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In this work, we demonstrate a high-performance binary amplitude hologram generation method and verify its
performance with an experimental holographic projection scheme based on binary amplitude modulation by
means of a digital micromirror device. The proposed method consists of a subsampling procedure applied to a
target scene prior to hologram generation with binarized stochastic gradient descent (B-SGD). In combination
with temporal multiplexing, this approach leads to holographic reconstructions with significantly improved

quality when compared to direct application of the B-SGD and other common binary amplitude hologram
generation methods. Furthermore, our proposal achieves this improved quality with nearly the same computa-
tional speed as the conventional B-SGD. Numerical results confirm the validity of our proposal, and an experi-
mental holographic projection scheme is implemented to demonstrate its feasibility.

1. Introduction

Since the first demonstrations of computer-generated holography
(CGH) by Brown & Lohmann in 1966 [1], the potential of this technique
for high-performance, high-fidelity display applications, and precise
control of optical fields has been evident. Thanks to significant research
and the rapid advancements in high-performance computing and spatial
light modulation, CGH has found applications in many fields such as
optogenetics [2-4], optical trapping [5,6], and visualization [7,8], to
name a few.

CGH generation consists in calculating backward propagation of
light from a virtual scene to a defined plane. The field in this plane is the
computed hologram. Depending on the complexity of the scene and the
target application, this computation can be very time-consuming, and
the resulting hologram is usually a complex-valued function. From this
hologram, a 3D scene can be numerically reconstructed by propagating
the hologram. However, for many of the mentioned applications of CGH,
experimental reconstruction of computed holograms is required. This
imposes a critical limitation: there is no direct method to achieve
complex light modulation for introducing a complex CGH into an
experimental setup. In practice, programmable spatial light modulator
(SLM) devices are used to experimentally reconstruct CGHs. However,
these devices are restricted to either phase-only or amplitude-only
modulation. Furthermore, they present limited resolution and
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relatively large pixel sizes. This significantly limits the size and quality
of the CGHs that can be experimentally reconstructed. Furthermore,
encoding a scene into a phase-only or amplitude-only hologram requires
specialized algorithms with increased computational cost compared to
complex CGH generation, and typically results in lower quality. This is
because a phase-only or amplitude-only hologram generally can only
produce an approximation of the target scene. Thus, in most cases, CGH
techniques face a trade-off between reconstruction quality and compu-
tation speed.

Most research efforts in CGH have been directed towards generation
of phase-only holograms. This is because phase modulation offers su-
perior diffraction efficiency compared to amplitude modulation. The
most well-known approach for phase-only hologram generation is the
Gerchberg-Saxton (GS) algorithm [9], an iterative projection method
where the phase connecting an input plane and its Fourier transform
plane can be calculated by imposing amplitude constraints in each
plane. This algorithm was later extended to calculation of Fresnel
phase-only holograms of 2D [10], 3D [11], and multiplane objects
[12-15]. Despite its broad usefulness, the GS algorithm and its varia-
tions are prone to stagnation, leading to holograms of limited quality.
On the other hand, improved phase CGH methods are based on opti-
mization algorithms like stochastic gradient descent (SGD) [16]. The
application of these optimization approaches to phase holography was
challenging due to the need for the calculation of gradients of
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complex-valued functions. However, the proposal of Wirtinger holog-
raphy [17], where gradient calculus is performed by means of Wirtinger
derivatives, has helped overcome this issue, leading to vastly improved
phase holograms.

Beyond these iterative approaches, there is also a broad range of non-
iterative phase-only hologram generation methods, each with its own
limitations. A broadly used approach is double-phase holography [18],
where a complex hologram is encoded into two interleaved phase-only
holograms. This approach offers good quality, with the drawback of
halving the effective resolution of the hologram. More recently, a similar
approach named binary amplitude encoding has been proposed, offering
improved performance and diffraction efficiency, and replacing the
resolution trade-off with localized noise dependent on the aspect ratio of
the hologram [19]. Another approach is based on the optimization of
carrier waves, such as the use of optimized random phases [20,21] or
quadratic phases [22,23]. In these approaches, the target scene is illu-
minated with a specially tailored wave to ensure that the result after
backpropagation is as close as possible to a phase-only hologram. The
application of these methods depends on the characteristics of the scene,
which limits their usefulness. Another method to quickly and accurately
obtain phase holograms relies on the use of deep learning approaches
[24]. These methods usually require many holograms obtained through
a conventional approach to train convolutional neural networks. How-
ever, once training is completed, they can produce high quality holo-
grams with significantly reduced computation time compared to
conventional algorithms. Furthermore, the characteristics of the exper-
imental setup can be included during training by means of a
camera-in-the-loop setup [25], leading to some of the best holographic
reconstructions experimentally demonstrated to date.

Nevertheless, the use of phase-only SLMs has significant drawbacks.
High-performance phase-only SLMs are typically liquid crystal on silicon
(LCOS) devices [26], which have slow response times, with frame rates
limited to 60 Hz, and at most 180 Hz in some of the most advanced
devices. Additionally, they are relatively costly, and as the pixel size
becomes smaller, they suffer from pixel crosstalk, which represents a
barrier to many applications. To overcome these issues, there has been
growing interest in the usage of digital micromirror devices (DMDs)
instead of LCOS-SLMs. DMDs are a type of micro-electromechanic sys-
tem (MEMS) consisting of arrays of millions of micrometer sized mirrors
that can pivot at high speeds between two positions. This movement
enables binary amplitude modulation of the incoming light. DMDs offer
significantly lower cost compared to LCOS-SLMs, often by an order of
magnitude for similar resolution and pixel size, have framerates in the
range of tens of kilohertz, and do not suffer from pixel crosstalk. These
advantages have led to DMDs being used in a wide range of light pro-
cessing applications, particularly in video projectors [27], fringe pro-
filometry 3D scanners [28-31], beam shaping [32,33], and in
holography [34-37].

However, binary amplitude modulation imposes a challenging
constraint on CGH algorithms: it not only suffers from the comparatively
lower efficiency of amplitude modulation, but it also introduces the
effects of maximum quantization due to only two effective amplitude
levels. Due to these issues, binary amplitude hologram (BAH) generation
methods have received relatively less attention compared to phase CGH
methods. An initial approach to BAH generation consists of the direct
quantization of either phase or amplitude holograms [38,39]. This
approach usually leads to significantly degraded reconstructions due to
the introduction of strong quantization noise. To mitigate this issue,
several different binarization methods have been studied to determine
the best approach. Furthermore, although the direct binarization in-
troduces severe noise, it can also be applied to optimized phase holo-
grams and partially preserve their increased quality over non-optimized
holograms [40]. Nevertheless, this approach has limited effectiveness
due to the presence of noise but has the advantage of very fast calcu-
lation. As a method to produce higher quality BAH, we find direct binary
search (DBS) [41]. In DBS, an initial random binary amplitude is
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propagated, emulating the reconstruction calculation of a CGH. Then, a
quality metric between this reconstruction and the target scene is
calculated. Afterwards, a pixel in the random binary amplitude is
switched in value, and the reconstruction is recalculated. If the quality
metric improves (i.e., the reconstruction is closer to the target scene),
the value of the changed pixel is retained, and a new pixel is tested.
Otherwise, the change in value is reverted before moving to the next
pixel. This process is repeated until all pixels in the initial hologram are
tested, and it is iteratively repeated several times until the desired
quality is achieved. This approach can find the BAH that best approxi-
mates a target scene after reconstruction, but it is extremely slow. Some
works have found methods to improve the convergence of DBS by means
of block-wise processing [42] and altering the order in which pixels are
processed [42,43]. However, the slow computation remains a significant
limitation of these approaches.

Another useful method for generating BAH is error diffusion [44,45].
In this approach, a complex or amplitude hologram of a scene is
binarized, and the error in the first pixel between the hologram before
and after binarization is calculated. This error is distributed to the
neighboring pixels by means of set of weights. The calculation is then
repeated for the next pixel until the entire hologram is processed. Error
diffusion requires significantly less computation time than DBS. How-
ever, it introduces high-frequency noise in the reconstruction that limits
the effective size of the target scene. Several proposals have been made
to improve the performance of error diffusion for BAH generation, by
calculating optimal weight factors [46], or by using a specifically
tailored carrier wave [47]. More recently, a binarized stochastic
gradient descent (B-SGD) BAH generation method was proposed by Lee
et al. [48]. The main roadblock to applying an SGD approach to BAH
generation was the fact that a binarization operation is, by definition, a
non-derivable function. This meant that calculating the gradients
needed by the SGD optimization was not possible directly. Lee et al
solve this problem by replacing the undefined derivative of the sign
operation, used for binarization, with a hard hyperbolic tangent func-
tion. This enables B-SGD, where an amplitude hologram is optimized to
minimize the loss in the reconstruction before and after binarization.
This approach shows very high-quality and faster computation
compared to DBS and enables the use of a broad range of techniques
previously developed for SGD generation of phase-only holograms.

However, despite the effectiveness of this approach, the maximum
quality that can be achieved is still well below that of state-of-the-art
phase-only hologram generation methods such as Wirtinger hologra-
phy. For this reason, the authors of the B-SGD proposal still recommend
the application of temporal multiplexing for speckle reduction. In ho-
lographic display applications, temporal multiplexing is a technique
where several different holograms of the same target scene are projected
sequentially, and the resulting reconstructions are averaged [49]. If the
initial conditions used for hologram generation are different in each
case, each reconstruction will present statistically independent speckle
noise that will be averaged with this process, resulting in a speckle
reduction proportional to the number of multiplexed holograms. Tem-
poral multiplexing is effective; however, it demands additional
computation time due to the need for the calculation of several holo-
grams for each scene to be projected. This method also demands a fast
SLM to ensure that the projection of each hologram is performed at a
sufficient speed to be averaged by the user or recording medium. The
B-SGD was demonstrated experimentally using a ferroelectric
phase-only SLM configured for binary amplitude modulation by using
adequate polarization. Ferroelectric SLMs are capable of frame rates of
up several hundred Hz, faster than LCOS, but significantly slower than
DMDs. This means that the full performance of the B-SGD on a true bi-
nary amplitude modulator such as a DMD, has yet to be tested.

Taking into account the previously discussed points, we propose an
improved approach to synthetizing and displaying scenes using BAH.
This method, called subsampling binarized stochastic gradient descent
(SSB-SGD), involves dividing the target scene into multiple subsamples,
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Fig. 1. Flowchart of the GS method for BAH generation (X and Y: target amplitude size; Lx and Ly: object size; Wx: distance from the center of the target amplitude to
the center of the object; FT: Fourier transform; IFT: inverse Fourier transform; C1 and C2: applied constraints in during steps 2 and 4 of the B-GS algorithm; B(x):

thresholding function).

each containing information from different pixels of the same scene. The
BAH of each subsample is generated independently using the conven-
tional B-SGD. After reconstructing the BAHs of all subsamples and
applying temporal multiplexing, a significant increase in quality over
the direct application of B-SGD with temporal multiplexing is achieved.
This improvement arises because the sampling process in SSB-SGD en-
hances the convergence of the B-SGD algorithm and introduces a sepa-
ration between pixels in the reconstructed object, thereby reducing
speckle noise. Additionally, we implement a holographic projection
setup based on a DMD to further validate and experimentally confirm
the effectiveness of our proposed method.

2. Binary amplitude hologram generation methods

To demonstrate the advantages of our proposal compared to several
well-known CGH methods, we will first introduce two common algo-
rithms used for BAH generation. Then, we will explain the B-SGD, and
finally, we will introduce our proposal. The first, and most straightfor-
ward method, is a threshold binarization of a random phase hologram.
We will refer to this method as binarized one-step phase retrieval (B-
OPR). This approach, while presenting the lowest overall accuracy, is
notable for its computational simplicity. The algorithm is executed as
follows

1. A target amplitude with dimensions X x Y is defined. This amplitude
is a zero-valued array where the target object with dimensions Lx x
Ly is placed at a distance Wx from the center.

2. The target amplitude is multiplied by an initial random phase.

3. The inverse Fourier transform (IFT) of the previous result is calcu-
lated to obtain the corresponding optical field in the hologram plane.

4. The amplitude information of the field in step 3 is discarded, pre-
serving the phase.

5. The phase obtained in step 4 is converted into a BAH using direct
global thresholding binarization with the following equation

0 if O<x§rz} o)

By(x) = {1 if m<x<2rm

where the phase is in the range [0,27]. Several thresholding methods can
be employed to generate a hologram at this step. For example, Pavel
et al. [50] performed a comparative study of the different approaches to
hologram binarization. The expression of Eq. 1 was selected since it
represents the most straightforward approach to phase binarization
within range [0,27], effectively avoiding the need for iterative analysis of
the phase histogram or the computationally intensive calculations
involved in other binarization methods.

Although this algorithm can generate BAHs, its effectiveness is
limited due to significant amounts of speckle noise affecting the recon-
structed object, mainly caused by the binarization process. The primary
value of this approach is to offer a baseline for comparison with more
effective methods, and in cases where the visual quality of the recon-
struction is not as critical as fast computation.

The next common approach for BAH generation is based on the
threshold binarization of a Gerchberg-Saxton optimized phase-only
holograms [9,51]. We will refer to this approach as binarized
Gerchberg-Saxton method (B-GS). Its steps are described below

1. An initial field in the hologram plane is obtained by following steps
1-3 of the B-OPR algorithm described previously.

2. The first amplitude constraint (C1) is applied to the field in the ho-
logram plane, by replacing the amplitude obtained in step 1 with a
constant value while preserving the phase.

3. A Fourier transform (FT) is applied to the field resulting from the
previous step, obtaining the field in the reconstruction plane.
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logram plane pixel coordinates, [k, IJ: reconstruction plane pixel coordinates.

4. Asecond constraint (C2) is applied, by replacing the amplitude in the
reconstruction plane with the target amplitude while preserving the
phase.

5. The IFT of the result of the previous step is calculated, obtaining once
again the field in the hologram plane. Steps 2-5 are repeated itera-
tively, leading to a better approximation of the target amplitude in
each iteration.

The GS cycle continues until a quality metric measured between the
object region in the amplitude-approximated reconstruction and the
target object reaches a level that satisfies a predetermined standard.
After finalizing these iterations, the resulting phase in the hologram
plane is extracted and converted into a BAH using the thresholding
operation shown in Eq. 1. The scheme of this approach can be seen in
Fig. 1.

The B-GS produces BAHs that can be reconstructed with significant
lower speckle noise than the reconstructions from BAHs obtained with
B-OPR. The reason for this higher effectiveness is that the B-OPR is
essentially the same algorithm as the B-GS with a single partial iteration,
meaning that no significant phase optimization is achieved.

However, there is still noticeable degradation. For this reason, to
further improve the performance of BAH generation, Lee et al. intro-
duced a high-performance binary hologram optimization framework
that minimizes the quantization noise introduced when an amplitude
hologram is binarized [48]. This approach is called binarized stochastic
gradient descent (B-SGD).

In B-SGD, an initial amplitude hologram corresponding to a given
target object is binarized using the signum (or sign) operation. This
amplitude hologram can be obtained by means of sideband encoding.
This can be achieved by following the first three steps of the B-OPR al-
gorithm, as previously described. The real part of the resulting field in
the hologram plane can be used as an amplitude hologram of the desired
target amplitude.

After binarizing this amplitude hologram, the mean square error
(MSE) loss function is calculated between the reconstructed object from
the hologram before and after binarization. SGD is then used to mini-
mize this loss, ensuring that the hologram reconstruction after binar-
ization closely matches the target amplitude.

To implement this optimization, an initial amplitude hologram
Ha(x,y) is defined, where x and y are the spatial coordinates in the
hologram plane. This amplitude hologram is converted into a BAH by
applying the signum function, defined as:
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1 ifx>1
Sgn(x) =< -1 if x< -1 2)
0 if x=0

The resulting BAH is then given by:
BAH(x,y) = Sgn(Ha(x,y)) 3

From this BAH, the reconstruction field is obtained via a Fourier
transform:

F(v,w) = FT(BAH(x,y)) “@

Here, v and w are coordinates in the reconstruction plane.

Subsequently, the B-SGD algorithm is applied to the generation of the
BAH in order to optimize Hx(x,y), such that the corresponding ampli-
tude of F(v,w) minimizes the loss function, given by

n m

(IF[k, 1] — Alk, 1)° 5

1
L= —
s nm

=0 [=0

Here, k and [ are pixel coordinates in the reconstruction plane, Ak, ]
represents the target amplitude to be reconstructed from the hologram,
and m x n is the hologram resolution. To minimize this loss, SGD cal-
culates the gradient of Eq. 5 for the initial amplitude hologram obtained
through sideband encoding. Then, during each iteration of the SGD
optimizer, the amplitude hologram is updated according to the
following equation

oL

k _ k-1
HA 7HA 70@

(6)

where k is an iteration counter, and «a is a parameter that controls the
magnitude of the modifications performed upon H4 during each itera-
tion, commonly known as the learning rate. A very high learning rate
can cause overshooting the H, that minimizes the loss, while a low
learning rate may require many iterations to achieve the desired opti-
mization.

The primary limitation of the conventional SGD method applied for
BAH generation is that the signum operation has zero gradient at all
points except at zero. Consequently, the partial derivative component of
Eq. 6 becomes zero. This vanishing gradient prevents the adequate
updating of the amplitude hologram when applying Eq. 6. To avoid this
issue, Lee et al. [48] proposed the B-SGD method, which replaces the
gradient of the sign operation with the hard hyperbolic tangent function,
defined as

1 ifx>1
Hardtanh(x) = { -1 if x< -1 @)
x if-1l<x<l1

By using this definition when calculating the gradient of the loss, we
avoid the vanishing gradient problem and ensure an adequate operation
for BAH generation. For the numerical implementation of B-SGD,
modern programming languages have specialized libraries with a broad
array of optimizers based on the SGD. These optimizers adjust the
learning rate in Eq. 6 using additional hyperparameters, which are
updated at each iteration. Among them, adaptative moment estimation
(ADAM) is the most widely used [52]. In this work, although we
continue to refer to the BAH generation method with gradient descent as
B-SGD, we use an ADAM implementation for numerical calculations.

The B-SGD optimization significantly reduces the presence of speckle
noise in the reconstructed binary hologram. Fig. 2 illustrates the process
of using B-SGD to generate a BAH, which consists of the following steps:

1. During the forward propagation, the signum function is applied to
the amplitude hologram, assigning each pixel’s amplitude a value of
-1 (negative), O (zero), or +1 (positive). A FT is applied to the
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Fig. 3. Subsampling process to obtain the amplitude hologram tensor (IFT: inverse Fourier transform; Re(): real part of the complex field).

outcome and then squared to compute the intensity pattern, which
serves as the predicted hologram reconstruction.

2. The MSE is used as a loss function, as defined in Eq. 5, to quantify the
error between the forward propagation output and the target object.

3. The backward propagation employs the hard hyperbolic tangent (Eq.
7) function to compute gradients based on the loss function, facili-
tating a consistent gradient transition that is critical for subsequent
optimization.

4. The optimization process, using ADAM [52], updates the hologram
based on the insights gained from backward propagation, setting the
stage for the ensuing epoch.

This cycle is repeated across multiple iterations, progressively
enhancing the fidelity of the reconstructed object found in the amplitude
approximation to closely match the target object. Once this is achieved,
the sign function is applied to the final amplitude hologram to obtain the
BAH.

While B-SDG produces significantly improved results compared to B-
OPR and B-GS, the reconstructed object still maintains a degree of
speckle noise. To deal with the effects of this remaining speckle noise,
Lee et al. proposed the use of temporal multiplexing, averaging the
reconstruction of several BAHs obtained with B-SDG, each initialized
with different random phases, to achieve high-quality reconstructions.
Although this approach is effective, the need for several BAHs to
perform multiplexing increases the computational requirements of any

application using this methodology.

To further enhance the effectiveness of the B-SGD approach in sce-
narios where temporal multiplexing is required, we introduce a novel
alternative method which we call subsampling binarized stochastic
gradient descent (SSB-SGD). This approach divides the target object into
several subsamples to minimize the unwanted interference between
nearby points of the reconstructed object, which is one of the main
causes of speckle noise in holographic displays [53]. The SSB-SGD al-
gorithm proceeds as follows:

1. A comb function is generated with samples every N pixels in the X
direction and every M in the Y direction. A higher value of N x M
requires more subsamples, increasing computation time but also
leading to higher quality reconstructions after temporal
multiplexing.

2. The target object is sampled with this comb function, obtaining a
subsample. The comb is shifted one pixel in the X direction, and the
target object is sampled again. This process is repeated shifting the
comb function N times, and then the comb is shifted one pixel in the y
direction, repeating the sampling process until N x M subsamples are
obtained.

3. An amplitude hologram of each subsample is generated using side-
band encoding.
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Fig. 4. Computational reconstruction of binary amplitude holograms (SSIM: structural similarity index measure, PSNR: peak signal-to-noise ratio).

4. We construct a (N x M) x W x H tensor that contains the amplitude
hologram for each sub-sampled amplitude, where W xH is the
desired hologram resolution.

In Fig. 3, we show a flowchart illustrating how the initial amplitude
hologram tensor is obtained through these steps. We then employ GPU-
based parallel processing to optimize the entire tensor simultaneously,
using the same procedures described in steps 1-4 of the B-SGD algo-
rithm. Here, the loss function is computed as the sum of the MSE be-
tween the reconstruction of each M x N channel of the binarized
amplitude hologram tensor and the corresponding subsample amplitude
target for that channel.

It is worth noting that with SSB-SGD, the result of this process is a
tensor containing N x M BAHs, each corresponding to a subsample of
the target, unlike B-SDG which reconstructs the entire amplitude with a
single hologram. Thus, to obtain the entire object, the BAHs of all in-
dividual subsamples must be reconstructed, which, in an experimental

implementation, requires temporal multiplexing.

This leads us to the key requirement of the proposed approach: as
with all temporal multiplexing holographic display methods, an
adequate reconstruction of the complete object can only be achieved if
the projection device operates at a sufficiently high speed to display the
BAH:s of all subsamples within a short time interval. For example, with
the parameters used in this work, achieving a display rate of at least 30
frames per second for complete objects while using 8 subsamples re-
quires a BAH projection device with a refresh rate of at least 240 Hz. This
exceeds the capabilities of most currently available phase spatial light
modulators (SLMs) and even LCD screens. However, it is feasible with
ferroelectric liquid crystal SLMs, digital micromirror devices (DMDs) as
used in this work, or with extremely high-end and costly phase SLMs.
Nevertheless, as we will show, when combining the reconstruction of
each of the holograms in the SSB-SGD tensor, the results significantly
surpass the quality of B-SDG reconstructions after applying temporal
multiplexing with the same number of BAHs.
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3. Numerical results

We now proceed to test the four distinct methods for generating
BAHs explained in the previous section: B-OPR, B-GS, B-SGD, and SSB-
SGD. For our simulations, the target amplitude and the corresponding
holograms have a resolution of 2048 x 1200 pixels. Likewise, we
establish a 560 x 560 resolution for the target object, positioned at a
distance of 70 pixels from the amplitude target’s edge. For the SSB-SGD,
the sampling is performed with N =4 and M = 2, leading to 8 sub-
samples. For the B-GS, B-SGD, and SSB-SGD methods, 100 iterations
were applied to obtain each result. For each result, we evaluate quality
by computing the structural similarlity index measure (SSIM) and peak
signal-to-noise ratio (PSNR) between the reconstructed object and the
target object.

The SSIM is a perceptually inspired image quality metric that eval-
uates the structural, luminance, and contrast similarity between two
images [54]. The SSIM between two images A and B is given by

After 20 iterations
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objects
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algorithm
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Fig. 6. Computational reconstruction of binary amplitude holograms with multiplexing (SSIM: structural similarity index measure, PSNR: peak signal-to-noise ratio).
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Fig. 7. Structural similarity index measure between O3 and the reconstructed
object from eight temporally multiplexed binary amplitude holograms gener-
ated with B-GS, B-SGD, and SSB-SGD.

Table 1
Computation time for generating one and eight BAHs of O3.

20 Iterations

B-OPR B-GS B-SGD SSB-SGD
1 BAH (s) 0.0528 0.5187 0.2198 0.2851
8 BAHs (s) 0.4062 3.8167 0.6199 0.6647

=
[7/]
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. |+B-OPR |
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Number of BAHs temporally multiplexed

Fig. 8. Structural similarity index measure between O3 and the reconstructed
objects from different number of multiplexed BAHs generated with B-SGD, B-GS
and B-OPR. The dashed line without marker represents the SSIM achieved when
multiplexing 8 BAH generated with SSB-SGD.
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Fig. 9. SSIM of the reconstructed object obtained after temporal multiplexing
of an increasing number of subsamples BAHs generated with SSB-SGD.
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(2uapp + C1) (2045 + C2)

8
(up® + ug* + C1) (04> + 05> + C2) ®

SSIM(A, B) =

where 1, and ug are the mean values of the image A and B, respectively;
o4 and op denote their standard deviations; 43 is their cross-correlation;
and C; and C; are small constants introduced to prevent unstable results
in the SSIM when (u,% + pp?) or (c4% + 052) are close to zero. An SSIM
of 1 means signifies perfect similarity between the two images.

The PSNR, on the other hand, is a quality metric derived from the
mean square error, that quantifies the absolute per-pixel differences
between the two images. It is commonly used to assess image degra-
dation caused by lossy compression, or other lossy image processing
techniques, making it well-suited for evaluating holographic recon-
struction quality. PSNR is given by

PSNR(A, B) = 20log,, ©)

where Iax denotes the maximum value of a pixel in the images being
compared, n x m represents the image resolution, and i and j are pixel
coordinates. For standard 8-bit images, like those used in this work, Iyax
is 255. A higher PSNR indicates greater similarity between the compared
images.

In Fig. 4, the reconstructions of three objects (01, O2 and O3) from
the BAHs generated with each method are shown. The reconstructions
derived from the B-SGD algorithm achieved the highest SSIM and PSNR
values, indicating superior structural fidelity and visual quality.
Conversely, objects reconstructed using the SSB-SGD algorithm show
lower quality, since they only correspond to a single subsample, not the
entire target object.

Nevertheless, it is important to highlight one of the main advantages
of using the B-SGD to generate the hologram of only a subsample of the
object: the overall convergence of the algorithm improves significantly,
resulting in a hologram of the subsample with higher accuracy.

Fig. 5 illustrates the behavior of normalized loss across different it-
erations of B-SGD when generating a BAH for a complete object—spe-
cifically, O3 from Fig. 4—compared to generating a BAH for a subsample
of that object. The results indicate a significantly greater loss reduction
when generating the BAH for the subsample, as opposed to the complete
object. This finding shows that generating BAHs for subsamples with B-
SGD not only reduces noise due to increased pixel separation but also
enhances the overall efficiency of the stochastic gradient descent opti-
mization process. This highlights the effectiveness of the SSB-SGD
approach. Based on these results, we find that 20 iterations of B-SGD
are generally sufficient to produce satisfactory results when generating
the hologram of a subsample. Therefore, unless otherwise stated, for all
other results in this paper we will apply 20 optimization iterations when
generating holograms for all methods where this is a necessary
parameter.

Since SSB-SGD with the applied sampling produces 8 holograms, a
correct measurement of its performance requires the averaging of the
reconstruction of all 8 BAHs [55]. This can be achieved by using tem-
poral multiplexing. To compare with the other three methods, specif-
ically B-OPR, B-GS, and B-SGD we use 8 different initial random phases
to produce 8 distinct BAHs of the same target amplitudes, and also
perform the averaging of the reconstruction from all holograms gener-
ated with each method. The results of this multiplexing test are shown in
Fig. 6. Here, it is evident that for all objects, our proposed SSB-SGD
method yields the highest SSIM and PSNR values, superior visual qual-
ity, and minimal noise in the reconstructed object, confirming the
effectiveness of our proposal.

Additionally, for each iteration, the SSIM value between the target
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Fig. 10. Additional examples of computational reconstruction of binary amplitude holograms using temporal multiplexing (SSIM: structural similarity index

measure, PSNR: peak signal-to-noise ratio).
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Fig. 11. Scheme for the experimental reconstruction of binary holograms (CS:
collimation system; L: lens; BS: beam splitter; DMD: digital micromirror device,
d1: lens focal length, equal to 12.5 cm).

object and the reconstructed object from the multiplexing of 8 BAHs is
calculated, as shown in Fig. 7. We observe that the reconstruction
quality improves as the number of iterations increases across all algo-
rithms. In the case of the B-GS, this increase is minimal after 4 iterations,
demonstrating its limited ability to produce high-quality BAHs. Both B-
SGD and the SSB-SGD significantly outperform B-GS as the number of
iterations increase beyond 3 and 8 respectively. Additionally, the SSB-
SGD method not only demonstrates higher SSIM values but also ex-
hibits a faster increase in quality, indicating a more effective optimiza-
tion process. The results shown in Fig. 7 were obtained only for 03, as
shown in Figs. 4 and 6. For all numerical results reported in this paper,
we used GPU computing with a NVIDIA RTX4090.

Moreover, Table 1 presents the computation time required for
generating a single hologram and for generating eight holograms for the
application of temporal multiplexing. This table shows that the fastest
algorithm for generating BAHs is B-OPR, but due to its deficiencies in
reconstruction, it cannot compete with the other analyzed methods. The
B-GS shows better quality than the B-OPR but is also inferior to the B-
SGD and SSB-SGD in both computation speed and quality. It is note-
worthy that the computation time for the B-SGD and SSB-SGD methods
is quite similar. This highlights the fact that our algorithm not only
delivers superior quality when temporal multiplexing is utilized but also
offers computation time comparable to that of the B-SGD algorithm.

To further validate the effectiveness of our approach, we assessed the
reconstruction quality by measuring the SSIM for temporal multiplexing
using more than eight BAHs generated with conventional methods (B-
SGD, B-GS, and B-OPR) and compared it to the quality achieved by
multiplexing eight BAHs generated with our proposed approach. In the
case of the B-GS, B-SGD, and SSB-SGD methods, 20 iterations were
applied to generate each hologram to be multiplexed.

The results of this test are presented in Fig. 8. As shown, even when
multiplexing up to 100 BAHs generated using B-OPR, the SSIM values
remain lower than those achieved by multiplexing only 8 BAHs gener-
ated with SSB-SGD. On the other hand, the conventional B-GS and B-
SGD can match or even exceed the SSIM values achieved with 8 BAHs
from SSB-SGD, but they require multiplexing 66 and 16 BAHs, respec-
tively, to achieve this. Generating these 66 BAHs with B-GS takes
approximately 27.4197 seconds, and generating 16 BAH with B-SGD
requires approximately 1.1814 seconds, compared to the 0.6647 sec-
onds needed to produce 8 BAHs with SSB-SGD (see Table 1). This means
that B-SGD requires nearly double the computation time, while B-GS
requires 41 times more computation time to achieve a quality compa-
rable to our approach. This underscores the significant advantage of the
SSB-SGD.

Now, we show how the performance of the SSB-SGD depends on the
number of subsamples of the object. To achieve this, we divided object
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03 from Fig. 4 and 6 into an increasing number of subsamples, ranging
from 4 to 20, and generated the corresponding BAHs using SSB-SGD.
Then, we calculated the SSIM between the multiplexing of all the
reconstructed BAHs and the target object.

The result of this test can be seen in Fig. 9. As expected, SSIM in-
creases as more subsamples are used. However, this advantage must be
balanced against the need to compute and multiplex an increasing
number of BAHs. In this work, eight subsamples corresponding to N=4
and M=2 are selected, as this choice provides a significant increase in
quality over the conventional SGD, while maintaining a manageable
number of subsamples to be reconstructed and temporally multiplexed.
In the next section, we will expand upon the experimental consider-
ations involved in selecting this number of subsamples.

As a final test, we numerically evaluate the general performance of
the SSB-SGD in comparison with the conventional SGD, the B-GS, and
the B-OPR across a broader variety of objects. This evaluation is con-
ducted using the same parameters as those employed in the results
presented in Fig. 6.

The results of this test are presented in Fig. 10, demonstrating that,
for all objects, our proposed SSB-SGD method achieves the highest SSIM
and PSNR values, along with superior visual quality and minimal noise
in the reconstructed objects. Furthermore, these results highlight the
generalizability of our method, which performs effectively for both bi-
nary patterns and grayscale images, thereby confirming the robustness
of our approach.

4. Experimental results

We now proceed to experimentally test our proposed hologram
generation method. To achieve this, we implemented a holographic
projection system based on a digital micromirror device, as shown in
Fig. 11. The setup involves the following components

1. A coherent laser source operating at a wavelength of 473 nm with an
output power of 150 mW. The beam undergoes expansion, collima-
tion, and filtering through a collimation system (CS) composed of a
spatial filter with a 60x microscope objective, a 25 um pinhole, and a
positive lens with a focal length of 12.5 cm.

2. For the projection of BAHs, a DLPLCR50XEVM DMD featuring a
resolution of 2048 x 1200 pixels and a pixel pitch of 5.4ym x 5.4um.

3. An additional positive lens (L) with a focal length of 12.5 cm is used
to perform the Fourier transform of the field reflected by the DMD in
order to reconstruct the object.

4. The objects reconstructed from BAHs, projected via the DMD, are
recorded using an IDS imaging U3-3800CP camera, which boasts a
resolution of 5536 x 3692 pixels and a pixel pitch of 2.4uym. An
integration time of 0.133 s is used for recording, averaging the
reconstruction of the projected holograms. The recorded objects
occupied an area equivalent to 338 x 338camera pixels in the
recording plane.

In this study, we aimed to minimize speckle in the experimental
reconstruction of objects by adopting a temporal multiplexing tech-
nique, which has been demonstrated to enhance reconstruction quality
both numerically and experimentally. This method involves the creation
of eight BAHs, which are then sequentially projected in the DMD at a
framerate of 16.1 kHz.

Here, we highlight additional motivations for selecting eight sub-
samples for SSB-SGD and eight BAHs for temporal multiplexing in the
other methods used in this study. The DMD has two modes of operation:
"pattern-on-the-fly" mode and "video pattern" mode. In "pattern-on-the-
fly" mode, the BAHs must be uploaded directly to the DMD’s internal
memory. This mode allows the full 16.1 kHz refresh rate but is limited to
a maximum of 400 preloaded BAHs. In contrast, in "video pattern" mode,
the BAHs are streamed to the DMD via an HDMI connection. In this
streaming mode, the DMD can receive a 60 Hz video signal, where each
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Fig. 12. Experimental reconstruction of binary amplitude holograms (SSIM: structural similarity index measure, PSNR: peak signal-to-noise ratio).

frame is composed of 24 binary patterns. Typically, eight binary patterns
are assigned to each color channel, resulting in a projection rate of 1440
Hz per pattern. This mode is particularly advantageous, as it removes
restrictions on the number of BAHs that can be projected, enabling ap-
plications such as color holographic video with no duration constraints.
Consequently, projecting multiples of eight BAHs is optimal, as it en-
sures maximum flexibility and compatibility with our specific DMD
configuration.

The experimental reconstructions from BAHs for various objects,
depicted in Fig. 12, illustrate that reconstruction using the SSB-SGD
algorithm consistently exhibit superior quality across all objects. Thus,
we experimentally confirm the numerical results, demonstrating that
the SSB-SGD method significantly enhances reconstruction quality when
combined with temporal multiplexing. This finding is supported by the
higher SSIM values reported in Figs. 6, 7, 8, 10, and 12, as well as in the
PNSR values of Figs. 6, 10, and 12 for both numerical and experimen-
tally evaluations, visually affirming the superiority of our approach over
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the B-SGD method. It is worth noting, that, while the experimental re-
sults show higher SSIM values compared to the numerical results, these
two cases should not be directly compared, due to the fact that the
experimental reconstructions were recorded with a lower resolution
than the numerical results.

5. Conclusions

In this work, we implement an approach based on subsampling the
target scenes, named SSB-SGD, which reduces speckle noise and
significantly improves quality in applications where temporal multi-
plexing of holograms is applied. Our proposal can achieve the same
reconstruction quality as B-SGD with nearly half the computation time
and half the number of temporally multiplexed holograms, or signifi-
cantly better quality with nearly the same computation time. Further-
more, we demonstrate the application of B-SGD to generate BAHs for
projection in an experimental holographic setup scheme based on binary
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amplitude modulation by means of a digital micromirror device.

Comparisons with other common BAH generation methods, such as
those based on the GS algorithm and on one-step phase retrieval, are also
presented. The effectiveness of our proposal is tested both numerically
and experimentally. All results confirm that the SSB-SGD offers the best
quality without a trade-off in computation speed, unlike most common
CGH methods. While further research is needed to extend the SSB-SGD
to generating holograms of 3D or multiplane scenes, it is worth noting
that the SSB-SGD has no limitations on the target object characteristics,
potentially simplifying this application. Additionally, a similar approach
to the SSB-SGD could also be effectively applied to the generation of
phase holograms with SGD.
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