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Abstract

Traditional CGH algorithms often face a trade-off between computational efficiency and
reconstruction fidelity. In this study, we propose a hybrid hologram synthesis framework
that combines geometric and physical optics to generate phase-only holograms for SLM.
A freeform surface obtained from geometric optics provides a smooth continuous phase
initialization for the iterative CGH solver, which substantially reduces the number of
required iterations. We further improve the SGD-based optimization by introducing an
adaptive step size factor and explicit phase constraints during the update process. These
modifications guide the solution toward a smooth phase profile, thereby suppressing high-
frequency phase noise and mitigating speckle artifacts. Compared with a standard CGH
algorithm, the proposed method achieves an approximately four times improvement in
computational efficiency while maintaining reconstruction quality. Finally, we integrate
the resulting holograms into an eye tracker–based autofocus system, enabling real-time
adaptation to changes in the human eye’s focal state.

Keywords: freeform optics; CGH algorithm; SLM

1. Introduction
Computer-generated holography (CGH) can create arbitrary light distribution through

computation of light propagation. In this process, a computed phase or amplitude pattern
is displayed on a spatial light modulator (SLM) and, under coherent illumination, the
desired optical field is reconstructed. Consequently, CGH has been widely applied in
diverse optical systems due to its ability to precisely modulate the amplitude and phase of
light. For example, in optical trapping and tweezers, CGH is used to generate dynamic
multi-spot patterns that can trap, move and rotate micro-particles or biological cells in
three dimensions [1,2]. Similarly, in holographic displays and 3D imaging, CGH provides
realistic depth cues for virtual and augmented reality and near-eye displays [3–5]. In
microscopy and bioimaging, CGH supports structured illumination, light-sheet shaping
and multifocal excitation to improve resolution and imaging speed [6,7]. Despite these
capabilities, achieving both high reconstruction quality in experimental settings and high
computational efficiency remains challenging [8].

Much progress has been made in this field since Dennis Gabor invented the holo-
graphic principle in the 1940s [9]. Over the past few decades, research has focused on
improving CGH algorithms [10–14]. Iterative methods are among the most popular al-
gorithms. For example, the Gerchberg–Saxton (GS) algorithm alternately propagates the
optical field between the hologram plane and the target plane. Through this iterative
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process, the algorithm gradually minimizes the error between the calculated and desired
patterns [15,16]. The GS algorithm is simple to implement and easily adaptable to various
optical system, making it a popular choice for generating holograms of both 2D and 3D
objects. However, despite its usefulness, it can stagnate in local minima, resulting in limited
reconstruction [17]. To address this, the Stochastic Gradient Descent (SGD) algorithm has
been adapted for CGH [18,19]. It formulates a loss between the target and reconstructed
intensity and updates the hologram by descending the loss gradient [20]. Previous work
has shown the SGD can improve image quality relative to the traditional approach and has
been incorporated into starte-of-the-art frameworks. For example,

Peng [8] integrated the SGD method with a camera-in-the-loop iteration process, which
accounts for experimental aberrations to achieve optical reconstruction results comparable
to numerical simulations. Furthermore, Chen extended the SGD method to the multi-depth
hologram generation process [20]. Since both the GS and SGD algorithms treat CGH
as an iterative optimization problem, achieving higher image quality generally requires
more iteration steps. This creates an inherent trade-off between computational cost and
reconstruction quality. In addition, both algorithms are sensitive to the initial phase estimate
because the phase retrieval problem is a highly non-convex optimization problem. In the
SGD method, where the phase serves as the optimization variable, the gradient descent
trajectory is strongly influenced by the starting point, so a poor initialization may cause
very slow convergence or suboptimal solutions [21,22].

Recently, refractive beam shaping approaches based on freeform surfaces have pro-
vided smooth and continuous phase profiles; however, many design methodologies are
primarily grounded in geometric optics and therefore neglect diffraction effects [23,24].
To address this, hybrid design strategies that unify geometrical optics with diffraction
theory have been proposed in recent years [25–27]. In these approaches, a refractive surface
pre-shapes the wavefront so that the optical field at the target plane approximates the
desired distribution. A properly designed freeform surface can provide a smooth and
continuous phase profile, which in turn serves as a high-quality initial guess for iterative
algorithms. Schmidt introduced a freeform hologram design that starts with a smooth
refractive solution, and constrains the GS iterations toward the initial phase value during
optimization [25]. This method overcomes the stray light issues and significantly reduces
the speckle effect. Similarly, Leonid used the obtained geometrical-optics solution as a
starting point in iterative Fourier transform algorithms and finally designed a fabrication-
friendly diffractive optical element that avoids irregular texture [26]. Shi adopted the
deterministic position-dependent phase initialization method; when many Fresnel zone
kernels are superposed on the hologram plane, the high-frequency phase components
tend to cancel out, and then a smooth and predominantly low-frequency phase profile is
generated, which is important for stable and effective CNN training [28]. In Choi’s method
[29], the phase is regularized to be piecewise smooth rather than fully random, and the
amplitude-matching loss with penalty function encourages a smooth phase within regions
while allowing sparse discontinuities near edges. In addition, we observe that most algo-
rithms focus on image fidelity or depth of focus in simulation, while neglecting whether the
receiving position actually coincides with the designed focal plane of the phase pattern. In
practice, system misalignment and optical tolerances can cause a mismatch in focal position,
so that the camera does not receive the intended image even if the hologram is optimal in
the numerical model. To address this issue, we develop a closed-loop autofocus scheme
that adjusts the hologram’s focal length according to the image captured by the camera.
Considering the unique characteristics of near-eye displays, we integrated an eye tracker to
detect the eye’s position in our experiment, which serves as the trigger mechanism for the
autofocus process.
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In this work, we have designed a fast autofocus system comprising an eye tracker, a
spatial light modulator (SLM), and a CMOS camera. To accelerate both the optimization
process and the quality of the holograms displayed on the SLM, a hybrid method is
used to calculate the hologram. We first compute a smooth and continuous initial phase
function using geometric methods; this physically informed phase profile is then used
as the initial guess for SGD algorithm. We also refine the SGD method and improve its
calculation efficiency. When the hologram is loaded onto the SLM, the eye tracker triggers
real-time camera acquisition. The captured images are compared with the target image to
iteratively adjust the focal value of the hologram until optimal focus is achieved. During
each refocusing step, although the hologram is recalculated, the target image remains
unchanged, so the initial phase only needs to be computed once, which further reduces
the focusing time. Simulated and experimental results are presented to demonstrate the
feasibility of the proposed method, which we hope will provide a new approach for VR/AR
and holographic display applications.

2. Principle and Discussion
The refractive beam shaping technology considers the redirection of the incident rays

and obtains the desired pattern on the target plane. According to this method, a mapping
function between the incident and target plane is calculated. This function is used to
specify how individual rays are reassigned [30]. Generally, the redirection is realized
by a specific freeform surface based on energy conservation and Snell’s law. Finally, a
smooth and continuous freeform surface is calculated in this approach. This surface can
be converted into the initial phase guess for the CGH algorithm based on thin-element
approximation. Overall, the hologram calculation process consists of two steps. In the first
step, we calculate a smooth continuous initial phase value for the CGH algorithm. In the
second step, we compute the hologram which is displayed on the SLM.

2.1. The Refractive Surface Calculation

As illustrated in Figure 1, the incident beam propagates along the z-axis. The coordi-
nates on the incident plane P1 are denoted x1 and y1. The points on the target plane are
described by (x2, y2). Between the two planes is a refractive surface; it is a single value
function z which is represented by x and y. To achieve the target distribution, we need to
redistribute the incident beam’s energy according to the law of conservation. This process
establishes a one-to-one mapping function between points on the incident plane and the
target plane. For example, this implies that concentrating a bundle of light rays into a
smaller spatial region increases the local flux density, whereas expanding the ray bundle
results in a lower intensity. According to the energy conservation, we have

I dA = I′ dA′ (1)

where I and I′ represent the intensity distributions on the incident and target planes,
respectively, while dA and dA′ denote the corresponding infinitesimal area elements. The
coordinate transformation from the incident plane (x1, x2) to the target plane (x1.x2) is
defined by the mapping function x2 = f (x1, y1) and y2 = g(x1, y1). By applying the
conservation of energy to this mapping, we derive the Jacobian matrix:

J =

[ ∂ f
∂x1

∂ f
∂y1

∂g
∂x2

∂g
∂y2

]
(2)
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The determinant of the Jacobian matrix, det(J), characterizes the local scaling ratio of an
infinitesimal area element following the coordinate transformation. Consequently, the
relationship is given by

I′ = det(J) I (3)

Assuming a collimated uniform incident beam is incident into a uniform grid, the energy
flux through each grid cell is identical. However, if the target plane is similarly discretized
into a uniform grid, the energy within each cell will typically differ from that of the incident
plane due to the non-uniform intensity distribution of the target field. To satisfy the energy
conservation condition in Equation (3), the coordinates on the target plane must be adjusted.
We introduced an error function, E(x, y), to quantify the deviation between the transformed
incident energy and the desired target energy distribution:

E(x, y) = I det(J)− I′ (4)

where E represents the local energy density residual. To minimize this error, the coordinate
points (x2, y2) on the target plane must be moved to locally expand or compress the grid
cells. We model this process by treating the error E as a source term that drives the grid
deformation, governed by the Poisson equation:

∇2ϕ = −E (5)

where the scalar potential ϕ defines a gradient field indicating the direction and magnitude
of the required coordinate displacement. Once the gradient direction is determined, we
introduce a virtual step t, which represents the displacement magnitude of the target plane
coordinates along this gradient. The evolution of the coordinates is described by

∂P2

∂t
= ∇ϕ (6)

This equation induces a slight deformation of the target grid, resulting in a new coordinate
distribution. The updated coordinates are then substituted back into Equation (4) to
recalculate the error. Generally, repeating this process for several iterations yields a stable
energy mapping function from the incident plane to the target plane.

dA

x

y
z

Incident intensity I

Refractive surface

Targert intensity I’

dA’

1 1 1( , )P x y

2 2 2( , )P x y

( , )h x y

Figure 1. The mapping function between the initial and target ray coordinates.

Following the determination of the mapping function, we proceed to calculate the
refractive surface profile. We assume the incident beam propagates along the positive
z-axis, corresponding to a unit incident vector Î = (0, 0, 1). The surface sag is defined by
z = h(x, y). After refraction, the unit outgoing vector T̂ is expressed as

T̂ =

(
x2 − x1, y2 − y1, H − h(x, y)

)√
(x2 − x1)2 + (y2 − y1)2 +

(
H − h(x, y)

)2
(7)
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where H denotes the axial position of the target plane. For brevity, we define the distance
d =

√
(x2 − x1)2 + (y2 − y1)2 + (H − h)2 to simplify Equation (7). The unit normal vector

N of the refractive surface is given by

N =

(
∂h
∂x

,
∂h
∂y

, −1
)

(8)

Applying Snell’s law in vector form yields the relationship between the surface gradients
and the coordinate mapping: 

Nx =
x2 − x1

d
(

n− H−h
d

)
Ny =

y2 − y1

d
(

n− H−h
d

) (9)

Subsequently, the surface height reconstruction is formulated as a Poisson equation:

∇2h = ∇ ·Nxy (10)

By solving Equation (10), we obtain the refractive surface height. The thin-element approxi-
mation is used to convert the refractive surface into the initial phase ϕ(x, y):

ϕ(x, y) =
2π

λ
(n− 1) h(x, y) (11)

where λ is the wavelength of the light, and n is the refractive index of the material.

2.2. Stochastic Gradient Descent Principle

Through the calculations described above, the freeform surface is converted into
a phase-only profile, which serves as the initialization for the SGD algorithm. During
this optimization process, the angular spectrum method (ASM) is used as a diffraction
propagation method to calculate the reconstructed distribution on the target plane. The
expression of ASM is given by the following equation:

Eimg
ASM

(
ϕ(x, y)

)
=
∫∫

E0 exp
(

j ϕ(x, y)
)

H( fx, fy) exp
(

j 2π( fxx + fyy)
)

d fx d fy (12)

where ϕ(x, y) is the loaded phase value, E0 is the incident filed amplitude, and fx and
fy are the spatial frequency on the x and y axis. Eimg

ASM

(
ϕ(x, y)

)
is the reconstructed field

distribution on the target plane. H is the transfer function in free space propagation, and it
is written as

H( fx, fy) = exp
(

j
2πz

λ

√
1− (λ fx)2 − (λ fy)2

)
(13)

where z is the light propagation distance between the hologram and the target plane. The

reconstructed field distribution is expressed by IASM =
∣∣∣Eimg

ASM

∣∣∣2 = Eimg
ASM · E

img
ASM. The loss

function between the reconstructed field distribution and the desired distribution Itar is
shown as

L(ϕ) = ∑(IASM − Itar)
2 (14)

Since the optical field distribution on the target plane is a complex amplitude, minimizing
the loss function requires computing its gradient with respect to the propagated field EASM.
Applying the chain rule, we derive the gradient expression:

g(ϕ) =
∂L(ϕ)

∂Eimg
ASM

=
∂L(ϕ)
∂IASM

∂IASM

∂Eimg
ASM

(15)
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This equation calculates the gradient on the image plane, which quantifies how variations
in the reconstructed field distribution influence the loss function. However, to update the
hologram, it is necessary to determine the impact of the object plane phase profile on the
loss function. Consequently, back propagation is required to map this error gradient from
the image plane back to the object plane. The gradient on the object plane is expressed by

G(ϕ) =
∫∫

g(ϕ) exp
(
−j

2πz
λ

√
1− (λ fx)2 − (λ fy)2

)
exp

(
− j 2π( fxx + fyy)

)
d fx d fy (16)

By solving this equation, we obtain the gradient of the loss function with respect to the
complex amplitude at the object plane; we now derive the gradient with respect to the
phase profile. The relationship is given by

∂L(ϕ)
∂ϕ

= G(ϕ)
∂Eobj

ASM
∂ϕ

(17)

To ensure stable minimization of the loss function with respect to the phase of the hologram,
we employ the Adaptive Moment with Maximal Second Moment algorithm (AMSrad) for
iterative updates. AMSGrad improves upon standard optimization methods by maintain-
ing an element-wise upper bound of the second moment bias correction. This mechanism
prevents the effective step size from increasing unexpectedly during iterations, thereby
enhancing convergence stability for non-convex optimization problems. Let gt = ∂L

∂ϕt
denote the phase gradient at the t-th iteration. The exponential moving averages of the first
and second moments of the gradient are calculated as follows:{

mt = β1mt−1 + (1− β1) gt

vt = β2vt−1 + (1− β2) g2
t

(18)

where β1, β2 ∈ (0, 1) represent the decay rates for the first moment and second moment
estimates, respectively. To mitigate initialization bias, the following bias correction steps
are performed:

m̂t =
mt

1− βt
1

, v̂t =
vt

1− βt
2

(19)

Subsequently, a maximum value constraint is applied to the second moment estimate,
v̂max

t = max
(
v̂max

t−1 , v̂t
)
. This step normalizes the update size using the historical maximum,

effectively preventing increases in step size caused by a diminishing denominator. Finally,
the updated phase is expressed as

ϕ′t+1 = ϕt − γ

(
α− m̂t√

v̂max
t + ε

)
(20)

where α denotes the learning rate, and ε is a small constant added for numerical stability
to prevent division by zero. The parameter γ represents the step size factor, which varies
with the iteration count. Since the specific choice of step size directly impacts both the
convergence of the SGD algorithm and the reconstruction quality of the CGH, a detailed
discussion is presented in the next section. Furthermore, phase constraints are incorporated
into the SGD algorithm to prevent the optimized phase profile from deviating significantly
from the smooth and continuous geometric initialization, as illustrated in Figure 2. At the
end of each iteration, the phase difference between the updated phse and the previous phase
is calculated using ∆ϕ = ϕt + mod

(
ϕ′t+1 − ϕt + π, 2π

)
− π. This operation constrains the

phase difference within the interval [−π, π], effectively suppressing large phase jumps and
preventing abrupt transitions. Then, we calculate the deviation between the updated phase
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and the geometrically derived initial phase, applying a Gaussian filter to the result. The
introduction of this Gaussian kernel serves to smooth high-frequency nosie and suppress
speckle effects, ensuring a continuous phase update. The final updated phase is expressed
as ϕt+1 = ϕrec + conv(∆ϕ − ϕrec, G). By repeating this iterative process, we ultimately
obtain the optimized phase distribution capable of accurately reconstructing the desired
optical field.
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Figure 2. SGD optimization process.

The diffraction reconstructions in Figure 3 illustrate the trade-off between phase profile
smoothing and effective étendue, as controlled by the Gaussian kernel size. With a small
kernel (σ = 0.3), the phase retains more high spatial frequency content, so the reconstructed
field preserves sharper edges and finer features of the target, consistent with a broader
synthesized angular spectrum and better utilization of the SLM bandwidth. Increasing the
smoothing to σ = 1, the image becomes worse, fine structures are partially washed out, and
the reconstruction shows more pronounced low-frequency background modulation. When
the kernel is further enlarged (σ = 3), most high-frequency information is suppressed, and
it leads to a strong loss of detail, reduced contrast, and an overall blurred reconstruction.
In other words, stronger phase smoothing improves phase continuity, but it narrows the
effective spatial frequency support of the hologram and degrades reconstruction fidelity,
which is especially detrimental for high-detail operation.

0.3σ = 1σ = 3σ =

Figure 3. The reconstructed field distribution with different kernel sizes.

2.3. Objective Metrics

To evaluate the quality of the reconstructed image, we employ the structural similarity
index measure (SSIM) and peak signal-to-noise ratio (PSNR) as objective metrics [31,32].
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Given the intensity value IASM in the reconstructed image and the intensity value Itar in
the desired image, the SSIM is defined as

SSIM(IASM, Itar) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(21)

where µx and µy are the average values of the intensity IASM and Itar, and σx and σy are the
variances of the intensity; σxy is the sample covariance, and c1 and c2 are small constants
that prevent instability when denominators are near zero. The SSIM value considers
changes in structural information, luminance, contrast, and texture, and its value lies in
[−1, 1], with larger values indicating closer similarity. The PSNR presents the error on a
logarithmic scale:

PSNR = 10 · log10

(
MAX2

val
MSE

)
(22)

where MAXval is the maximum pixel value of the reconstructed image, and MSE denotes
the mean squared error between the constructed and original pixel values.

3. Experimental Results and Discussion
We compare the iterative performance and final phase distributions of the GS algo-

rithm, the standard SGD algorithm, and our proposed modified SGD algorithm. These
comparisons are illustrated in Figure 4.
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Figure 4. Simulation results’ comparison. (a) Zero phase under three different algorithms. (b) Smooth
phase under three different algorithms. (c) Adaptive factors of modified SGD under three different
algorithms. (d) Final phase map obtained by three different algorithms.

Figure 4a compares the convergence performance of the modified SGD, standard SGD
and GS algorithms for CGH optimizations. When the CGH iteration starts from a flat phase
(ϕ = 0), the initial reconstructed field is usually far from the desired target. As a result, the
early iterations spend more iteration on calculating the correct spatial frequency content,
so the RMSE value begins at a relatively large value and decreases more gradually. In
contrast, using a calculated smooth phase as the starting point provides a much better
initialization, as shown in Figure 4b. This is because the smooth phase already encodes
an approximation of the target wavefront, and the initial reconstruction is closer to the
desired image. Therefore, all three algorithms begin with a smaller initial error and present
a faster drop in the error curve in the iteration process. In both Figure 4a,b, the modified
SGD algorithm and GS algorithm exhibit nearly identical convergence rates, indicating
comparable optimization speed. However, the GS algorithm converges to a higher RMSE
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value, suggesting that it reaches a suboptimal solution with limited reconstruction accuracy.
In contrast, the modified SGD algorithm achieves a final reconstruction quality comparable
to standard SGD while maintaining GS-like convergence speed. These results indicate
that the modified SGD algorithm preserves the high-quality reconstruction of SGD but
significantly accelerates convergence, effectively combining the strengths of both methods.
Figure 4c investigates the impact of different factor values on the convergence efficiency
and image quality. When γ is set to 1, the algorithm exhibits a slower convergence rate,
resulting in a suboptimal final RMSE after 50 iterations. Increasing the factor (γ = 2, 3)
accelerates the descent speed, and the error is further reduced. However, as γ is increased to
4 or 5, the initial convergence is rapid, but the excessive step size results in a higher RMSE.
To address this, we implemented a dynamic adaptive factor that decreases as iterations
progress. As shown by the purple curve, this approach achieves an initial convergence
speed comparable to the γ = 5 setting, yet it stabilizes at the lowest RMSE. Therefore, by
dynamically adjusting the adaptive factor, the proposed method effectively balances rapid
convergence with high-precision reconstruction, avoiding the pitfalls of fixed step sizes.
Figure 4d illustrates the final optimized phase maps for the three algorithms. Compared
with the other two final phase maps, the phase map optimized by the modified SGD
maintains the smooth and continues characteristics of the initial refractive surface. This
preservation can reduce phase abruptions and discontinuities, which is important for
suppressing noise and stray light in the reconstructed image. In contrast, the phase maps
generated by the standard SGD and GS algorithms exhibit more high-frequency noise
and transitions.

Then, we present the simulated results for two distinct examples; one is a binary
amplitude image, and the other is a grayscale continuous image, as shown in Figure 5.
Specifically, Figure 5a presents the results when all algorithms start from a zero phase
initialization, whereas Figure 5b reports the results when all algorithms start from the
calculated initial phase derived from the refractive surface. In both groups, all methods
are run under the 50 iterations. It can be observed that the standard SGD algorithm fails
to converge effectively within the limited time and exhibits significant deviation from
the ground truth. The GS algorithm manages to stabilize within 50 iterations, and its
reconstruction quality is inferior to the proposed method. According to the zoomed-in
regions, the GS results are degraded by visible noise artifacts and speckle. However,
the adaptive SGD reaches a stable solution and achieves consistently higher SSIM and
PSNR than GS and standard SGD. Moreover, by comparing results shown in Figure 5a,b,
we find that using the calculated refractive surface phase for initialization improves the
reconstruction metrics for all three algorithms to different extents.

Finally, the proposed method is used in an autofocusing holographic system. The
optical schematic is illustrated in Figure 6. The 532 nm laser serves as the coherent light
source. The beam is initially expanded and collimated by a beam expander to ensure
uniform illumination. An aperture is used to control the size of the beam, so the spot fits
the SLM’s active area. A polarizer is used to set the polarization of the incident beam, since
only the polarization component aligned with the SLM’s working axis can be effectively
modulated. The polarized beam transmits through a beam splitter and illuminates the
reflective SLM. The resolution is 1920 × 1080, and the pixel size is 6.4 um. The modulated
wavefront is reflected back to the beam splitter and redirected toward a CMOS camera.
Line 1 orders the SLM to load the optimized phase map, and Line 2 orders the CMOS to
capture images. Furthermore, a Tobii X2-30 eye tracker is integrated into the system to
detect the direction of the observer’s gaze, enabling real-time gaze-contingent autofocusing.
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Figure 5. Comparison of several CGH algorithms in simulation. (a) Zero phase as the initial value.
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Figure 6. Schematic of the experimental system.

The autofocus procedure is detailed in Algorithm 1. To efficiently locate the optimal
focal length within the range dmin, dmax while minimizing the number of iterations, we
employ a hybrid strategy combining a global coarse search with a fine search based on
parabolic interpolation. Initially, the global coarse search scans the designated range to
identify the discrete focal length, which yields the highest PSNR value. Subsequently, a
fine search is initialized around this current estimate using three adjacent focal points.
These measurements are fitted to a second-order polynomial. By analyzing the polynomial
coefficients (a, b, c), the algorithm determines the curve; if the parabola is concave, its vertex
fnew = −b/2 ∗ a provides a continuous estimate of the focal length that maximizes the
PSNR. Conversely, if the fit is not concave, the algorithm falls back to the best of the three
discrete sampled points. This interpolation process is repeated for several iterations to
ensure convergence to the precise optimal focus value.
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Algorithm 1: Autofocus program

Data: dmin, dmax, step : Search range and step size parameters.
psnr_cal(.): PSNR calculation function.
ϵ: Eye position threshold.
t: Sampling interval of the eye tracker.
camera_c(.): capture images for CMOS.
idx(.):return the max value index.
δ:interval for focus.
poly f it(.), coe f f (.): fit function and get coefficients.

Result: fopt:optimal focus.
1 L← [dmin, step, dmax] ; // Global coarse search
2 for i← 1 to length(L) do
3 d← L(i);
4 img← camera_c(d);
5 psnr1(i)← psnr_cal(img);
6 end
7 dopt ← idx(psnr1) ; // Fine search via parabolic interpolation
8 for j← 1 to iter do
9 f ← [dopt − δ, dopt, dopt + δ];

10 for l ← 1 to 3 do
11 d← f (k);
12 img← camera_c(d);
13 psnr2(k)← psnr_cal(img);
14 end
15 y← poly f it( f , psnr2);
16 (a, b, c)← coe f f (y);
17 if a ≥ 0 then
18 fnew ← idx(max(psnr2));
19 else
20 fnew ← −b/(2 ∗ a);
21 end
22 dopt ← fnew;
23 end

Figure 7 demonstrates the two-step autofocus results for two images. The camera is
fixed at a distance of 0.5 m to capture the holographic reconstructions. The autofocusing
system’s process is divided into two distinct stages according to Algorithm 1. The system
first scans a wide range of focus from 0.2 m to 1.0 m. In the first row in Figure 7a, at
d = 0.20 m and d = 1.0 m, the images are significantly defocused and blurry with low
contrast. The visual quality improves as the distance approaches the center. The system
identifies the optimal focal position from 0.40 m to 0.60 m. Then, the system switches to a
fine search algorithm and converges effectively, determining the optimal focus parameter
(d = 0.51 m). The final image has high contrast and clear edges, indicating that the phase
map loaded onto the SLM matches the camera position. In Figure 7b, the system also yields
the sharpest reconstructions.
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Figure 7. The autofocus process. (a) Binary image. (b) Grayscale image.

4. Conclusions
In this study, we present an autofocus system based on an eye tracker device. By

combining the advantages of refractive and diffractive beam shaping, we calculate a
good start point for the CGH algorithm. We refine the SGD algorithm and introduce an
adaptive step factor to increase the calculation efficiency. Compared to the standard SGD
algorithm, the modified SGD algorithm exhibits four times higher computational efficiency.
Furthermore, due to the constraints of the modified SGD algorithm, the smoothness of
the diffractive surface profile reduces noise in the reconstructed field. The effectiveness
of our proposed method is demonstrated herein by simulation and experimental results.
The system finally calculates the optimal focus of the phase map. We hope that the eye
tracker-based autofocus system will contribute to AR/VR technologies.
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