOF of 20 μm, which may restrict the capture of depth features in high-relief samples. 
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Figure 4. (a) Intensity profile along the x–y plane of the MLA with radius R = 10 μm and focal length 

F = 50 μm from a plane source, (b) beam profile from a single Gaussian source. 

Figure 5 presents the results for the microlens configuration with R = 10 μm and F = 

100 μm. The simulation demonstrates a crosstalk ratio of 0.65%, which remains within a 

robust range for signal separation. Notably, the focusing efficiency remains high, with the 

peak pixel response being comparable to the F = 50 μm case, indicating that optical energy 

is well-preserved even with a longer focal length. Crucially, this configuration provides a 

beneficial trade-off by extending the DOF from 20 μm to approximately 50 μm without 

compromising signal strength. 

 

Figure 5. (a) Intensity profile along the x–y plane of the MLA with radius (R) = 10 μm and focal 

length F = 100 μm from a plane source, (b) beam profile from a single Gaussian source. 

The configuration of R = 10 μm and F = 200 μm is analyzed in Figure 6. In this scenario, 

the crosstalk ratio rises to approximately 1.57% due to increased beam expansion from 

adjacent microlenses. Owing to the poor focal spot confinement, the focal efficiency almost 

drops to 45%, and the focal spot can no longer maintain a good shape. 

 

Figure 6. (a) Intensity profile along the x–y plane of the MLA with radius R = 10 μm and focal length 

F = 200 μm from a plane source; (b) beam profile from a single Gaussian source. 

The simulation results indicate an inverse relationship between focal efficiency and 

DOF with respect to focal length. Given that the target application environment typically 

features adequate illumination, DOF performance is prioritized over focal efficiency in 

this context. Consequently, the MLA configuration with an F-number of 100 μm is selected 

as the optimal design. Figure 7 shows the MTF calculated from the PSF profile, which is 
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converted to the spatial frequency domain and exhibits a typical low-pass filter character-

istic. Quantitatively, the system achieves a spatial frequency of 10.2 lp/mm at the MTF50 

threshold, which is close to the optimized design parameters discussed in the following 

section. 

 

Figure 7. Calculated modulation transfer function of the MLA system. (Focal length 100 μm, unit 

diameter 20 μm). 

2.2. Example of Light Field Camera Design Optimization 

This section applies the key findings from the preceding discussion to provide a prac-

tical design example of a seed phenotyping 3D reconstruction system, demonstrating the 

light field system workflow illustrated in Figure 8. Similar to conventional optical design 

approaches, the process begins by establishing initial parameters, followed by iterative 

optimization to meet system specifications. The flowchart outlining the complete light 

field system design and optimization procedure is presented below. 

  

Figure 8. Design flowchart of the focused light field camera. 

First, the key specifications of the target scene, such as object distance, FOV and DOF, 

are defined. Next, MLA parameters are determined, including its arrangement (hexago-

nal), focal length, diameter, and virtual depth. Subsequently, the focal length and diame-

ter of the main lens are selected. Finally, all design parameters are calculated and verified. 

If any requirement is not satisfied, the design undergoes further optimization. 

In 3D reconstruction applications for seeds, depth estimation often fails due to poor 

image quality across different areas in the sub-aperture images. To address these issues, 

we follow the FOV priority procedure mentioned at the beginning, focusing on pushing 
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the lateral resolution to the limits while keeping the desired FOV obtained from Equation 

(3). In the system diagram shown in Figure 9, we define the first lens as the main lens, 

which is used to improve optical etendue with a large aperture, delivers collimated light 

and gives extra tunability for the tunable lens. The tunable lens is used to adjust the effec-

tive focal length for different requirements of FOV and resolution. The effective focal 

length could be obtained by the equation: 
1

𝑓𝑒𝑓𝑓
=

𝑓1 × 𝑓2
𝑓1 + 𝑓3 − 𝑑

 (24) 

where 𝑓1 and 𝑓3 are the focal lengths of the main lens and the tunable lens and d is the 

distance between them, which could be tuned for different 𝑓𝑒𝑓𝑓. Therefore, by adjusting 

the lens separation 𝑑, the effective focal length 𝑓𝑒𝑓𝑓 can be tuned to achieve the desired 

FOV. Resolution optimization is subsequently addressed within the constraints governed 

by Equation (13). Furthermore, the MLA configuration critically influences resolution and 

DOF performance, requiring careful implementation, as analyzed in Section 2.1.3. 

 

Figure 9. Schematic diagram of the tunable light field system. 

In particular, we set the object distance 𝑎1 = 76 mm. As shown in Figure 9, the lens 

parameters used in the optical system design are listed below: 

• Main lens: Focal length 𝑓1 = 25.8 mm, 𝐹/#1 = 2. 

• Tunable lens: Focal length 𝑓3 =  76.2 mm , 𝐹/#2 = 2 , distance to main lens 𝑑 =

20 mm. 

• MLA: Focal length 𝑓2 = 100 μm, diameter 𝐷2 = 20 μm, pitch 𝑝 = 20 μm, pixel size 

𝑑𝑝𝑖𝑥𝑒𝑙 = 1.5 μm. Distance from main lens to MLA: 35 mm, distance from MLA to sen-

sor: 80 μm. 

• Wavelength: 𝜆 = 550 nm. 

• Sensor size: 10.82 mm × 7.52 mm. 

We compare the performance of a single-lens system with a focal length of 25.8 mm 

to that of our tunable-lens design, where the focal length used in the tunable optical sys-

tem is 23.98 mm. As shown in Table 1, better resolution and FOV performance can be 

achieved after the optimization. However, DOF is obviously reduced due to the trade-off 

between resolution and DOF. In MLA design, Lumerical FDTD simulations were con-

ducted to investigate the microlens’s focusing efficiency. 

As shown in Table 1, the analysis of the optical system indicates that integrating a 

tunable lens with a microlens array improves overall performance. Reducing the main 

lens focal length to 23.98 mm successfully expands FOV from 23.68° to 25.42°, meeting the 

need for wider imaging coverage. This adjustment also enhances the theoretical spatial 

resolution, which increases from 1.11 lp/mm to 9.41 lp/mm. Moreover, the tunable lens 
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enables flexible DOF adjustment to accommodate varying imaging depths. Further sup-

ported by FDTD simulations, a microlens array with a radius of 10 μm and a focal length 

of 100 μm achieves an effective balance among resolution, spatial confinement, and DOF 

performance. Quantitatively, the simulated system attains a spatial frequency of 10.2 

lp/mm at the MTF50 threshold. The result is in line with the calculated value of 9.41 lp/mm, 

validating both the accuracy of the theoretical model and the resolving capability of the 

optimized design. 

Table 1. Initial design vs. optimized parameters with improved design. 

Parameter Single-Lens Design Tunable-Lens Design 

Focal length 25.8 mm 23.98 mm 

FOV H: 23.68°, V: 16.58° H: 25.42°, V: 17.82° 

Lateral resolution 1.11 lp/mm 9.41 lp/mm 

Depth of field (DOF) 4.54 mm 0.5142 mm 

The DOF reduction in the optimized design is a direct consequence of prioritizing 

lateral resolution, and this priority can be justified by examining the factors that limit 

depth estimation precision. Using the system parameters listed above, the geometric blur 

spot of the microlens 𝑆2 is approximately 4.39 μm, the diffraction-limited spot size 𝑆0 is 

3.36 μm, and the pixel pitch 𝑑𝑝𝑖𝑥𝑒𝑙 is 1.5 μm. Since 𝑆2 exceeds 𝑑𝑝𝑖𝑥𝑒𝑙 by a factor of ap-

proximately three, the bottleneck in EPI-based depth estimation is not the sensor sampling 

but the optical blur of the sub-aperture images. Under this condition, improving the lat-

eral resolution by reducing 𝑆2 toward 𝑑𝑝𝑖𝑥𝑒𝑙 directly improves the disparity estimation 

precision in the EPI and brings the actual depth resolution closer to the theoretical limit 

given by Equation (21). The cGAN-based deblurring pipeline described in Section 2.3.2 

further reduces the effective blur spot size in the sub-aperture images, thereby enhancing 

both lateral and depth resolution simultaneously. For samples whose surface relief ex-

ceeds the 0.51 mm DOF, the computational refocusing capability of the light field system 

can generate a focal stack from a single acquisition, from which an all-in-focus image is 

synthesized to recover surface details across the full depth range without additional me-

chanical scanning. 

2.3. Image Processing Pipeline Development 

In this work, we utilize a light field imaging system wherein each macro-pixel com-

prises a 15 × 15-pixel array. By resampling the raw light field data, a sequence of 15 × 15 

sub-aperture images is generated. To address aberrations in the sub-images, we first cor-

rect most of the aberrations using Zhang’s method [23] based on the raw light field image 

line feature detection (see the Supplementary Materials for details). To address the re-

maining blurring effects induced by spherical aberration and field curvature, we propose 

a dedicated correction method. Furthermore, the depth estimation framework is devel-

oped, and a 3D point cloud optimization strategy is applied. These approaches effectively 

mitigate geometric distortions, especially in low-texture and high-curvature regions on 

the seed surface, thereby achieving the micrometer-level precision required by the system 

design. 

2.3.1. Disparity-to-Depth Fitting 

The calibration procedure consists of camera-parameter calibration and disparity-to-

depth fitting. The disparity, which is computed from the sub-aperture images of the light 

field camera, exhibits a linear relationship with depth 𝑧. In lenslet-based light field sys-

tems, the disparity between corresponding points in sub-aperture views is inversely 
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proportional to the object depth due to the angular displacement of light rays captured by 

different microlenses [24]. This yields the depth 𝑧 as: 
1

𝑧
=
1

𝑎1
+

𝐵2𝐷2
𝑑𝑝𝑖𝑥𝑒𝑙𝑏1

⋅ (−Δ𝑥) (25) 

To quantify measurement precision, we analyze residuals in disparity space, rather 

than depth space. Because the disparity–depth mapping is nonlinear, a constant disparity 

error corresponds to depth errors that vary across the working range; using depth resid-

uals would therefore obscure the true underlying uncertainty. After fitting the model 𝑧 =

𝑓(𝑑, 𝜃) using the Levenberg–Marquardt algorithm, we compute the disparity residuals at 

each measurement point: 

𝑟𝑖 = 𝑑𝑖
𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝑑𝑖

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 (26) 

The standard deviation of the disparity residuals is computed as: 

RSD𝑑 = √
∑  𝑛
𝑖=1 𝑟𝑖

2

𝑛 − 𝑝
 (27) 

where 𝑛 is the number of measurement points and 𝑝 is the number of fitted parameters. 

The value 2 × RSD𝑑 is adopted as the disparity-space uncertainty threshold, correspond-

ing to the 95% confidence interval. 

To evaluate depth resolution across the operating range, we select three representa-

tive depth positions: the near point 𝑧1, the far point 𝑧𝑛, and the midpoint 𝑧𝑚𝑖𝑑 = (𝑧1 +

𝑧𝑛)/2. At each position, Δ𝑧𝑟𝑒𝑠 is computed as: 

Δ𝑧𝑟𝑒𝑠 = |𝑓(𝑑 − 2 ⋅ RSD𝑑, 𝜃) − 𝑓(𝑑, 𝜃)| (28) 

where 𝑑 is the disparity corresponding to the given depth. This calculation reveals how 

depth resolution evolves with working distance, reflecting the inherent nonlinearity of the 

disparity–depth relationship. 

Calibration experiments were conducted under two optical architectures: a single-

lens configuration and a tunable-lens configuration. Disparity measurements were ex-

tracted along four orientations (horizontal, vertical, and two diagonal directions), and lin-

ear regression was performed to establish the depth calibration model. 

2.3.2. Image Deblurring 

The nature of the angular sensing in light field technology enhances information di-

mension, but a wide FOV can also introduce off-axis aberrations, such as spherical aber-

ration, coma, and distortion [19,25]. Although the optical aberration has been primarily 

reduced in optical design, there are still spherical and coma aberrations from the main 

lens, combined with the off-axis vignetting effects of the microlens, resulting in laterally 

varying hybrid blur kernels in raw light field data. For example, a symmetric Gaussian-

like blur kernel exists in the central area of the FOV due to dominant spherical aberration. 

The aberrations existing in light field cameras can be classified into two primary categories 

(see Supplementary Materials for details). 

To address this challenge, we propose a cGAN framework for hybrid aberration cor-

rection. This approach leverages laterally adaptive deblurring to handle non-uniform blur 

patterns across the FOV while preserving light field angular–lateral consistency. 

𝐼𝐵 = 𝑘(𝑀) ∗ 𝐼𝑆 + 𝑁 (29) 

In the equation above, IB represents the blurred image, k(M) denotes the unknown 

system blur kernel, which convolves with the true image IS, and N is the noise introduced 

during imaging. The deblurring problem can be categorized into blind deblurring (un-

known blur kernel) and non-blind deblurring (known blur kernel). In light field imaging 

systems, accurately obtaining the system’s PSF (point spread function) is not 
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experimentally feasible. To address this, we introduce a conditional adversarial genera-

tive network that leverages an attention mechanism to separate target textures from aber-

ration noise in the frequency domain. By designing a generator to synthesize blurred im-

ages containing comprehensive system aberrations, the adversarial training with a dis-

criminator evaluates and refines the deblurred output, enhancing resolution performance 

for subsequent depth image computation and 3D reconstruction rendering. 

The conditional generative adversarial network does not need to explicitly estimate 

the blur kernel for the above complex aberrations and can directly learn the mapping from 

blurry images to clear images. The structure is shown in Figure 10, and the generator uses 

the publicly available pretrained model from DeblurGAN [26]. Here we combine Wasser-

stein GAN (WGAN-GP) with perceptual loss to balance global structure recovery and de-

tail generation. A lightweight generator architecture based on residual blocks (ResBlock) 

and skip connections (skip connection) is adopted with few system parameters and fast 

inference speed. Among them, the generator consists of 2× stride convolution downsam-

pling modules, 9× ResBlock residual blocks and 2× transposed convolution upsampling 

modules. The skip connection is: 

𝐼𝑆 = 𝐼𝐵 − 𝑅𝑒𝑠𝑂𝑢𝑡 (30) 

The generator is not a purely data-driven black box. The global skip connection in 

Equation (30) formulates the task as residual learning, where the network estimates only 

the degradation component caused by optical aberrations and subtracts it from the 

blurred input. This is consistent with the classical restoration model in Equation (29), in 

which the goal is to remove the convolution effect of the blur kernel and noise. The net-

work thus learns a general degradation prior that approximates the inverse mapping of 

the blur process without requiring explicit PSF estimation. In the WGAN-GP framework, 

the discriminator functions as a critic that outputs an unbounded scalar score rather than 

a classification probability. The discriminator in this work adopts the PatchGAN architec-

ture with five convolutional layers using 4 × 4 kernels. The first four layers apply a stride 

of 2 and increase the feature map channels from 64 to 512 progressively. The final layer 

outputs a single-channel map, and all layers except the last are followed by InstanceNorm 

and LeakyReLU with a slope of 0.2. Each spatial position in the output corresponds to a 

70 × 70 receptive field on the input image. The averaged output serves as the score used 

in the WGAN-GP loss defined in Equation (32). We design the loss function as: 

𝐿Total = 𝜆GAN𝐿GAN + 𝜆Perceptual𝐿Perceptual (31) 

Here, deblurring is perfromed by the trained CNN 𝐺𝜃𝐺, the critic network is 𝐷𝜃𝐺, 

and 𝐸𝐼𝐵 denotes the expectation over the distribution of blurred input images 𝐼𝐵. Adver-

sarial loss (WGAN-GP) is given by: 

𝐿GAN = 𝐸𝐼𝐵 [𝐷𝜃𝐺 (𝐺𝜃𝐺(𝐼𝐵))] (32) 

Perceptual loss: 

𝐿Perceptual =∑ 

𝑖,𝑗

∥∥𝜙𝑖,𝑗(𝐼𝑆) − 𝜙𝑖,𝑗(𝐺(𝐼𝐵))∥∥2
2
 (33) 

𝜙𝑖,𝑗 is the feature map of the j-th convolutional layer of the i-th layer of the pretrained 

network. The discriminator optimization objective is designed to maximize the Wasser-

stein distance between the real clear image and the generated image. 
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Figure 10. The architecture of the ResNet-based generator for image deblurring. The "+" denotes 

element-wise addition, implementing the global skip connection for residual learning. 

2.3.3. Depth Image and 3D Rendering 

The light field images capture rich lateral and angular information, which can be 

resampled to obtain a 15 × 15 sub-image sequence, known as the EPI. Depth estimation is 

performed by analyzing the pixel displacement characteristics across different viewpoints 

to reconstruct the scene, as shown in Figure 11 below. The method for constructing the 

EPI is as follows: along a fixed spatial coordinate (horizontal or vertical), the pixels from 

the same row or column of the sub-aperture image sequence are stacked in order of view-

points, forming a slice image that contains the point trajectory of the scene. In the EPI, the 

light rays from the same point in the spatial-angular joint domain appear as straight lines 

with specific slopes. When there are depth differences in the scene, the edges of the object 

in the EPI will show a linear tilting feature. Depth information can be calculated by com-

bining the baseline and slope parameters with the depth calculation formula. The rela-

tionship between the slope of the EPI texture line, the difference between images, and the 

depth estimation can be treated as equivalent. As shown in the simplified EPI diagram, 

the light rays emitted from a point in space will project to different positions in adjacent 

sub-images. The baseline length of the sub-image array, represented by ℎ, is essential for 

depth estimation. It is clear that the slope of the line in the EPI is related to the differences 

between points. 

 

Figure 11. Pipeline of 3D reconstruction of seed surface with EPI and full color 3D rendering. 

When integrating the depth map obtained from the EPI estimation with the two-di-

mensional RGB image, a pixel-level geometric-color alignment model must be established. 

First, the 2D pixel coordinates (𝑢, 𝑣) and their corresponding depth 𝑍EPI are mapped to 

the 3D space through the pinhole camera projection relationship. 

{
 
 

 
 𝑋 =

(𝑢 − 𝑐𝑥) ⋅ 𝑍

𝑓

𝑌 =
(𝑣 − 𝑐𝑦) ⋅ 𝑍

𝑓
𝑍 = 𝑍EPI

 (34) 
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Here 𝑓 is the camera’s focal length and (𝑐𝑥, 𝑐𝑦) are the coordinates of the principal 

point. This step transforms each RGB pixel into a 3D point  (𝑋, 𝑌, 𝑍), preserving the color 

attributes (𝑅, 𝐺, 𝐵), thus forming a colored point cloud. The algorithmic processing pipe-

line from raw light field image through deblurring, color correction, resampling, depth 

estimation, and 3D reconstruction is illustrated in Figure 11. 

3. Experiments 

We constructed a light field camera verification platform for seed surface imaging, as 

shown in Figure 12. The light field imaging system consists of a main lens with focal length 

f = 25.8 mm, F-number, a tunable lens with focal length 𝑓 = 9~76.8 mm with 𝐹/# = 2, a 

microlens array (focal length: 100 μm, diameter: 20 μm, baseline: 20 μm), and a CMOS 

sensor (sensor size: 10.82 mm × 7.52 mm, pixel size: 1.5 μm). The standard USAF 1951 

resolution test board was used to estimate the resolution, and the captured results are 

shown in Figure 13. Figure 13a shows that the image resolution and MTF results are sig-

nificantly improved to 3.25 lp/mm at MTF50 by the enhanced optical hardware. Figure 

13b shows that the images in (a) and the MTF results are improved to 6.2 lp/mm by the 

deblurring algorithm. Discrepancies between theoretical predictions and experimental re-

sults arise from multiple sources. On the fabrication side, MLA surface profile errors and 

assembly tolerances between the MLA and the sensor introduce deviations from the ideal 

optical geometry. On the modeling side, the theoretical analysis relies on thin-lens ap-

proximations and monochromatic illumination, which do not fully account for higher-

order aberrations, chromatic effects, and the actual wavefront distortion of the main lens 

and tunable lens assembly. In addition, sensor-level factors such as pixel crosstalk and 

electronic noise further degrade the measured resolution relative to the theoretical predic-

tion. A comprehensive error budget quantifying individual contributions is planned for 

future work. 

 

Figure 12. Picture of the experimental setup. The system consists of a sample holder at the sample 

plane, a main lens, a tunable lens, an MLA and a CMOS sensor. 
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Figure 13. USAF 1951 sub-images and MTF curves: (a) the image captured by the original optical 

system and the image captured by the modified system. (b) The deblurred image with the original 

system and after the modified system. 

To evaluate the disparity-depth relationship, calibration experiments were con-

ducted under two optical configurations: the single-lens design and the tunable-lens de-

sign. Linear fitting was performed for disparity measurements along four directional axes 

(horizontal, vertical, and two diagonal directions) to establish the depth calibration model. 

The fitting results are shown in Figure 14: 

 

 

Figure 14. Four-directional disparity and depth linear fitting. (a) Single-lens design. (b) Tunable-

lens design. 

The calibration results demonstrate that the tunable-lens design markedly outper-

forms the single-lens configuration. Compared with the single-lens system, the tunable-

lens setup exhibits superior linearity, with R2 values consistently exceeding 0.98, and 
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greatly enhanced precision, as the RSD𝑑 is reduced by approximately fivefold. According 

to the Rayleigh criterion, where depth resolution is defined as twice the residual standard 

deviation, the tunable-lens system achieves an average depth resolution of 65.96 μm over 

the 2 mm scanning range, representing a 4.99-fold improvement over the single-lens con-

figuration (328.86 μm). Moreover, the tunable-lens design maintains excellent spatial sta-

bility; depth resolution varies by less than 0.4 μm throughout the scanning range, whereas 

the single-lens design shows a progressive degradation. These improvements indicate 

that the tunable-lens architecture provides significantly better disparity–depth calibration 

consistency and accuracy, which is essential for high-precision depth estimation in light 

field imaging applications that require sub-100 μm depth discrimination. 

The residual aberrations in sub-aperture images of bitter gourd seeds are corrected 

by the cGAN algorithm. Figure 15 shows that the deblurred images achieved a PSNR of 

34.63 dB and an SSIM of 0.9570 after deblurring, validating the feasibility of the cGAN 

approach to improve the sub-image quality. 

 

Figure 15. Original bitter melon seed image and deblurred result and residual map of the condi-

tional generative adversarial network. 

The cGAN-based deblurring algorithm shows a 90.76% (MTF50) improvement in the 

high-frequency signal region. With the combination of the enhanced optical system and 

the computational algorithm, clear sub-aperture images of bitter gourd and rice seeds are 

successfully obtained, exhibiting more prominent surface textures and structural features. 

As shown in Figure 16, the 3D reconstruction results reveal that a dense point cloud dis-

tribution of up to about 15,000 points per square centimeter is feasible, and the software 

in this work can offer a reliable and information-rich dataset for seed phenotyping re-

search. 

 

Figure 16. Bitter melon seed and rice seeds 3D rendering. 
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Table 2 provides a comprehensive comparison of six depth-sensing technologies 

across multiple performance dimensions. The comparison evaluates key metrics, includ-

ing fundamental principles, lateral resolution, depth accuracy, measurement range, ac-

quisition speed, surface dependency, and primary advantages and limitations for pheno-

typing applications. As shown in Table 2, the light field system achieves a lateral resolu-

tion of approximately 80 μm and a depth accuracy of 66 μm, while maintaining robustness 

to challenging surface conditions such as specularity and low texture—properties that are 

common in seed and leaf phenotyping. Unlike laser scanning and structured light, it is 

less sensitive to surface optical properties and can provide significantly better resolution. 

Relative to other stereo vision techniques, it does not require strong texture cues. Alt-

hough slower in acquisition (86 s per sample), the single-shot capability and upcoming 

optimization to 1–2 s position it as a promising, motion-robust solution for high-resolution 

3D phenotyping, despite being computationally intensive. It should also be noted that no 

publicly available light field dataset for seed phenotyping currently exists, which pre-

cludes direct benchmarking against end-to-end deep learning-based 3D reconstruction 

methods. The primary goal of this work is to perform 3D reconstruction based on geomet-

ric optics and physical modeling of the light field system rather than data-driven depth 

prediction, which we consider more suitable for application scenarios where domain-spe-

cific training data are unavailable. As summarized in Table 2, our light field system offers 

a unique combination of high lateral resolution and depth accuracy that is robust to sur-

face texture, outperforming traditional methods in key phenotyping scenarios. 

Table 2. Comparison of depth-sensing technologies for phenotyping applications. 

Feature/Technology Laser Scanning Structured Light Flash LiDAR Stereo Vision 
This Work (Light 

Field) 

Principle 

Point-by-

point/time-of-

flight 

Pattern defor-

mation/phase 

shifting 

Area illumina-

tion/time-of-flight 

Epipolar geome-

try/disparity 

Multi-view synthe-

sis/EPI analysis 

Lateral Resolution Very High (μm) High Low 
Medium (tex-

ture-dependent) 
Approximately 80 μm 

Depth Accuracy 
Very High (μm 

level) 
High (10–100 μm) 

Medium (mm–cm 

level) 

Medium-High 

(50–500 μm) 

High (66 μm), Meas-

ured 

Depth Range Meters 0.1–10 m 0.1–100+ m 0.1–10 m Approximately 2 mm 

Measurement Speed 

(per sample) 
Slow (min–hour) Fast (ms–s) Very Fast (μs–ms) Fast (ms–s) 

Current: 86 s, Target: 

1–2 s 

Surface Dependency 

(Leaves/Seed Coat) 

Fails on wet/spec-

ular leaves 

Fails on wet/spec-

ular leaves 

Works on most 

surfaces 

Fails on texture-

less leaves 

Robust to specularity 

& texture 

Key Advantage for 

Phenotyping 

Ultimate accuracy 

for static samples 

Good speed-accu-

racy balance 
scan in motion 

Low cost, intui-

tive 

Single-shot, high-res, 

and motion-robust 

Main Limitation for 

Phenotyping 

Slow, sensitive to 

motion & specu-

larity 

Sensitive to ambi-

ent light and sur-

face 

Low resolution 

limits detail 

Easy to fail on 

smooth surfaces 

Computationally in-

tensive (addressable 

via our optimization 

roadmap) 

Representative Algo-

rithms 

ICP registration 

[27], Hierarchical 

point feature 

learning [28] 

Phase-shifting 

profilometry [29], 

CNN-based 

fringe-to-phase 

recovery [30]  

ToF depth correc-

tion [31], Point set 

feature network 

[32] 

Semi-global 

matching [33], It-

erative geometry 

encoding volume 

[34] 

EPI-based depth esti-

mation [35], EPINET 

[36] 
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4. Conclusions 

This work has presented a hardware–software co-optimized light field imaging 

framework designed to address the multi-scale imaging challenges inherent in 3D seed 

phenotyping. By integrating a dynamically tunable optical front end with a deep learning-

enhanced reconstruction pipeline, the proposed system offers an effective solution to the 

fundamental trade-off between field of view and lateral resolution that has long con-

strained conventional plenoptic cameras. 

The key methodological contribution of this research lies in the systematic integra-

tion of optical reconfiguration and computational imaging. At the hardware level, the tun-

able-focus architecture, combined with a custom-designed microlens array, enables flexi-

ble optimization of optical sampling efficiency across different imaging scales. The two-

stage correction strategy, which integrates geometric calibration with cGAN-based 

deblurring, has been experimentally validated to improve the effective resolution (MTF50) 

from 1.52 lp/mm to 6.2 lp/mm, a 307% enhancement. These improvements facilitate high-

fidelity EPI depth estimation and the generation of dense point clouds, even under the 

optical constraints imposed by a wide-field configuration. Quantitative depth calibration 

further demonstrates a depth resolution of approximately 66 μm over a 2 mm range, rep-

resenting a fivefold improvement over the single-lens baseline. 

Beyond these technical metrics, this study establishes a scalable method for the dig-

itization of germplasm resources. By reconstructing subpixel-level surface details and 

true-color textures across seed varieties of substantially different sizes, from rice grains to 

bitter melon seeds, the system supports the extraction of precise morphological traits es-

sential for functional genomics and intelligent breeding. This capability accelerates the 

transition from manual observation to high-throughput digital phenotyping, providing 

reliable data infrastructure for modern agricultural analysis. 

Looking forward, several directions merit further investigation. First, system minia-

turization through the integration of silicon-based optical devices [37,38] or emerging 

metalens arrays could significantly reduce footprint while maintaining performance, en-

abling portable and field-deployable phenotyping platforms. Second, the current pro-

cessing time of 86 s per sample is primarily limited by CPU-based computation. The two 

most time-consuming stages, EPI-based depth estimation and point cloud generation, are 

both amenable to GPU acceleration. The EPI slope computation is performed inde-

pendently at each spatial position across multiple angular directions, making it naturally 

parallelizable and well suited for GPU-based batch processing. The point cloud genera-

tion and registration stages involve per-pixel back-projection and nearest-neighbor oper-

ations, which can be accelerated through CUDA-based parallel computation. With these 

optimizations, a target processing time of 1 to 2 s per sample is feasible, meeting the 

throughput demands of large-scale breeding programs. Finally, although primarily vali-

dated for agricultural applications, the reconfigurable computational imaging architec-

ture demonstrated here holds promise for broader domains requiring adaptive depth 

sensing, including robotic vision [39], biomedical endoscopy, and industrial precision in-

spection [40]. 
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