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Autofocus in digital holography with time reversal
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Accurate object localization is critical for robust autofo-
cus in digital holography (DH). Here, we present a time-
reversal (TR) symmetry-enabled autofocus strategy inte-
grated with depth-dependent randomized sparse sampling.
Our approach is grounded in the low-rank structure of
the TR operator. This inherent property, arising from the
dynamical constraints of the wave equation, provides a phys-
ical foundation for sparse sampling without compromising
subspace separation. By using independent, uniformly dis-
tributed test point sets at each axial plane, the method
effectively decorrelates sampling-induced clutter and acts
as an approximately unbiased Monte Carlo estimator. This
analytical, training-free solution preserves the inherent or-
thogonality of signal and noise subspaces, ensuring high-
fidelity localization even at ultra-low sampling rates (e.g.,
0.25N). Simulations and experiments demonstrate that the
proposed method achieves high-resolution autofocus with
significant computational savings, paving the way for real-
time dynamic autofocus in diverse sensing environments.
© 2026 Optica Publishing Group. All rights, including for text and
data mining (TDM), Artificial Intelligence (Al) training, and similar
technologies, are reserved.
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Digital holography (DH) is a non-invasive three-dimensional
(3D) imaging technique that encodes the complex wavefront of
an object into a two-dimensional (2D) hologram [1]. Since the
development of digital holography (combining holography with
digital recording/reconstruction), DH has found broad applica-
tions in biomedical imaging, 3D shape/deformation measure-
ment, particle field analysis, quantitative phase imaging, and
material characterization, among others [2,3].

In DH, hologram recording is a forward problem while re-
construction is an inverse problem; the core challenge of the lat-
ter—reconstructing an unknown image from a hologram—Iies
in accurately localizing the object, as imprecise localization
causes blurred or distorted reconstructions. To address this
issue, various autofocus algorithms have been developed, in-
cluding sharpness-metric-based approaches (e.g., amplitude/en-
tropy/gradient criteria) [4—6], edge-sparsity/structure-based cri-
teria [7-9], frequency-domain methods [10], and data-driven
approaches such as deep learning [11-13].
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In this work, we propose an autofocus strategy based on
time-reversal (TR) symmetry and depth-dependent randomized
sparse sampling. The key motivation is physical: wave propaga-
tion governed by Maxwell’s equations exhibits TR symmetry in
lossless reciprocal media, which is the core mechanism under-
pinning TR Mirror (TRM) focusing [14]. TRM enables high-
resolution wavefront focusing and imaging in complex media
[15,16]. Notably, the holographic forward model and numerical
back-propagation naturally form a TR pair, which directly lever-
ages this reciprocity-driven TR capability. By leveraging TRM
focusing and subspace separation, we have previously demon-
strated that TR-based methods (e.g., Time Reversal-Multiple
Signal Classification, TR-MUSIC) can provide high-resolution
axial localization [17,18]. These preliminary studies highlight
two critical observations: (1) the autofocus inverse problem
in DH admits a sparsity prior normally and (2) holographic
datasets are characterized by significant inherent redundancy.
The core challenge thus lies in how to eliminate redundant
data while effectively leveraging the sparsity prior inherent to
this inverse problem. We tackle this key issue by leveraging
depth-dependent randomized sparse sampling, which concur-
rently reduces holographic data redundancy and exploits the
sparsity prior inherent to the autofocus inverse problem.

Optical scanning holography (OSH), a representative DH ac-
quisition scheme, is adopted here [19,20]. Figure 1 depicts its
setup: a laser beam is split by beam splitter (BS1) and follows
two paths: one traverses mirror M1, pupil p; (x,y) =1, and lens
L2; the other is frequency-modulated via an acousto-optic fre-
quency shifter (AOFS), then passes mirror M2, pupil p, (x,y) =
S (x,y), and lens L3. The two beams recombine at BS2 and scan
the object via an X-Y scanning mirror. The signal is detected by a
photodetector (PD) and demodulated into a complex hologram.

For a 3D object discretized into N axial layers, the generated
hologram can be expressed as:

N

gy =Y (1005, 2)P ®h(x,y:2)), (M

i=1

where O(x,y;z;) is the complex amplitude of the i-th layer,
h(x,y;z) is the spatial impulse response, ® denotes convolution,
and z; is the axial distance of the i-th layer. G = F{g(x,y)} is
the Fourier transform of the hologram. To reconstruct the im-
age at the [-th layer, prior knowledge of z; is required and the
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Fig. 1. Schematic diagram of the optical scanning holography
(OSH) system. AOFS, acousto-optic frequency shifter; BS, beam
splitter; L, lens; M, mirror; PD, photodetector; PH, pin hole; p(x,y),
pupil.

reconstructed image is given by:

Low (%, 32) =10(x,y; 2)1? ® h(x,y;2) ® h* (x,y; 7))
+ 10,y 2) P ® h(x,y:7,) ® h* (x,:2,),

i#l
(2

where * denotes conjugation. The first term corresponds to the
focused contribution of the target layer, while the second term
represents the defocus noise from other layers.

In a lossless homogeneous medium, solutions to Maxwell’s
equations remain valid under time-reversal (r - —f), a symmetry
that gives rise to wave propagation reciprocity, the foundational
mechanism for refocusing energy to its origin [21]. A TRM—the
physical realization of TR focusing—relies on this reciprocity:
it uses a transceiver array to record the outgoing wavefield
from a source, time-reverses it, and retransmits it [22]. Specif-
ically, this TRM core (an array of receivers) aligns naturally
with digital holography: in DH, every CCD/CMOS pixel func-
tions as a miniature receiver, which captures object wavefront
information via interferometric recording. This inherent “micro-
receiver array” structure means DH can natively leverage the
TRM focusing mechanism. To quantify this TRM-based focus-
ing mechanism mathematically, we define the corresponding TR
matrix as follows:

Trg = FHGGH), 3)

where H denotes conjugate transpose. Performing singular value
decomposition (SVD) on this TR matrix, we obtain:

Trr=UX UM, (4)

where U = [u,u,, ..., uy] is a unitary matrix whose columns
are orthonormal singular vectors (eigenvectors of the Hermitian
matrix Tygr), and £ =diag(o, 05, ..., o) contains the singular
values in descending order.

The dominant singular vectors span the signal subspace (en-
coding target-related wavefield information), while the remain-
ing vectors form the noise subspace (containing background
and measurement noise). This distinct separation of subspaces
provides a foundational framework for high-resolution localiza-
tion methods—following the TR-MUSIC idea, we leverage this
subspace orthogonality to compute pseudo-spectra along two
separable dimensions x and y [17]:

Nty (X, )17
Px(Xp’Zi> = Lp 2 (5)

ZnN1:1v1+1 |”x(m)T“T (Xp.2:)
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where X, represents the horizontal position of the test sampling
point, and M is the dimension of the signal subspace. The com-
bined location is therefore P(Xp, z;)=P, (XI,, z;) - Py (Xp, Z;)-
The axial localization metric at depth z; is obtained by summing
pseudo-spectrum values over spatial test positions:

Py(X,.2) = (6)

* T 2’
uy (m) uz(X,,,z,-)|

|4
P(z) =) P(X,.7), ™
p=1

where V represents the number of sampling points per recon-
struction plane z;. It can be deduced from Eq. (7) that TR-
MUSIC inherently relies on dense, point-by-point scanning to
localize objects, imposing substantial computational overhead.
To alleviate this burden, our earlier efforts explored conven-
tional scanning strategies including diagonal/Lissajous scan-
ning, which delivered initial yet limited improvements: diagonal
scanning restricts test points to a single line, severely under-
sampling off-diagonal spatial responses [17]; while denser,
Lissajous scanning suffers from periodic clustering and non-
uniform spatial coverage, causing some regions to be over-
weighted and others under-represented. This distribution bias
distorts the pseudo-spectrum P(z;) and introduces spurious
peaks, particularly under noisy or multi-depth interference con-
ditions [18].

Building on our prior observation that the autofocus inverse
problem exhibits a sparsity prior and holographic datasets are
highly redundant, we address these limitations by adopting ran-
domized sparse sampling—a strategy that selects a small subset
of test points with approximately uniform spatial probability,
offering two advantages: (I) From a numerical-integration per-
spective, uniformly random sampling provides an approximately
unbiased Monte Carlo estimator of the full-grid sum for P(z;)
[23]: when properly scaled by the full-grid-to-sampled-point ra-
tio, while preserving statistical consistency under sparse depth
sampling; (II) From a compressed-sensing perspective, ran-
dom sampling reduces correlation between sampling patterns
and signal structure [24], enabling efficient probing of the TR
pseudo-spectrum at sparse points without reconstructing the full
field.

Depth-dependent artifacts occur when sampling is shared
across depths. We address this by employing independent ran-
dom sampling sets at different z;: Q; #Qj (i £j), where
Q, denotes the sampling set at depth z; containing V unique
points drawn without replacement from the N x N grid. The ax-
ial metric in Eq. (7) can therefore be computed by summing
probabilities over the depth-dependent sparse set:

P(z)= Y P((5,.5):2) (8)

(X,,s}’p>EQ,'

This design thus ensures uniform spatial coverage, miti-
gates sampling bias, and maintains low computational costs.
While prior compressed sensing achieves image reconstruction
at 0.24% compression [25], our autofocus only requires axial
localization—not full imaging—enabling even lower sampling.
We therefore adopt a random sampling rate of 0.25N, yielding
0.2% compression for 128 x 128 images and 0.05% for larger
sizes such as 500 x 500, effectively balancing efficiency with
focusing stability.
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Fig.2. Simulated hologram (a), and eigenvalues of the TR matrix
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Fig. 3. Localization error analysis: fixed vs. depth-dependent
sampling at z; (a) and z, (b).

To systematically quantify these performance gains and vali-
date the robustness of our approach, simulations were performed
on an AMD Ryzen 7 7800X3D processor (4.20 GHz, 32 GB
RAM) with a laser wavelength of 632.8 nm. A composite ob-
ject with two axial layers at z; =20 mm and z, =30 mm was
used, with each layer containing 128 x 128 grayscale patterns.
The corresponding hologram is shown in Fig. 2(a), and the rapid
decay of eigenvalues in Fig. 2(b) confirms the sparsity of the
holographic field.

To evaluate the robustness of our sampling strategy, we com-
pare the localization accuracy of fixed versus depth-dependent
randomized sampling across different axial planes. As shown
in Fig. 3, fixed sampling yields significant localization bias
and inconsistent performance across depths. In contrast, our
depth-dependent strategy effectively suppresses depth-induced
artifacts, reducing the average error by over 80% at both z; and
Z5. This confirms the superior robustness and accuracy of the
randomized sampling scheme in diverse imaging planes.

Five autofocus strategies were evaluated over the axial range
15-35 mm with a step size of 0.05 mm: edge detection (ED),
Tanimoto coefficient (TC), diagonal scanning (DS, V = N =
128), Lissajous scanning (LS, V = 10N = 1280), and the pro-
posed randomized sparse sampling (RS, V =0.25N = 32). These
abbreviations are used consistently throughout (Fig. 4). Fig-
ure 4 illustrates the sampling masks of DS, LS, and the proposed
RS strategies, where points denote test positions. Unlike DS and
LS, the RS mask varies independently across depth planes.

Table 1 and Fig. 5 summarize the comparison results. LS
gives the narrowest axial response (FWHM = 0.06 mm), while
the proposed RS achieves a comparable resolution (FWHM
= 0.07mm) with substantially lower computation time—96%
faster than LS and 69% faster than DS. By contrast, DS shows a
broader response (FWHM = 0.29 mm), and ED/TC yield much
wider peaks with less accurate axial localization. In addition,
RS achieves the better peak-to-sidelobe ratio (PSLR) and peak-

(a) DS (b) LS (c) RS
Fig. 4. Sampling masks for different strategies (points denote test
positions).

Table 1. Simulation Performance Comparison

Method ED TC DS LS RS
Time (s) 6.7 5.4 12.5 96.4 3.8
z; (mm) 20.32  20.65 20.01 20 20
2, (mm) 3044 2950 29.98 30 30
Sampling points / / 128 1280 32
FWHM (mm) 2.17 3.29 0.29 0.06 0.07
PBR (dB) 0.85 / 13.68  88.59  309.30
PSLR (dB) -9.67 / 8.22 1893  27.60

0.1F [ 2
NIV S

15 20 25 30 35
Axial localization (mm)

Fig. 5. Simulated autofocus results with different methods.

to-background ratio (PBR) values. These results indicate that
RS preserves the sharp TR-MUSIC localization behavior while
greatly reducing computation.

To validate the method experimentally, we used a 500 x 500-
pixel hologram of a dual-layer object at z; = 87cm and z, =
107 cm. The sampling settings were V = N = 500 for DS, V =
10N =5000 for LS, and V = 0.25N = 125 for RS, with autofocus
performed over 80-115 cm at a step size of 0.175 cm.

Figure 6 displays the hologram (a) and the eigenvalues of
the TR matrix (b). The rapid decay of the eigenvalues directly
evidences the sparsity of the experimental holographic signal.
Figure 7 and Table 2 summarize the experimental autofocus re-
sults. LS gives the sharpest axial response (FWHM = 0.24 cm),
while RS achieves comparable resolution (FWHM = 0.25 cm)
with 97% lower computation time (58.3 s vs. 2239.7 s), which
is further reduced to 0.56s via CPU parallelization. DS ex-
hibits a broader response (FWHM = 0.31 cm), and ED/TC yield
much wider profiles (FWHM = 6.07 cm and 12.07 cm, respec-
tively). Moreover, the relatively high PSLR and PBR values
of RS indicate effective sidelobe suppression and strong peak
prominence over the background. Focusing errors for LS and
RS are below 0.05 cm for both layers, compared to 0.11 cm for
DS and 0.79-3.65 cm for ED/TC. These results confirm the su-
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Fig. 6. (a) Hologram and (b) eigenvalues of the TR matrix.
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Fig. 7. Experimental autofocus results with different methods.

Table 2. Experimental Performance Comparison

Method ED TC DS LS RS
Time (s) 14.2 14.9 2575 22397 583

Z; (cm) 87.83  85.65 87.11 86.96  86.96

Z, (cm) 107.66 110.65 107.04 106.97 107.04
Sampling points / / 500 5000 125
FWHM (cm) 6.07 12.07 0.31 0.24 0.25

PBR (dB) 1.61 2.17 118.53 226.62 170.49

PSLR (dB) -0.42 0.47 25.64 3418  32.77

(@) (b)
Fig. 8. Reconstructed images at (a) z; =86.96 cm, and (b) z, =
107.04 cm.

perior axial localization accuracy and reliability of TR-based
approaches.

The corresponding reconstructed sections are shown in
Figs. 8(a) and 8(b), respectively. Together with the preceding
performance comparisons, these reconstructed results confirm
the feasibility of our TR symmetry-enabled autofocus approach.
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In conclusion, we have presented a physics-guided sparse
TR-MUSIC framework for high-fidelity holographic autofocus.
By leveraging the intrinsic dynamical constraints of the wave
equation, we reveal the low-rank structure of the TR matrix
as the fundamental physical basis for sparse sampling. Our
depth-dependent randomization strategy effectively suppresses
coherent artifacts by decorrelating sampling noise along the
axial direction, ensuring that subspace orthogonality remains
robust even at a 0.25N sampling rate. Unlike iterative com-
pressed sensing or data-driven deep learning, this analytical
solution is training-free and offers full physical interpretability.
Experimental results confirm that its inherent parallelism en-
ables sub-second processing (0.56s) on a standard multi-core
CPU, while future GPU acceleration holds significant poten-
tial for real-time 3D sensing of biological samples and other
complex targets in diverse dynamic environments.
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