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Abstract

Single-image depth from defocus is limited by blur-radius ambiguity: two object distances
on different sides of the focal plane can produce similar point spread functions (PSFs).
We study single-shot dual-focus imaging (DFI) with a polarizer-free liquid crystal (LC)
lens, where the ordinary-ray component remains unmodulated while the extraordinary-ray
component is refocused. Unlike conventional multi-capture DFD, the proposed system
records a dual-focus superposition in one exposure and selects the optical setting before
network training using the ambiguity-interval length A and PSF correlation C,. We show
that DFI does not reduce ambiguity unconditionally: its benefit depends on the LC-lens
power. A deblurring-based depth estimation network with a physics-calibrated Wiener
bank translates the selected dual-focus cue into quantitative depth. On model-matched
synthetic DFI data with an 8 m focus setting, the proposed configuration reduces RMS error
from 0.227 £ 0.001 m to 0.190 &= 0.001 m (mean =+ s.d. over four independent runs) relative
to single-focus imaging. A 116-pair indoor prototype dataset provides feasibility evidence
under the tested configuration, but is not used to claim broad physical generalization.

Keywords: depth from defocus; liquid crystal lens; single-shot dual-focus imaging; point
spread function; Wiener deconvolution

1. Introduction

Depth from defocus (DFD) estimates scene depth from defocus blur and is attractive
because the cue is encoded directly by the optics, without a second viewpoint or active
illumination. It has been studied for decades with both conventional optics [1-5] and,
more recently, learned estimators [6-11]. Multi-focus or dual-image DFD can reduce
depth ambiguity by comparing images captured at different focus settings [1,3,7], but
multiple captures introduce registration, magnification, and dynamic-scene limitations.
Single-image DFD avoids these acquisition problems [12,13], yet a conventional single-
focus image can map two depths to the same blur radius, making the PSF insufficiently
discriminative near symmetric positions around the focal plane.

Several strategies modify the optics to mitigate this single-focus ambiguity. Coded
apertures reshape the defocus PSF to make blur more depth-discriminative [14], and
end-to-end “deep optics” jointly optimize a phase mask and a depth network [15]. Dual-
pixel sensors provide a sub-aperture disparity that has been used for depth and defocus
deblurring [16,17], while purely learned monocular estimators infer depth from semantic
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context without an explicit blur model [18,19]. Dual-focus imaging is a complementary
route in which two focus settings are combined optically, as in plasmonic dual-focus
lenses [20] and dual-focus stereo and microscopy systems [21,22]. Liquid crystal (LC)
lenses are a natural way to realize an electrically tunable focus for DFD [23-25], since
the focal length is switched by voltage without moving parts. Recent LC-integrated and
LC-enabled terahertz metalenses further demonstrate electrically switchable single/bifocal
and varifocal achromatic operation [26,27]; these devices broaden the context of tunable LC
optics but are not direct DFD baselines. Our work builds on tunable LC optics but removes
the polarizer, so a single exposure superposes two focus settings instead of capturing
them sequentially.

We address the single-focus ambiguity with single-shot DFI using a polarizer-free LC
lens. Unlike conventional polarizer-based LC-lens imaging, the proposed acquisition keeps
both ordinary-ray (o-ray) and extraordinary-ray (e-ray) components in one exposure. The
polarizer-free LC lens is placed in front of the main lens and produces a radially varying
effective refractive-index profile for the extraordinary-ray component. Natural unpolarized
light is therefore decomposed into two copropagating components: the o-ray, which sees a
uniform ordinary refractive index and passes through essentially unmodulated, and the
e-ray, which is refocused by the voltage-dependent LC phase profile. Consequently, the
o-ray is imaged with the original focal length, while the e-ray is refocused to a different focal
length determined by the applied LC voltage. The sensor records the incoherent superposi-
tion of the two components, so one exposure encodes two focus settings without a polarizer
or multiple captures. Our earlier report introduced the polarizer-free acquisition concept
and used part of the present apparatus for multi-state capture [28]. The LC lens used
here was newly fabricated. The present study adds the single-shot DFI formulation, the
A/C, design criteria and LC-power sweep, the physics-calibrated DBDENet pipeline, and
the associated ambiguity, accuracy, and robustness analyses; a component-by-component
comparison is provided in the Supplementary Materials.

The main point is not that dual focus always removes ambiguity. Instead, the second
focus setting must be selected carefully. We introduce two criteria for this selection: the
ambiguity-interval length A, which measures the depth region where ambiguity remains,
and the PSF correlation coefficient C,, which measures how separable the PSFs are across
depths. A useful DFI configuration should reduce both A and C;.

This article is organized around three contributions. First, we formulate a polarizer-
free LC-lens system as a single-shot DFI camera for DFD, rather than as a multi-capture
refocusing device. Second, we show that the useful operating range of DFI can be screened
and ranked using the joint behavior of A and C,, which turns the second focus setting into a
quantitative optical-design indicator. Third, a compact deblurring-based network confirms
that the encoded dual-focus cue improves depth estimation and that this improvement
is observed across several learned estimator architectures. Together, the optical design
and the physics-calibrated network form an integrated framework for single-shot DFI
depth estimation.

It is useful to distinguish this goal from two adjacent lines of work. With respect to
estimating depth from focus, the camera or lens is swept through multiple focal positions,
and the depth is inferred from the focus response. This produces rich optical information,
but it also requires multiple captures and is not well matched to dynamic scenes. In dual-
image DFD, two separately captured images with different focus settings are compared [1,7],
which directly addresses the single-focus ambiguity but still requires precise registration
and is sensitive to scene motion. Our earlier polarizer-free LC-lens work [28] also falls
into this multi-capture category, acquiring images at different lens states. The proposed
DFI setting is more constrained: only one intensity image is available, and the two focus
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components are superposed rather than separately observed. The benefit is single-shot
acquisition without inter-frame registration; the cost is that the mixed PSF must be made
sufficiently discriminative by optical design.

This distinction also explains why we avoid treating DFI as a purely algorithmic
data augmentation. If the second focus setting is poorly selected, the additional e-ray
component may provide little useful depth-dependent signature, making the resulting
PSFs insulfficiently distinguishable across depths. Conversely, if the second focus setting
creates a complementary PSE, the same scene texture carries two defocus responses in one
measurement. The role of A/C,; is to determine which of these cases applies before training
a depth estimator.

2. Principle and Design Criteria

Figure 1 summarizes the optical principle used in the following formulation. In
a single-focus image, depth is represented by one blur radius, so two object distances
can become ambiguous when they produce the same radius around the focus plane. In
the proposed DFI image, the o-ray preserves this original blur radius R,, while the LC-
modulated e-ray produces a second radius R, at the same object distance. The depth cue
is therefore the paired response (R,, R.) rather than either radius alone. If the LC power
is selected properly, depths that are ambiguous in the o-ray branch are separated by the
e-ray branch; if it is selected poorly, the paired response can remain highly correlated. This
motivates the blur-radius and PSF-based criteria derived below.
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Figure 1. Principle of DFI-based ambiguity reduction. The o-ray keeps the original blur radius R,,
while the LC lens changes the e-ray blur radius R,. The solid curve denotes R,, the dashed curve
denotes R,, the vertical dotted lines mark two depths with the same o-ray blur radius, and the
horizontal dotted line marks that shared blur-radius level. When selected properly, the pair (R,, R;)
is more discriminative than a single blur radius.
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For a main lens with focal length f and an LC lens power P, the focal length of the
e-ray component is

__f
f@ - 1+fpg, (1)

while the o-ray focal length remains f, = f. The defocus PSF is approximated by

2, .2
! exp<x -y ), o =R/V2, 2)

a Gaussian kernel

= 2102 202

where R is the blur radius [29]. Under natural unpolarized illumination, the o-ray and e-ray
components are approximately balanced. The DFI PSF is therefore modeled as

Kpgr = 0.5K, + 0.5K,. 3)

The Gaussian kernel (following the standard Fourier-optics convention [30]) is a nominal
near-axis approximation for the controlled configuration, where a radially symmetric blur-
width model provides a tractable link between depth and the Wiener PSF bank. It is not a
measured or exact model of the prototype PSE. Measured PSFs/MTFs, field dependence,
aberrations, and polychromatic deviations were not available for the present device and
remain limitations of the physical validation. The two blur radii are

Re=R,D(1/f+P,—1/u—1/D),
R, =R,D(1/f —1/u—1/D), (4)

where u is the object distance, D is the distance from the imaging plane to the optical system
center, and R, = f/(2N) is the aperture radius with N the f-number.

The parameters in Equation (4) have distinct practical roles. The focal length f and
aperture radius R, are fixed by the main lens, while D is obtained through camera calibra-
tion. After calibration, changing P, electronically changes only the e-ray focus and leaves
the o-ray component as a built-in reference focus. This is the main acquisition advantage
over mechanical dual-focus capture: the two focus components are recorded in the same
exposure, so scene motion and inter-frame registration are avoided. The trade-off is that the
image is a superposed measurement, so the selected LC power must make the combined
PSF sufficiently informative.

The 50/50 weighting in Equation (3) follows from the use of unpolarized illumination
in the ideal polarizer-free setting. In a real system, birefringence, transmission loss, and
surface reflection can shift this ratio. Therefore, the 50/50 model should be interpreted as
the nominal design point, and nonideal o0/e¢ ratios are treated as a robustness factor in the
supplementary experiments.

The blur-radius curves provide an intuitive interpretation of A. In a conventional
single-focus image, two depths at opposite sides of the focal plane can yield the same blur
radius. When the LC lens changes only the e-ray focal length, the ambiguous pair under the
o-ray branch will generally have different e-ray radii. If this difference is large enough, the
combined PSF becomes distinguishable. If the second focus lies in an unfavorable position,
however, the e-ray branch can introduce another near-symmetry, and the ambiguous
interval may persist or even expand. This is why we explicitly include a failure case in the
experiments rather than reporting only the best LC power.

The PSF-correlation criterion captures a different issue. Even when two depths are
not exactly ambiguous, their PSFs can remain very similar. Learned estimators can exploit
image context, but if the physical PSFs are highly correlated over a wide range, the depth
cue provided by defocus remains weak. A lower C; indicates that small changes in depth
lead to more visible changes in the combined blur kernel. In practice, A is a coarse ambiguity
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measure, and C, is a continuous discriminability measure. The two should therefore be
interpreted together: A rejects obviously poor dual-focus settings, while C, ranks settings
that have similar ambiguity intervals.

The design process is then straightforward. For a fixed main lens and sensor, we sweep
feasible LC powers, compute R, and R, over the operating depth range, synthesize the
corresponding PSFs, and evaluate A and C, on the same working depth interval. Candidate
powers with large ambiguity intervals are removed first. Among the remaining powers,
the setting with lower PSF correlation is preferred, provided that the blur magnitude is still
compatible with the target image resolution and signal-to-noise ratio. In our LC calibration,
the voltage-to-optical-power response is approximately linear over the normalized range
[—1, 1], which defines the admissible range used for implementation. This gives a physics-
first rule for selecting the optical setting before training the depth estimator.

Figure 2 shows this sweep for the three focus distances used later. The ambiguity
interval A behaves as a hard constraint: it is zero over a contiguous range of negative
powers and then increases abruptly, so the first design step is simply to stay inside the A = 0
region. Within that region, C, varies more smoothly and selects among the admissible
powers. In our LC calibration, the voltage-to-optical-power response is approximately
linear over the normalized range [—1, 1]; therefore, the admissible optimum is attained at
the lower bound, P = —1. This setting sits in the A = 0 region with a near-minimal C, for
every focus distance, illustrating how the two criteria jointly fix the optical setting without
trial-and-error training.

We evaluate an LC power by two quantities over the working depth range. First, A
measures the cross-ray blur-radius ambiguity interval. Let dympig denote the boundary
depth at which the cross-ray blur-radius overlap begins under the calibrated thin-lens
model. The corresponding depth set is

[max(dambigr dmin)/ dmax]/ 0< dambig < dmax,

a, otherwise,

B:

and the ambiguity-interval length is the one-dimensional measure
A= u(B). (6)

where y denotes a one-dimensional Lebesgue measure, i.e., the length along the depth
axis. Thus, A reports the depth span within the evaluated working range over which the
cross-ray blur-radius ranges overlap under the nominal 50/50 DFI model. The analytical
expression for dampig is provided in the Supplementary Materials. Second, C, measures PSF
separability continuously. For two object distances #; and u;, we compute the normalized

PSF correlation as
(Kprr(u;), Kprr(u;))

(| Kprr (u) |12 [| Kprr (1) 2

and report the average correlation over the evaluated depth pairs. A lower C, means

Cr(uj uj) = ?)

the PSFs change more strongly with depth and are easier for either a classical or learned
estimator to separate.

Both criteria are needed. A zero or short ambiguity interval means that the paired blur
radii remove the most obvious symmetric ambiguity, but the resulting PSFs may still be highly
correlated over broad depth ranges. Conversely, a low PSF correlation is less useful if the optical
setting creates a large ambiguous interval. Therefore, the preferred LC power should minimize
A and keep C; low. Figure 3 illustrates why this condition is necessary: the SFI ambiguity
interval and the DFI interval for the suboptimal P = 0.5 setting are explicitly marked by —45°
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and 45° hatching, respectively, showing that some LC powers reduce ambiguity whereas
others can make the DFI image less informative than the single-focus image.
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Figure 2. Ambiguity-interval length A (left) and PSF correlation C, (right) as functions of the LC-lens
power offset P, for focus distances ug = 2, 4, and 8 m. The differently colored curves correspond to
the three focus distances. Both criteria are evaluated over the NYUv2 working depth range [0.71,
10] m. The gray shaded band marks the calibrated linear LC operating range, P € [—1, 1], within
which powers are considered admissible for implementation, and the vertical dashed line marks the
selected setting P = —1. A exhibits a sharp transition: it stays at zero for sufficiently negative P and
rises steeply once the e-ray focus crosses an unfavorable region. The proposed setting P = —1 keeps
A = 0 while attaining a low C; at all three focus distances, which is why it is selected before training
the depth-estimation network.
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Figure 3. Ambiguity intervals for SFI and a suboptimal DFI setting at 8 m focus. The orange curve
(P = 0) is the inactive-LC SFI baseline, and the purple curve (P = 0.5) is the DFI setting. The dotted
lines indicate the corresponding blur-radius relationships used to locate ambiguous depth intervals.
The black diagonal hatching distinguishes the marked ambiguity regions: the —45° hatched region
marks the SFI ambiguity interval, while the 45° hatched region marks the DFI ambiguity interval
introduced by the suboptimal second focus. This example shows that DFI should be treated as an
optical design problem rather than a universal ambiguity-removal mechanism.
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3. Depth Estimator

To translate the DFI design into quantitative depth estimates, we use the joint optical—
computational pipeline shown in Figure 4. The optical criteria are evaluated before network
training: A screens out LC powers that retain cross-ray blur-radius ambiguity, and C,
ranks PSF separability among the feasible settings. The selected power and its calibrated
depth-dependent PSFs then define the Wiener candidate bank used by DBDENet. For
N = 32 candidate depths d;, PSFs are computed from Equations (2)—(4). The physics-
calibrated Wiener deconvolution bank produces a stack of deblurred images,

_ g1 E(Ki)"F(xp)
v= (ke ) ®

where x;, is the defocused image, F and F~! denote the Fourier and inverse Fourier trans-
forms, respectively, F(K;)* is the complex conjugate of the PSF spectrum, and A = 0.005
is the Wiener regularization coefficient. We consider N candidate depths, indexed by
i € {1,...,N}. For each candidate depth d;, the corresponding PSF K; is used to obtain a
deblurred plane I;. The weights w; shown in Figure 4 are normalized over all N candidates.
The selected values are supported by an ablation and a sensitivity analysis: N = 32 reduces
RMS from 0.216 to 0.189 m (12.5%) relative to raw input (N = 0), and A = 0.005 is the
minimume-error point in the tested regularization sweep. The full N and A sweeps are
reported in the Supplementary Materials.

(a) Physics-based PSF selection
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(b) DBDENet

\4 1 1

Wiener deconvolution bank
_ RKYRx)

1= —p L=Ft

! ‘ ! RK)P

=0.005

encoder

i
'
! depth decoder
: ’ b :
A 4 Ja Ya i

A i

Depth-guided reconstruction '
X(p) =i wip) Ii(p) !

expl-( ) '

i
i
' I}
i

umlul ate ddv]\nrul stack
i

Xp
single-shot DFI

Adaptive copy-paste (training only)

Dupth aware P
_____ j j <-.

xf M, —P inference path - == training only

Figure 4. Joint optical-design and depth-estimation framework. (a) Candidate LC-lens powers are
screened by the ambiguity interval A and ranked by the PSF correlation C,. The inset plots show
the criteria at the 8 m focus setting: P = —1 gives A = 0 and the lowest C; among the compared
admissible powers. Orange elements mark the selected optical-design path, blue elements mark
the calibrated PSF bank and inference flow, and gray dashed arrows indicate training-only paths.
This setting defines the calibrated depth-dependent PSF bank. (b) DBDENet applies the selected
PSFs in a Wiener deconvolution bank, producing candidate deblurred images for encoder—decoder
depth estimation. During training, the depth-guided reconstruction branch forms an all-in-focus
estimate £;. The adaptive copy—paste branch builds on copy—paste augmentation [31] and computes
category-wise RMS error E. from #;, i, and semantic labels ys; the resulting sampling probability p.
selects semantic masks for depth-aware copy-paste augmentation. The asterisk in F(K;)* denotes
complex conjugation, as in Equation (8).

For a 480 x 640 input, the Wiener bank forms a 32 x 480 x 640 candidate stack. A
four-stage MSCAN-T encoder from SegNeXt [32] maps it to feature widths of 32, 64, 160,
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and 256 channels, with stage depths of 3, 3, 5, and 2. A 256-channel LightHam decoder
from SegNeXt [32], built around the Hamburger matrix-decomposition module [33], fuses
the multiscale features and upsamples them to a one-channel full-resolution depth map.
A final ReLU constrains predictions to non-negative depth; no upper clamp is applied.
During training only, a depth-guided reconstruction branch converts the predicted depth
into normalized Gaussian weights over the candidate planes and uses their weighted sum
to reconstruct the all-in-focus target.

Training uses AdamW with initial learning rate 3 x 10~#, polynomial decay (power
0.9) to 10~ over 200 epochs, weight decay 0.1, gradient clipping at 1, a training batch size
of 4, and horizontal-flip plus bounded additive-noise augmentation. The total objective is
L; + 0.01L;, where L; combines an L; depth term with a gradient term weighted by 0.001,
and the all-in-focus image reconstruction loss L; combines a Charbonnier penalty [34] and
an SSIM term [35] with a relative SSIM weight of 4. Controlled runs use fixed seeds 14,
deterministic algorithms, and the last-epoch checkpoint. Full equations and reproducibility
settings are provided in the Supplementary Materials.

DBDENet provides a compact, physics-guided computational component of the pro-
posed DFI framework. It explicitly converts optical priors into a candidate deblurring stack,
so the downstream encoder can compare sharpness cues across candidate depths. In the
current implementation, DBDENet has 19.10 M parameters and 37.81 G MACs and runs at
97.69 fps for 480 x 640 input on an RTX 4090; this end-to-end timing includes the Wiener
deconvolution bank. It is therefore substantially lighter than heavier depth backbones such
as iDisc [36] and DCDepth [37] while remaining competitive in depth accuracy. Controlled
single-run ablations show that the 32-depth Wiener stack reduces RMS from 0.216 to 0.189 m
relative to raw input (N = 0), and adaptive learning reduces RMS from 0.213 to 0.189 m.
The reported Wiener-bank, candidate-depth, adaptive-learning, regularization-sensitivity,
and accuracy—efficiency results are provided in the Supplementary Materials.

The candidate-depth design is also aligned with the optical model. Each deconvolution
filter corresponds to one hypothesized object distance and the associated DFI PSF. If the
hypothesized distance is close to the true depth, the deconvolved image tends to recover
sharper local structure; if the hypothesis is wrong, residual blur or ringing remains. The
encoder therefore receives a stack whose variation is physically tied to focus consistency.
This differs from feeding the raw defocused image alone, where the network must infer the
optical ambiguity implicitly.

We keep the network description compact in the main text because most implemen-
tation details are not specific to the DFI optical principle. The detailed loss definitions,
reported component ablations and sensitivity results, and full method comparison includ-
ing parameters, MACs, and speed are provided in the Supplementary Materials.

4. Experiments

Synthetic defocus images are generated from NYUv2 RGB-D pairs [38,39] following
the standard NYUv2 monocular-depth protocol [40]; the split contains 795 training and
654 testing pairs. Unless stated otherwise, the main lens uses an f-number of 2.8, pixel size
of 5.6 um, focal length of 15 mm, and candidate depth range of 0-10 m. After converting
stored depth labels with the dataset scale factor 10/2550, the NYUv2 ground-truth depths
span approximately [0.71, 10.0] m with a median of 2.5 m. The optical criteria A and C,
are therefore computed over [0.71, 10] m, matching the actual dataset depth range while
excluding the most saturated near-field PSFs. We also evaluate a small indoor real DFI
dataset captured with a prototype using a camera from Guangzhou Micro-shot Technology
Co., Ltd. (Guangzhou, China), a self-fabricated LC lens, and an Intel RealSense LiDAR
Camera L515 (Intel Corporation, Santa Clara, CA, USA) for depth acquisition [28]. It
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contains 116 RGB-D pairs, with 78 for training and 38 for testing, so conclusions from real
data are limited to this prototype and indoor configuration. All learned methods are trained
separately for the SFI and DFI settings under matched data splits. The main text reports
a compact metric set, RMS error, and threshold accuracy J;, with extended comparison
tables provided in the Supplementary Materials. RMS is emphasized because the reviewed
task is metric depth from defocus, and the main optical claim is that the DFI PSF makes
depth errors smaller near ambiguity-prone regions. For the LC-power study, each setting
is generated with the same scene split and network configuration so that the observed
changes can be attributed to the optical design rather than to a training protocol change.

The real prototype data are used more conservatively. They provide evidence that
the single-shot DFI signal is physically measurable and useful, but the dataset is too small
to support a broad claim about scene generalization. For this reason, the real-data table
is reported as a compact feasibility result, and the limitations section explicitly lists the
robustness tests needed before stronger deployment claims.

The synthetic and real evaluations play different roles. The synthetic data isolate
the optical variable because the all-in-focus images, depth maps, and camera parameters
are controlled. This makes it possible to compare SFI and DFI under the same scene
content and training protocol and to attribute the performance trend to the PSF design.
At the same time, the synthetic setting is a calibrated, model-matched validation: the
Gaussian PSF family used to render the data is consistent with the PSF model used by
the Wiener deconvolution bank. Therefore, the synthetic gains should be interpreted as
evidence that the selected DFI encoding is beneficial under ideal calibrated optics, rather
than as a complete test of physical generalization. The real prototype data introduce
uncontrolled effects such as sensor noise, imperfect LC-lens response, calibration residuals,
and deviations from the Gaussian PSF assumption. We therefore use the real results as an
initial mismatch check to test whether the DFI signal survives beyond the model-matched
synthetic setting. The computational experiments were implemented in Python 3.10 using
PyTorch (https://pytorch.org, accessed on 26 July 2026). Runtime was measured on an
NVIDIA GeForce RTX 4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA).

The focus-distance study is another part of the optical validation. At2m, 4 m, and 8 m,
the same LC power does not produce identical blur-radius geometry because the relation
among focus distance, object depth, and sensor position changes. The observation that
P = —1 remains favorable in the tested configurations suggests that the selected second
focus is broadly compatible with the simulated indoor depth range. However, this should
not be generalized to arbitrary cameras or target distances. A different aperture, pixel size,
lens focal length, or working range would require recomputing A and C,.

The failure at 8 m with P = 0.5 is particularly important for interpreting the results. It
shows that adding a second focus component is not equivalent to adding more information
in a monotonic sense. The added component can be redundant or even confusing if it
increases PSF similarity in the relevant depth range. This supports this paper’s central
recommendation: DFI should be designed with an explicit optical criterion, and network
training should be performed after the optical setting has passed this criterion.

Table 1 shows the compact comparison between DFI and SFI. For DBDENet, DFI
reduces RMS error from 0.227 £ 0.001 m to 0.190 £ 0.001 m, corresponding to a 16.4%
reduction. The same trend appears for D3-Net, 2HDED, iDisc, DCDepth, and FastDepth,
with RMS reductions of 12.5-25.0% among the estimators in Table 1. This cross-network
behavior is important because it indicates that the gain comes from the optical encoding
rather than a network-specific tuning effect. Extended metrics are moved to Supplementary
Materials to keep this article focused.
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Figure 5 shows a representative synthetic example. Although the DFI input looks more
blurred than the SFI input because of the added e-ray component, the depth map estimated
from it follows the ground-truth structure more faithfully, particularly at object boundaries
and in the relative ordering of foreground and background. This is the visual counterpart
of the design criteria: the superposed defocus signature is more depth-discriminative even
though it is less visually sharp.

Table 1. Representative DFI and SFI comparison on the synthetic dataset at 8 m focus. The main
text uses the compact metric set RMS and J;; extended metrics are in the Supplementary Materials.
Single-run results are shown for the comparison methods;  DBDENet values are mean =+ s.d. over
four independent runs.

Method Input RMS (m) 81 (%)
D3-Net [8] SFI 0.324 95.2
D3-Net [8] DFI 0.243 97.8
2HDED [9] SFI 0.256 97.9
2HDED [9] DFI 0.199 98.9
iDisc [36] SFI 0.223 98.5
iDisc [36] DFI 0.184 98.8
DCDepth [37] SFI 0.329 95.8
DCDepth [37] DFI 0.288 97.3
FastDepth [41] SFI 0.270 97.5
FastDepth [41] DFI 0.221 98.3
DBDENet SFI 0.227 +£0.001 * 98.34+0.021
DBDENet DFI 0.190 +0.001 * 98.87 +0.03 1
B 8 s &
SRR RS

N v :

-’ 3 v - _w

= W

Figure 5. Qualitative comparison on synthetic data. (Top) the SFI and DFI inputs with zoomed insets;
the DFI image carries the superposed o-/e-ray defocus signature. (Bottom) depth maps estimated by
DBDENet from the SFI and DFI inputs, with the ground truth. Colored depth maps encode distance
according to the displayed depth colors, and arrows/squares mark regions used for local visual
comparison. The DFI result recovers depth boundaries and relative ordering (highlighted regions)
closer to the ground truth than the SFI result, consistent with the quantitative gain in Table 1.

Table 2 verifies that DFI is sensitive to the second focus setting. The LC power P = —1
gives the lowest RMS error for all evaluated focus distances and also yields zero ambiguity
interval in this configuration. By contrast, at 8 m focus with P = 0.5, DFI increases RMS
error from 0.227 m to 0.282 m under the same single-run sweep protocol. This failure
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case is important: it supports the design-criteria view and shows that dual focus must be
optically configured.

To test the criteria quantitatively rather than through individual cases, we sweep
12 LC-power configurations (three focus distances x four powers) and correlate A and
C, with the resulting depth accuracy (Figure 6). Across all configurations, C; and RMS
show a significant positive Spearman rank correlation (o = 0.608, p = 0.036), indicating
that lower PSF correlation is generally associated with lower depth error. One exception
appears in the unnormalized RMS metric at 8 m focus, but the original observation was
confirmed by three additional controlled runs, and the same pair follows the criterion
on the relative metrics. The full statistics and this counterexample are provided in the
Supplementary Materials. Therefore, A and C,, computed purely from the optical model,
should be interpreted as optical screening and ranking indicators rather than as a guar-
antee of monotonic improvement in every metric. The small sample (n = 12) and the
residual focus-distance confound also limit the strength of the correlation claim. On the
real prototype dataset, DFI also improves the tested estimators in the current indoor setup.
For DBDENet, the SFI input is processed with the ordinary-ray bank K,, whereas the
DFI input is processed with the corrected nominal bank Kpp; = 0.5K, + 0.5K,. In four
controlled paired-seed runs evaluated with the last-epoch checkpoints, RMS decreases
from 0.7424 £ 0.0096 m with SFI to 0.7040 4 0.0160 m with DFI, and ¢; increases from
61.28 +1.79% to 63.47 £ 0.32%. The RMS improvement is positive in all four seeds, with a
mean paired reduction of 0.0384 m. Since the real dataset is small, we use it only as a feasi-
bility check and report the per-seed values, extended metrics, depth-bin RMS differences,
and descriptive failure-analysis cases in the Supplementary Materials.

Table 3 summarizes the real-data trend under the same compact metric set used in the
synthetic comparison. The improvement is smaller and less uniform than in the synthetic
data, which is expected because the real prototype introduces calibration error, sensor
noise, nonideal PSFs, and imperfect depth labels. We therefore avoid claiming broad real-
world generalization from this small dataset. Instead, the result shows that the single-shot
polarizer-free DFI signal remains usable in a physical indoor setup and motivates a larger
capture campaign.

Table 2. LC lens power, ambiguity criteria, and RMS error for DBDENet. P is the LC lens power in
diopters; P = 0 is the inactive-lens (SFI) baseline. The tested nonzero powers lie within the calibrated
linear operating range [—1,1]. A is the ambiguity-interval length in meters. Lower A and C, values
are preferred. Both criteria are computed over [0.71, 10] m. Single-run RMS values are shown for a
matched power-sweep comparison; multi-run statistics for the selected 8 m SFI/DFI pair are reported
in Table 1. A dash indicates that A and C; are not applicable to the inactive-lens baseline.

Focus P RMS (m) A C,
2m 0 0.248 - -
2m -1 0.223 0 0.833
2m 0.5 0.239 9.29 0.848
4m 0 0.299 - -
4m -1 0.205 0 0.812
4m 0.5 0.288 8.89 0.901
8 m 0 0.227 - -
8m -1 0.189 0 0.736
8 m 0.5 0.282 8.46 0.856
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Figure 6. Optical design criteria versus depth estimation error over 12 LC-power configurations
(three focus distances x four powers P € {—1,-0.5,0.5,1}). (a) Cr versus RMS, colored by focus
distance, with the global Spearman rank correlation. (b) A versus RMS. (c) C; versus RMS annotated
by P. Different colors distinguish the 2, 4, and 8 m focus settings, and text labels in (c) give the
LC-lens power. Lower C, is generally associated with lower error, supporting its use as a pre-training
optical design indicator.

Table 3. Compact real-data comparison on the indoor prototype dataset. The main text uses the
same RMS and J; metric set as Table 1. The dataset contains 116 RGB-D pairs, so these results
support feasibility rather than broad generalization. * DBDENet is mean =+ s.d. over four controlled
paired seeds.

Method SFI RMS DFI RMS SFI §; DFI 6;
D3-Net [8] 0.938 0.878 52.3 54.0
2HDED [9] 0.996 0.778 50.6 60.4
iDisc [36] 0.695 0.620 63.7 66.9

DBDENet * 0.7424 £ 0.0096 0.7040 £ 0.0160 61.28 =1.79 63.47 £0.32

5. Robustness Considerations

The optical formulation assumes calibrated values of f, R;, and image distance D,
a Gaussian PSF approximation, and a near 50/50 o/e contribution under unpolarized
illumination. These assumptions are reasonable for the controlled prototype but should be
stress-tested before making stronger claims. The Supplementary Materials therefore report
perturbation studies on both synthetic and real data. On the synthetic benchmark, we
perturb the aperture radius (R;) from —20% to +20%, the focal length (f) and object-side
focus setting (10, through the resulting image distance D) by £10%, the nonideal 0/ e ratio
from 30/70 to 70/30, and the Wiener regularization coefficient A. On the real prototype
dataset, we hold the captured observations and trained model unchanged while applying
matched reconstruction-bank perturbations to PSF width, f, 1, and the o/e ratio from
30/70 to 70/30, with a diagnostic continuation to the pure-K, limit. Overall, the results
show stability under the tested moderate single-parameter perturbations; they do not
establish general robustness to severe or combined physical mismatch.

For the synthetic calibration study, DBDENet remains insensitive to aperture-radius
mismatch up to £10%: RMS changes by 4-2.3% for R, — 10% and +2.5% for R, + 10%. The
largest synthetic single-parameter calibration degradation is caused by f + 10%, which
increases RMS by 17.0%. The Wiener regularization sweep gives a clear optimum at
A = 0.005; using A = 0.001 or 0.01 raises RMS by 50.2% and 19.6%, respectively.

We additionally held the 38 real test images and the trained DFI model fixed while
perturbing the nominal 0.5K, + 0.5K. Wiener bank. Across width scales 0.80-1.20, RMS
ranges from 0.6918 to 0.7123 m, compared with 0.6954 m at the nominal scale. Perturbing f
by £10% gives RMS values of 0.6936 and 0.7134 m, while perturbing ug by £10% gives
0.6984 and 0.6942 m. For the ordinary-ray fraction & = 0.30-1.00, RMS reaches its lowest
value near & = 0.60 and rises to 0.7224 m at the pure-K, endpoint, so the ordinary-only
reconstruction bank is not the best fixed-bank choice for captured DFI observations. Because
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the captured images and network weights are unchanged throughout this sweep, these
results summarize inference-time sensitivity to the assumed reconstruction-bank mixture.
These observations suggest a practical deployment procedure. First, calibrate the
camera and LC-lens response and estimate the expected operating depth range. Second,
compute A and C; for feasible LC powers under the calibrated model. Third, run robustness
checks by perturbing calibration parameters and the o/e ratio before finalizing the optical
configuration and collecting data for depth-estimator training. Finally, train or fine-tune the
depth estimator using the selected optical configuration. This workflow keeps the optical
design and learning system coupled, while avoiding a blind search over lens powers.

6. Discussion

The results explain why dual focus is useful only after optical screening. The am-
biguity interval A acts as a feasibility test: a nonzero value identifies depths that retain
cross-ray blur-radius ambiguity. Among admissible settings, C, ranks how distinctly the
complete normalized PSF changes across depth. Their roles are complementary rather
than interchangeable, and the observed 8 m counterexample confirms that neither quantity
should be interpreted as a universal predictor of every error metric. In the tested calibrated
range, P = —1 is selected before training because it satisfies A = 0 and gives a low C,
across all three focus settings.

Relative to multi-capture DFD, the proposed route removes inter-frame registration
and scene-motion errors by recording the two focus components in one exposure, at the cost
of observing only their superposition. Dual-pixel sensing instead exploits two sub-aperture
views and thus requires a compatible sensor. Coded apertures and deep optics create
depth-dependent PSFs through a fixed or jointly optimized mask, whereas the LC lens
provides an electrically selectable focus offset while preserving a conventional reference-
focus component. LC-integrated terahertz metalenses [26,27] likewise show the broader
potential of tunable LC optics but operate in different spectral and device regimes and are
not competing depth-estimation methods.

The synthetic and real results support different conclusions. The synthetic study iso-
lates the optical design variable and shows consistent DFI gains across multiple estimators
under model-matched Gaussian rendering and Wiener preprocessing. The 116-pair real
prototype dataset, four paired-seed DBDENet runs, depth-bin RMS analysis, descriptive
failure-analysis cases, and PSF-bank perturbations show that the cue remains usable un-
der the tested indoor device configuration. The small dataset precludes a claim of broad
real-world generalization.

The main physical limitations are the nominal Gaussian/50:50 0/e PSF model and
the absence of measured PSFs/MTFs for the prototype. The real-data width, f, ug, and
0/e sweeps test reconstruction-bank sensitivity on fixed observations; broader deployment
still requires measured PSF/MTF characterization and validation on larger, more diverse
real datasets.

7. Conclusions

We presented a single-shot DFI scheme based on a polarizer-free LC lens for depth
from defocus. The key result is that dual focus should be designed through the ambiguity
interval A and PSF correlation C;; it reduces ambiguity only when the LC-lens power is
selected appropriately. A compact deblurring-based depth network exploits this optical
encoding and demonstrates improved depth estimation under model-matched synthetic
optics, while the small 116-pair indoor dataset provides prototype feasibility evidence.
The perturbation studies quantify bounded but asymmetric sensitivity to the tested single-
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parameter mismatches; broader deployment requires measured PSF/MTF characterization
and validation on larger, more diverse real datasets.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/ photonics13080732/s1: Supplementary Materials, Sections S1—-
520: DFI prototype and optical path; DFI PSF expansion; DBDENet and losses; Experimental settings
and reproducibility; Adaptive learning; Synthetic defocus dataset generation; Evaluation metrics;
Calibration parameter sensitivity; Matched PSF-bank perturbations on real observations; Run-to-run
variability; Adaptive learning ablation; Extended SFI/DFI comparison tables; Spearman correla-
tion between design criteria and accuracy; Method comparison and computational cost; Wiener
candidate-depth ablation; o/e polarization mixing-ratio sensitivity; Wiener regularization sensitiv-
ity; Previous work versus the present study; Limitations; Interval estimates for the real-data RMS
comparison. Figures S1-S7: DFI camera setup; Optical path of the DFI setup; Adaptive learning
visualization; Qualitative comparison on synthetic DFI and SFI datasets across focal distances; Quali-
tative comparison on the real indoor prototype dataset; Representative real-prototype cases for failure
analysis; Depth distribution of the NYUv2 training and test set. Tables S1-526: Compact DBDENet
architecture; Principal settings used for the reported DBDENet experiments; Calibration sensitivity
under aperture-radius perturbation; Calibration sensitivity under focal-length/focus-setting per-
turbations; Fixed-checkpoint sensitivity to PSF-bank width mismatch on real prototype images;
Fixed-checkpoint real-data sensitivity to focal length and focus setting; Fixed-checkpoint real-data
sensitivity to ordinary/extraordinary mixing ratio, DBDENet DFI four-run variability; DBDENet
SFI four-run variability; Adaptive learning ablation; Extended synthetic DFI/SFI metrics; Extended
real DFI/SFI metrics; Controlled paired-seed real prototype results; DBDENet across 2 m/4 m/8 m
focus distances; Real-data RMS difference by depth quartile; Extended LC-power comparison; Spear-
man rank correlation between C, and depth metrics; Three-run recheck of the 8 m P = —0.5 vs.
P = +1 pair; Method comparison on synthetic DFI dataset; Method comparison on real DFI dataset;
Computational cost; Wiener candidate-depth ablation; Polarization mixing-ratio sensitivity; Wiener
regularization sensitivity; Relationship between earlier report and present study; Paired interval
estimates for real prototype RMS comparison.
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Abbreviations

DFD  Depth from defocus
DFI  Dual-focus imaging
SFI Single-focus imaging
LC Liquid crystal

PSF  Point spread function
RMS Root mean square
AL Adaptive learning
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