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Abstract: Augmented reality (AR) microscopes assist users in analyzing microscopic specimens
by overlaying virtual information onto the captured images. Typically, this approach requires
continuous scene analysis and computational processing, which limits real-time performance
and introduces significant computational overhead. We introduce an all-optical alternative by
proposing a new phase optimization scheme integrated into AR microscopes. Our optimizations
rely on creating a precomputed library of phase maps for a spatial light modulator (SLM). Each
phase map is configured to selectively enhance a specific shape or size class in a scene, eliminating
per-frame computational requirements. Furthermore, by leveraging the inherent shift-invariant
property of Fourier optical systems, our phase masks maintain a selective augmentation of the
target object during in-plane translations within the field of view (FoV) without explicit tracking
algorithms. Our results demonstrate selective target highlighting based on object size or shape,
enabling continuous real-time observation in microscopy systems.

© 2026 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Optical microscopes remain essential for imaging microscopic structures because they are
simple, fast, and accessible. Limitations arising from sample complexity and user expertise pose
significant challenges in accurately identifying features within microscopic images. While digital
microscopes partially address this through screen-based observation, a critical need persists for
solutions that enable direct observation through eyepieces. AR microscopes address this challenge
by incorporating real-time computational information into optical images, improving detection
speed and accuracy [1,2]. Contemporary Artificial Intelligence (AI)-assisted AR microscopes [3]
rely on capturing microscope images, performing computational image analysis, and projecting
visual augmentations via microdisplays [4–6]. However, these camera-dependent architectures
introduce computational bottlenecks and latency. Consequently, there is a critical need for
computationally efficient AR microscopy architectures that maintain real-time performance.

First, we survey optical solutions that promise to overcome computational load and latency
[7], including optical correlators [8], Fourier-domain optical computing systems [9], and Optical
Neural Networks (ONNs) [10]. These systems perform mathematical operations through light
propagation, thus enabling high-speed, real-time optical computation capabilities and reducing
digital processing during observation. Among these optical computing systems, the VanderLugt
correlator [11,12] represents one of the most widely implemented architectures for real-time
pattern recognition. It operates based on a 4f optical architecture, where the input field is first
Fourier transformed, then modified at the Fourier plane using a correlation filter. This correlation
filter includes a reference target encoded as a Fourier-plane filter, enabling target detection by
producing sharp correlation peaks corresponding to pattern similarity [13]. Because optical
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correlators possess an inherent shift-invariance property, they are utilized in target detection,
recognition, classification, and tracking analysis [14,15]. Recent studies extend optical correlation
techniques to various optical information processing tasks. Joint transformation correlation
combined with ptychographic reconstruction is employed for image encryption and secure
image recovery [16], while holographic optical correlators integrated with deep-learning-based
reconstruction enable high-speed single-pixel imaging [17]. In contrast, the proposed framework
utilizes Fourier-domain optical processing to achieve selective target highlighting and real-time
augmentation in microscopy rather than image encryption or image reconstruction. In parallel,
advances in Computer-Generated Holography (CGH) [18] and SLM-based wavefront modulation
enable programmable manipulation of optical fields and spatial frequency spectra.

Inspired by these Fourier-domain optical processing principles, we introduce an all-optical
AR microscopy framework characterized by an SLM placed at the Fourier plane. Unlike
conventional optical correlators that generate correlation peaks for target recognition, our
approach exploits Fourier-domain optical processing to produce an augmentation response
(annular ring) around the target object. We optimize the phase masks using a forward model,
simulating our optical hardware. These phase masks modulate the wavefront of the input field
to generate an augmentation response optically, within the existing optical system, without
requiring an additional light source or a separate optical path for image overlay. The optimized
phase maps are stored in a precomputed library, enabling users to augment specific structures
by projecting the selected phase map onto the SLM in the Fourier plane [19]. Owing to the
inherent shift invariance gained by optimizing the phase maps in the Fourier plane, our method
enables selective highlighting of a specific target class without requiring digital object tracking.
Unlike conventional Fourier filtering techniques [20], our method does not affect the entire
spatial frequency spectrum of the input field. Instead, it enhances the visibility of selected
target structures compared to conventional observation, while preserving the content of the
remaining scene. To achieve this, we optimize the phase maps using a dark-field amplitude
sample. This sample transmits light only through predefined microscopic shapes. We explore
three proof-of-concept cases: (1) object highlighting, where we augment circular objects of
common size (30 µm); (2) size-based selective object highlighting, where the phase map targets a
specific diameter among circular objects; and (3) morphology-based selective object highlighting,
where it focuses on augmenting one geometric shape among various objects, e.g., (circle, triangle,
and square). Our work advances three key areas within AR microscopy: camera-feedback-free
optimization, real-time optical highlighting of translated targets using a precomputed phase
mask method, and experimental validation across object, size-based, and morphology-based
highlighting tasks.

2. Methods

2.1. Optical setup

The schematic of our optical setup is shown in Fig. 1. We collimate a 655 nm laser using lens
L1 (Thorlabs LA1131-A, fL1= 50 mm). The collimated beam passes through a linear polarizer
aligned with the SLM’s (Thorlabs EXULUS-HD1, 1920×1080 pixels, 6.4 µm pixel size) phase
modulation axis. The laser beam then illuminates the sample on a microscope (Zeiss Axio
Observer 7). The sample substrate consists of a #1.5 coverslip with a 100 nm sputtered gold
layer. Geometric patterns are formed by etching the gold layer via a laser ablation microscope
(Zeiss PALM LMD). The beam transmits through a 10X/0.45 NA microscope objective. This
microscope objective is followed by a tube lens (L2) and a folding mirror. The intermediate image
plane is sized to match the camera’s (Basler acA1920-155um, 1920×1200 pixels, maximum
frame rate of 164 fps) exit window. This aperture prevents aliasing from subsequent elements.
The intermediate image plane is optically conjugated to the camera image plane. For this,
the beam from the intermediate image plane first passes through a beam splitter (Thorlabs
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BS013) and a lens (Thorlabs LA1256-A, fL3=300 mm). The SLM is positioned at the focal
distance from the lens (L3). Direct reflection from the SLM front surface generates an undesired
zeroth-order component at the camera plane. In order to spatially separate the diffraction orders,
a blazed grating phase (ψ(x, y)) is added to the SLM phase pattern. In conventional SLM-based
holographic systems, an additional 4f spatial filtering stage with a Fourier-plane aperture is
commonly used to isolate the first diffraction order. In our approach, we achieve an equivalent
filtering effect through the combined use of a blazed grating, an intermediate image plane
aperture, and a physical SLM tilt. The SLM is tilted such that the first diffraction order shifts onto
the camera Region Of Interest (ROI) while the undesired zeroth order is displaced outside the
detection region. We determine the tilt angle of 1.16° according to the diffraction angle generated
by the blazed grating. This configuration enables effective order selection and suppression
without introducing additional optical components.

Fig. 1. a) Schematic presents our optical setup including L1: Collimation lens, P1: Polarizer,
MO: Microscope objective, L2: Tube lens, BS: Beam splitter, L3: Fourier lens, SLM: Spatial
light modulator, ϕ(x, y): Adaptive phase, ψ(x, y): Blazed grating phase, M(x, y): SLM phase.
b) Photograph of the experimental setup. See Visualization 1 for an overview of the setup
from different angles.

https://doi.org/10.6084/m9.figshare.32841446
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2.2. Forward model

SLM phase patterns are optimized using a forward model that simulates the optical setup as
shown in Fig. 2. This forward model represents propagation from the intermediate image plane
to the camera plane, implemented as a 4f system. From the intermediate image plane, the input
light field Uin(x, y) propagates through free space via the angular spectrum method:

Up1(x, y; z) = F −1
(︂
F (Uin(x, y, 0))H(fx, fy; z)

)︂
, (1)

H(fx, fy; z) = exp
(︃
ikz

√︂
1 − (λ fx)2 − (λ fy)2

)︃
, (2)

where F refers to the two-dimensional discrete Fourier transform, H(fx, fy; z) is the transfer
function, k = 2π/λ is the wavenumber, λ is the wavelength of the light, and z is the propagation
distance. The propagated field is modulated by a quadratic phase L(x, y), which represents a
thin-lens phase function as shown,

L(x, y) = exp(−i
k
2f
(x2 + y2)), (3)

UL = Up1(x, y)L(x, y), (4)

where f represents the focal length of the lens (L3). The modulated field then propagates to the
SLM plane, forming Up2(x, y). At this plane, the Up2(x, y) field is imposed by an optimizable
phase map M(x, y). This phase map contains an adaptive phase ϕ(x, y) combined with a blazed
grating phase ψ(x, y) that is introduced in the SLM plane as shown,

UM(x, y) = Up2(x, y)M(x, y), (5)

M(x, y) = exp(i( ϕ(x, y) + ψ(x, y))) . (6)

Following phase modulation, the field propagates to the camera plane, where the resulting output
field and its corresponding intensity distribution are denoted by Uout(x, y) and I(x, y), respectively.
In the numerical simulations, the propagation distance is set to 300 mm, corresponding to the focal
length of the lens (L3). The spatial sampling interval is set to 6.4 µm, corresponding to the SLM
pixel pitch. Intermediate-plane images (1180×1180 pixels, 5.86 µm pixel pitch) are resampled
to match the SLM pixel pitch 6.4 µm. The optimization employs a loss function that combines
pixel-wise Mean Squared Error (MSE) [21] with Total Variation (TV) [22] regularization between
the output intensity distribution and the ground-truth distribution t(x, y) as shown,

ϕ̂← arg min
φ
L
(︁
I(x, y), t(x, y)

)︁
, (7)

L = LMSE + LTV. (8)

Before loss computation, both the intensity distribution and the target distribution are normalized
by their maximum intensity values to maintain a comparable dynamic range during optimization.

In the dark-field configuration, the phase-only SLM operates by redistributing the incident
light field. Additionally, our augmentation process relies on generating an annular ring around
the target object. In our implementation, we realize that the algorithm prioritizes minimizing
the error in the object while neglecting the intensity of the annular ring. For this reason, we
apply a global scaling factor to the target intensity before beginning optimization. This scaling
factor ensures that the input and target distributions are comparable in terms of total energy. We
compute the scaling factor as the ratio between the input and target intensity distributions. Thus,
enforcing energy consistency ensures that the target distribution is compatible with the available
input energy, leading to improved convergence of the loss function.



Research Article Vol. 5, No. 8 / 15 Aug 2026 / Optics Continuum 2712

Fig. 2. Phase Pattern Optimization. The sketch shows our forward model representing
our optical setup. We utilize the forward model to iteratively optimize phase patterns using
the target and MSE and TV regularizers. The phase optimization included both ϕ(x, y) and
ψ(x, y) phase terms in the SLM plane, but we suppress the ψ(x, y) phase in this sketch for
easier visibility of the optimized phase pattern. After optimization, the phase pattern is
displayed on the SLM to augment the target object at the camera plane.

We perform the optimization stage using Adam optimizer [23], initialized with a learning rate
of 0.1 and implemented in the PyTorch framework [24]. We integrate a polynomial learning rate
scheduler with a decay power of 2.0 into the optimization pipeline to adaptively decrease the
learning rate and improve convergence. Each phase map calculation is performed using 1500
iterations of the optimizer. All variables are represented in single-precision floating point (FP32)
format. We adjust the optimized phase map using a pre-calibrated lookup table (LUT) to account
for the nonlinear phase response of the SLM. This guarantees that the 8-bit grayscale values
accurately represent the desired phase map range of 0 to 2π.

2.3. Optimization methods

We investigate three optimization methods to evaluate the quality of augmentation in the
proposed framework. These methods differ in how input data are structured and presented during
optimization. Our input data range from a single scene to individual object presentation, and
further to numerically shifted image dataset optimization. For all methods, phase optimization is
performed using the forward model. This progression enables us to analyze how input diversity
affects the system’s ability to accurately highlight the target object, maintain robust performance
across novel scenes, and operate with a reasonable computational cost.

Single scene optimization (Method 1). We present a simple formulation in Method 1, where
the system is optimized using a single input scene. This input scene contains several objects
of different sizes or shapes, and the target distribution is defined to highlight only the desired
object among the others. Method 1 exhibits correlation-based behavior, where target highlighting
depends on the correspondence between the observed FoV and the optimized scene.

Individual object presentation (Method 2). In this method, we insert objects individually
rather than having all objects in a single scene. This enables the phase mask to encode target-
specific patterns while reducing dependence on surrounding scene content. The number of
captured frames required depends on the total number of objects in the scene. Each input scene is
processed through the forward model with a corresponding target output. We preserve non-target
objects unmodified while selectively highlighting the target object.
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Numerically shifted image dataset optimization (Method 3). We increase the dataset
variability in the third scenario by introducing spatially shifted versions of the multi-object
single scene. These shifts are implemented using a numerical shift operation, without requiring
additional frame acquisition. Each shifted input is paired with a corresponding target. The
target distribution remains the same object of interest (e.g., square), while its position is shifted
consistently with the input. This ensures that the intended augmentation response is preserved in
different spatial configurations.

3. Results

We evaluate the phase optimization framework across three representative microscopy augmen-
tation scenarios: (1) object highlighting, (2) size-based selective object highlighting, and (3)
morphology-based selective object highlighting. The baseline configuration (Method 1) is first
evaluated to examine the performance and limitations of the proposed augmentation framework
in the three scenarios. Subsequently, Methods 2 and 3 are introduced to enable more challenging
highlighting tasks based on size and morphology. To compute the optimized phase masks, we
first experimentally capture the baseline images and then use them as input for our numerical
forward model. For all scenarios, we define the optimization target as a synthetic annular ring
centered around the object to be augmented. The augmentation response is presented as an
annular ring for two main reasons. First, generating the augmentation around the target rather
than directly on top of it preserves the visibility of the target morphology and prevents important
structural features from being obscured. Second, the annular response can provide a visual
indication of the target even when the object is only partially visible within the FoV, since the
augmentation extends beyond the object boundaries. This can improve the user’s ability to locate
the target object and examine its details.

3.1. Scenario 1: Object highlighting

Figure 3 demonstrates the workflow of the optimized phase mask to achieve target augmentation
using Method 1. Figure 3(I) presents the offline optimization stage, where the phase mask
is optimized using an input image containing a 30 µm diameter circle as shown in Fig. 3(a).
Figure 3(b) shows the SLM phase mask (SLM-P), obtained from the optimization process to
achieve the target distribution. Figure 3(c) shows the experimental output obtained by displaying
the optimized phase pattern on the SLM, while Fig. 3(d) presents the corresponding simulated
output generated by the forward model. Figure 3(II) shows the real-time augmentation stage,
where Fig. 3(e), (h), and (k) are novel scenes. Pre-SLM-P refers to the precomputed SLM phase,
generated during the offline optimization stage and shown in Fig. 3(b). Figure 3(f), (i), and
(l) show the experimental outputs, demonstrating the effect of the optimized phase mask in
highlighting target objects. Figure 3(g), (j), and (m) present the corresponding simulation outputs
obtained using the forward model. Two different exposure time settings are used in the offline
optimization and real-time augmentation stages. In the offline optimization stage, we capture both
input and experimental outputs with an exposure time of 120 ms. This allows for a direct analysis
of how the phase mask affects the redistribution of input light energy to form the target distribution.
In the real-time augmentation stage, while the input remains at 120 ms, the experimental output
exposure is increased to 200 ms to better utilize the bit depth of the camera during real-time sample
manipulation. We evaluate the quantitative metrics between the experimental and simulation
outputs across 45 novel scenes. Our findings demonstrate augmentation quality with a mean
Cross Correlation (CC) of 0.75 ± 0.03, and Peak Signal-to-Noise Ratio (PSNR) of 27.60 ± 0.61
dB.
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Fig. 3. Scenario 1: Object highlighting. We show the workflow of the optimization and
augmentation stages. (I) Offline optimization stage, where the SLM phase is optimized
to highlight the target distribution (30 µm diameter circle). (II) Real-time augmentation
stage, where the pre-computed SLM phase (Pre-SLM-P) obtained during optimization is
reused on novel microscopic frames. We provide CC and PSNR values for each stage. See
Visualization 1 for a live demonstration of object augmentation.

3.2. Scenario 2: Size-based selective object highlighting

We implement a phase mask optimization to highlight circular objects with a target diameter
while suppressing augmentation responses from non-target objects with different sizes. Figure 4
shows the offline optimization stage for three different methods implemented to highlight only the
40 µm-diameter circular objects. In Method 1, Fig. 4(a) shows a microscopic frame containing
circular objects with diameters of 30, 40, and 50 µm, while Fig. 4(b) presents the target distribution,
highlighting the 40 µm-diameter circle. In Method 2, Fig. 4(c)-(e) show circular objects with
varying diameters that are individually isolated and presented in each frame. These figures are
captured such that no other objects appear in the scene. While Fig. 4(f) highlights the target
object, Fig. 4(g,h) remain unmodified. In Method 3, Fig. 4(i)–(l) present examples from a set of
30 numerically shifted frames generated from a single captured microscopic image (Fig. 4(a)),
with shifts ranging up to 600 pixels. Figure 4(m)–(q) show the corresponding target highlighting
patterns, arranged in the same order as their associated input frames.

Figure 5 presents the evaluation results of the three methods in different microscopic images.
For consistent evaluation, the experimental outputs of each method are compared against the
ground truth rather than the simulation outputs, which may not exactly match the desired
target responses. Figure 5(a) shows the input frame used as an offline optimization stage for
Method 1, whereas it serves as a novel scene for Methods 2 and 3. Method 1 demonstrates the

https://doi.org/10.6084/m9.figshare.32841446
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Fig. 4. Comparison of the three optimization methods implemented in Scenario 2 for
highlighting a 40 µm diameter target object. Method 1 uses a single scene containing circular
objects of different diameters, Method 2 presents each object individually, and Method 3
employs a numerically shifted dataset generated from a single captured image. Each input is
paired with its corresponding target in the same order as presented.
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best performance compared to the other methods, particularly when evaluated using the same
optimization frame, as shown in Fig. 5(b)–(d). While Methods 2 and 3 can highlight the target
object, they also slightly augment non-target objects. Figure 5(e) shows a rightward in-plane
translation, introduced to the input scene in (Fig. 5(a)). Figure 5(f)–(h) show that Methods 1
and 3 exhibit comparable CC values, indicating similar performance under this displacement
condition. Figure 5(i) presents a novel microscopic scene containing 30 and 40 µm circular
objects. Figure 5(j) demonstrates that Method 1 is almost unable to highlight the target object.
However, Methods 2 and 3, shown in Fig. 5(k) and (l), successfully highlight a 40 µm circular
object. Figure 5(m) presents another novel scene containing three 40 µm circular objects. While
Method 1, as shown in Fig. 5(n), fails to highlight the target object, Methods 2 and 3 preserve
target highlighting. However, Method 2, shown in Fig. 5(p), provides better target highlighting
compared to Method 3 in Fig. 5(q). Although Methods 2 and 3 improve target highlighting
performance, reflected by higher CC values, PSNR shows only limited variation, as shown
in Fig. 5(n)-(q). This is because PSNR is sensitive to global image content and background
intensity, while augmentation primarily affects localized target regions, resulting in only minor
changes to the overall metric. For this reason, the CC metric was prioritized over PSNR in the
evaluation. In summary, Method 1 performs effectively on the optimization scene and the scenes
exhibiting high correlation with it. However, its augmentation performance degrades when the
correlation between the observed and optimization scene decreases, leading to unsuccessful target
augmentation. In contrast, Methods 2 and 3 demonstrate more robust and consistent performance
across novel scenes.

3.3. Scenario 3: Morphology-based selective object highlighting

The goal of this scenario is to augment a target object based on its morphological characteristics.
We use three previously described optimization methods to generate phase masks that highlight
the square shape. The microscopic image used for the optimization stage contains three different
geometric shapes (circle, square, and triangle). All shapes are characterized by a size of
≈ 40 µm. The procedure of Fig. 6 is analogous to Fig. 5 in Scenario 2. Figure 6(a) presents
the input frame, used as the offline optimization frame for Method 1, whereas it serves as a
novel scene for Methods 2 and 3. In Fig. 6(b)-(d), Method 1 provides the best augmentation
performance compared to the other methods. In Fig. 6(e), we introduce an in-plane rightward
translation to the input scene Fig. 6(a). Figure 6(f)–(h) show that all three methods successfully
highlight the target object. Method 1, shown in Fig. 6(f), achieves the best target highlighting
performance; however, its performance deteriorates compared to the optimized scene. In Fig. 6(i),
we present a novel microscopic scene for three methods. Figure 6(j) does not fully highlight
the target object; however, Fig. 6(k) and (l) clearly highlight the square object. In Fig. 6(m),
we introduce an in-plane translation to the Fig. 6(i) scene. Although Method 1, as shown in
Fig. 6(n), fails to highlight the desired object, Fig. 6(p) and (q) can augment the target. Overall,
Method 1 demonstrates strong performance under consistent optimization conditions; however,
its performance weakens in novel scenes that have a low correlation with the optimization scene.
In comparison, Methods 2 and 3 maintain greater robustness and adaptability across various
observations.

Figure 7 demonstrates the capability of the proposed approach to highlight target objects under
partial visibility conditions. Figure 7(a), (d) show input scenes containing visible and partially
visible 30 µm diameter circles. Figure 7(b), (e) present the experimental output after applying the
pre-computed phase mask implemented using Method 1, where the system highlights targets with
partial visibility. Figure 7(c), (f) show a leftward in-plane translation applied to the experimental
output to confirm the presence of the target object. Figure 7(g) demonstrates the input scene
containing a 50 µm diameter and a 40 µm diameter circle with incomplete visibility. Figure 7(h)
presents the effect of applying the optimized phase mask to selectively highlight a target defined
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Fig. 5. Scenario 2: Size-based selective object highlighting. We present the evaluation
results for each optimization method, captured at an exposure time of 200 ms. Each method
employs a phase mask to highlight 40 µm diameter circles. The optimized phase is fixed and
applied to different novel scenes. We report CC and PSNR values for each method. See
Visualization 1 for a live demonstration of augmentation.

https://doi.org/10.6084/m9.figshare.32841446
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Fig. 6. Scenario 3: Morphology-based selective object highlighting. We present the
results for each optimization method, captured at an exposure time of 200 ms. Each method
employs a phase mask to highlight the square shape. The optimized phase is fixed and
applied to different novel scenes. We report CC and PSNR values for each method. See
Visualization 1 for a live demonstration of augmentation.

https://doi.org/10.6084/m9.figshare.32841446
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as a 40 µm diameter circle using Method 2, despite its incomplete appearance in the input scene.
Figure 7(i) shows an in-plane leftward shift applied to the scene Fig. 7(g) to verify the existence
of the target object. Figure 7(j) demonstrates the input scene containing 40 µm diameter and a
partially visible square shape. Figure 7(k) presents the experimental output after displaying a
phase mask optimized using Method 3 to highlight square objects. Figure 7(l) shows the output
after applying a rightward in-plane translation to the input scene Fig. 7(j). Our results confirm
the capability of the proposed work to achieve target highlighting even when the target is not
fully observable.

Fig. 7. Demonstration of target augmentation under partial visibility for different scenarios.
The input scenes (left) contain partially visible targets, while the experimental outputs
(middle) show target-selective highlighting using optimized phases. We include shifted
target cases (right) to confirm the presence of the true target object and verify that the
augmentation response correctly matches the intended target. The white dashed arrow
indicates the estimated location of the partially visible portion of the target object.

Table 1 summarizes the quantitative evaluation metrics for the three methods in size-based
and morphology-based scenarios. The reported metrics represent the mean values obtained
across 45 novel scenes. In general, Methods 2 and 3 achieve higher CC values than Method 1,
indicating improved robustness in highlighting the target in novel scenes. Although Methods 2
and 3 exhibit comparable performance in both scenarios, Method 2 demonstrates better results.
Regarding PSNR values, we notice relatively minor variations across all methods. This behavior
is expected, as PSNR is a widely used image quality metric and may be less sensitive to localized
target highlighting (high-frequency changes) due to the dominant black background in the scene.
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Table 1. Quantitative performance comparison
across size- and morphology-based highlighting

scenarios using three optimization methods.

Size-Based Morphology-Based
Method CC ↑ PSNR ↑ CC ↑ PSNR ↑
Method 1 0.60 23.77 0.59 25.01

Method 2 0.68 24.07 0.71 25.84
Method 3 0.65 23.76 0.70 25.57

4. Discussion

Comparison of optimization methods. The results obtained in the three scenarios demonstrate
that three optimization methods exhibit different tradeoffs between augmentation quality, robust-
ness to novel scenes, and computational complexity. In Scenario 1, Method 1 can successfully
augment circular objects in both the optimization and the novel scenes using a single scene
during the offline optimization. In Scenario 2, Method 1 effectively highlights the target object in
the optimization scene and maintains selective highlighting performance for scenes containing
translated versions of the optimization scene. However, when the sample undergoes significant
in-plane translation, new objects may enter the field of view while others leave it, altering the
spatial frequency distribution of the scene. In such cases, the correlation with the originally
optimized field may decrease, resulting in undesired augmentation responses or a failure to
highlight the target object. This behavior suggests that Method 1 can be applied in the optimization
scene, but exhibits limited generalization capability. In contrast, Methods 2 and 3 demonstrate
improved target augmentation due to the increased diversity of input observations and scene
variations. This enables the system to optimize a phase mask with respect to objects without
being dedicated to a single optimization frame. In addition to the trade-offs associated with
the optimization methods, the annular augmentation response presents both advantages and
constraints. The annular augmentation provides clear target highlighting without obscuring the
object, even in cases where the object is partially visible. However, its highlighting performance
may decrease when multiple targets are located in proximity due to overlapping responses.

Computational perspective. We observe significant differences among the three optimization
methods in terms of processing requirements. The offline optimization stage is performed using
CUDA on an NVIDIA GeForce RTX 5080 GPU. Method 1 provides the fastest optimization
process, requiring only ≈ 3 minutes to optimize the phase mask. In comparison, Method
2 requires ≈ 8 minutes, as in Scenarios 2 and 3, three different objects are introduced for
optimization. Therefore, increasing the number of object types leads to higher computational
processing. Method 3 gets a significant increase in optimization time to nearly ≈ 7.5 hours.
Although Method 3 may provide effective augmentation performance across different novel
scenes, the substantial increase in optimization time introduces a practical tradeoff between
computational cost and augmentation quality. Overall, the results indicate the strengths and
limitations of using each method. Method 1 is suitable for fast, single-scene-specific optimization,
whereas Methods 2 and 3 provide improved robustness for novel scenes at the expense of increased
computational complexity. Therefore, the optimization method used depends on the intended
application requirements, taking into account the trade-off between speed and performance.

Laser safety considerations. We use a laser light source in our optical layout, taking into
account the Maximum Permissible Exposure (MPE) limits defined by IEC 60825 laser safety
standard, described in the laser safety manual [25]. We employ a 5 mW laser (class 3B) that
is expanded with a 25 mm diameter lens. This provides a low-power laser with an irradiance
of E = p/A = 10.2 µW mmˆ{−2} in the sample plane. In the camera plane, the optical power is
distributed over a 100 times wider area due to the 10X objective lens. In addition, the power is
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decreased by a double pass through the beam splitter. This results in an approximately 400-fold
reduction in the total irradiance, excluding the diffraction efficiency of the SLM, to become
25.5 nW mmˆ{−2}. Therefore, we ensure that the irradiance remains below the MPE limit. This
allows safe direct observation without causing any biological damage to the retina.

Dark-field implementation and bright-field considerations. We experimentally prove the
validity of our proposed method only under dark-field illumination. In this approximation,
the image composition consists mainly of scattered light components where the unscattered
background is suppressed. This enhances the contrast of the scattering structures but reduces
the sensitivity to pure phase variations that do not significantly redistribute optical energy. In
the bright field illumination, the modulated final pattern occurs due to the interference between
the scattered and unscattered light fields. This results in a complex contribution where the
phase variation should be taken into account before implementing our forward model. Therefore,
for future extensions, bright-field implementations may explore improving the sensitivity for
phase-dominant samples.

Toward metasurface-based implementation. In our work, we use the SLM to display the
optimized phase map to provide a flexible proof-of-concept platform. However, this requires
increased optical component complexity and cost due to the integration of the SLM with an external
4f system. This can be addressed by incorporating passive optical elements such as metasurfaces
into our system. Metasurfaces are nanostructured surfaces that are engineered to enable precise
spatial phase and polarization control with subwavelength resolution [26]. This facilitates its
use in unpolarized light applications, where incident light can be controlled to increase phase
modulation and diffraction efficiency [27]. Furthermore, unlike SLM, metasurfaces are passive
optical elements that do not require any power consumption. Placing a metasurface between the
microscope objective and the tube lens can reduce the system complexity and cost while preserving
the functionality of our method. These capabilities make metasurfaces a powerful platform
for multifunctional beam control that can simplify and improve our approach. Nevertheless,
the passive nature of metasurfaces also introduces a limitation in terms of adaptability, as the
pre-computed phase response cannot dynamically adjust to substantially varying biological
samples. Consequently, augmentation performance may decrease when the observed sample
significantly deviates from the offline optimized input frames used to generate the phase mask.
In such cases, applying optimization by incorporating a broader range of biological sample
variations can maintain performance.

5. Conclusion

Our catalog of methods enables real-time target highlighting for AR microscopes with noticeably
reduced computational cost by eliminating the need for per-frame computation in conventional
approaches. Additionally, our work exploits the widely used inherent shift-invariant property
to provide continuous augmentation during object movement, avoiding per-frame coordinate
estimation or an explicit tracking algorithm. We develop three different optimization methods that
present distinct trade-offs in target highlighting performance. Method 1, based on single-scene
optimization, is the simplest and least computationally intensive approach but offers limited
robustness under conditions where observations have low correlation with the optimized scene.
Method 2, which presents objects individually, enhances robustness across novel scenes; however,
it requires more frame capturing as the number of objects increases, resulting in a higher
computational cost compared to Method 1. Method 3, which utilizes a numerically shifted image
dataset from a single captured image, improves the quality of the augmentation, although it comes
with a higher computational overhead. Quantitative evaluation across scenarios 2 and 3 shows that
Method 1 achieves a mean CC value of 0.60, while Methods 2 and 3 improve it to 0.70 and 0.68,
respectively, indicating enhanced robustness and target highlighting performance. Furthermore,
we demonstrate the potential of our model in highlighting partially visible targets through annular
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ring-based optical augmentation. This behavior can facilitate faster target highlighting compared
to approaches requiring complete object visibility. Our implementation is suitable for various
domains, especially health-related applications. We believe that our model can benefit medical
students in pathology courses by enhancing cell morphology imaging, promising to improve the
speed and quality of their education.
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