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Abstract

Lensless optical imaging eliminates the need for refractive optics, enabling com-
pact and low-cost cameras with a large field-of-view, supporting point-of-care
diagnostics and industrial monitoring. Practical deployments, however, remain
constrained by ill-posed image reconstruction pipelines that require multiple mea-
surements, careful calibration or object-specific training, thus limiting robustness
and scalability. In this work, we introduce a single-shot lensless imaging frame-
work that reconstructs complex objects from only a single recorded intensity
pattern using a genetically programmed iterative algorithm. Our method cou-
ples a wave-propagation model with an adaptive meta-optimisation strategy to
jointly estimate the object amplitude, object phase, and effective object-detector
distance. Experiments demonstrate high-fidelity recovery of amplitude objects,
including a USAF target and 2 µm silicon beads on a glass slide, as well as
a phase-dominant biological sample consisting of U2OS cells on a glass slide.
Across multiple object types, wavelengths, and propagation distances, the same
learned policy maintains high reconstruction quality with minimal retuning, indi-
cating strong out-of-distribution generalisation. As a practical demonstration, the
framework is integrated with a β-amyloid-based optical digital bead assay under
wide field-of-view acquisition. The resulting platform combines single-shot cap-
ture, compact hardware, and accurate reconstruction of complex fields, enabling
rapid, portable assays in which throughput, alignment tolerance, and cost are
critical.

Keywords: Lensless imaging, image reconstruction, genetic programming, biomedical
digital assay
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Introduction

Single-shot lensless optical imaging aims to reconstruct an object from a single
intensity measurement recorded directly on an image sensor [1]. This architecture
offers great promise for field-deployable high-throughput biomedical imaging sys-
tems, including digital bead assays, cytometers, and cell counting assays, because it
enables wide-field acquisition with compact hardware and minimal alignment over-
head [2–6]. Single-shot image recovery, however, is fundamentally ill-posed. Practical
deployments must contend with twin image artefacts in inline holography, sensitivity
to object-sensor separation, reduced effective resolution under pixel-limited sampling,
and measurement variability driven by noise, contrast, and sample-dependent scat-
tering [7, 8]. These limitations are especially detrimental in assay readouts, where
systematic reconstruction bias can translate into counting errors or false positives.

Physics-driven reconstruction methods can be used to address the issue of the
ill-posed inverse problem by enforcing wave optics consistency through iterative
phase retrieval or by introducing controlled measurement diversity [7, 9, 10]. While
schemes to enhance data diversity, such as multi-height, multi-plane or ptychographic
acquisition, can improve robustness, they often do so at the cost of increased acqui-
sition complexity and reduced throughput [11–13]. Alternatively, coded aperture and
diffuser-based architectures, such as FlatCam and DiffuserCam, enable single-shot
capture in thin form factors, yet these methods typically rely on calibration and care-
fully tuned inverse solvers, which can degrade under drift or sample-induced mismatch
[14, 15]. To further stabilise reconstructions, regularised optimisation using priors
such as total variation and sparsity is often employed. However, performance remains
sensitive to hyperparameter choices and stopping criteria, particularly when defocus
and noise vary across measurements [16, 17]. These constraints have recently spurred
increased interest in learning-based methodologies that minimise manual adjustment
while maintaining reconstruction efficiency across imaging settings.

Learning-based reconstruction offers an alternative approach to single-shot image
recovery by learning implicit priors from data [18–21]. In this context, learned mod-
els are attractive because they can absorb part of the reconstruction burden that
would otherwise be handled through explicit regularisation design and solver configu-
ration. Untrained and physics-guided networks reduce dependence on paired datasets
by optimising network parameters against a forward model, while diffusion-based
priors have recently been coupled to holographic models to improve robustness [22–
25]. Nonetheless, learning-based methods can exhibit sensitivity to distribution shifts
across sample classes and optical configurations, and stable performance often requires
careful selection of regularisation weights and update schedules [18, 22]. Recent
physics-driven neural formulations have also highlighted the continuing uncertainty
between single-shot capability and robustness to experimental variability [26].

The limitations discussed above point to a persistent requirement for an image
reconstruction strategy that remains physically grounded, avoids multiple measure-
ments and large object-specific training datasets, and performs robustly across varying
samples and acquisition conditions. This study presents a physics-informed genetic
programming (GP) framework that configures an iterative wave-optics-based inverse
solver for single-shot lensless image reconstruction [27–30]. The main innovation in
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the proposed method is that the GP is not used to learn a direct image-to-image
reconstruction model. Rather, it adapts the optimization process to the measurement
by evolving an interpretable symbolic policy that maps low-dimensional descriptors
of the recorded intensity to the bounded inverse solver hyperparameters. In this way,
the framework retains a fully physics-based reconstruction pipeline while reducing
the manual hyperparameter tuning that has historically limited the robustness and
transferability of iterative lensless solvers. The evolved policy governs learning rate
schedules, regularisation weights, and stopping criteria, and is trained using a stan-
dard USAF resolution target. It is then evaluated on distinct sample classes, including
intensity measurements of 2 µm silicon microparticles and human osteosarcoma cells,
thereby probing generalisation beyond the training target. Across these regimes, the
evolved configuration improves convergence stability and reconstruction fidelity, sup-
porting reliable recovery from a single measurement under practical variations in noise,
contrast, and defocus. The same reconstruction strategy is subsequently applied to a β-
amyloid-based digital bead assay under wide field-of-view acquisition, enabling rapid,
portable and high field-of-view readout of particles in settings where throughput,
alignment tolerance, and cost are critical [1, 2, 4].

Results

Lensless Imaging Measurements

The lensless imaging configuration used in this study is shown in Fig. 1(a) and is
described in the Methods Section. The system adopts a compact inline geometry
in which a spatially extended, monochromatic laser illuminates the sample, and the
sensor records the resulting intensity distribution directly, without the use of addi-
tional refractive optics. The sample is placed at a finite propagation distance from
the detector, so the recorded measurement is a Fresnel diffraction pattern rather than
an in-focus image. The propagation distance is not assumed to be known with suffi-
cient accuracy for reconstruction and is treated as an unknown to be estimated by the
computational pipeline.

The recorded intensity encodes object information through interference between
a background unscattered reference field and the field scattered by the object, which
produces diffraction fringes and self-interference features [1, 2, 7]. In an inline configu-
ration, these effects can lead to severe ambiguities in single-shot acquisition, including
strong sensitivity to defocus. Furthermore, the absence of optical magnification cou-
ples sensor sampling, object size, and propagation distance, which can suppress high
spatial frequencies and reduce effective resolution when reconstruction is not carefully
regularised [3, 7].

Representative single-shot measurements of both amplitude and phase objects
acquired in this study are shown in Fig. 1(b) to Fig. 1(d), with enlarged regions in
Figs. 1(e), 1(f), and 1(g) highlighting typical degradations. The amplitude-dominated
measurements, performed using a 520 nm source, include a USAF resolution target in
Fig. 1(b) and a microparticle sample in Fig. 1(c). The phase-dominated biological mea-
surement, performed using a 638 nm source, is shown in Fig. 1(d). Across these cases,
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Fig. 1 Lensless imaging configuration and representative single-shot measurements. (a)
An inline lensless setup in which the sample is illuminated by a monochromatic laser source and
a 3.36 mm × 3.36 mm sensor records the diffracted intensity without imaging optics. Single-shot
intensity measurement of: (b) a USAF resolution target measured using a 520 nm source; (c) randomly
dispersed 2 µm silicon microparticles measured using a 520 nm source; and (d) human osteosarcoma
(U2OS) cells measured using a 638 nm source. (e)–(g) Enlarged images corresponding to regions
shown in (b)-(d) respectively showing diffraction fringes and self-interference structure that preclude
direct interpretation of the sample from raw intensity data.

the raw intensity patterns are dominated by diffraction fringes and defocus-dependent
structure, which renders direct visual interpretation infeasible.

The described measurements are intentionally diverse, spanning amplitude-
dominant and phase-dominant objects as well as distinct wavelengths and object-
detector propagation distances. This diversity provides a stringent basis for evaluating
whether a single reconstruction strategy remains effective across different contrast
mechanisms and sample statistics under single-shot acquisition. It also directly reflects
the practical operating conditions under which lensless systems must accommodate
heterogeneous specimens and modest variability in object-sensor spacing without
requiring repeated recalibration.

Image Reconstruction Procedure and Cross-Sample Evaluation

The reconstruction task is to recover the object field, or more specifically its amplitude
a(xo, yo) and phase ϕ(xo, yo), together with an effective object-sensor propagation
distance z, from a single measured intensity image I(xs, ys). With a suitably well-
characterised illumination field, the recovered complex object field can in principle
also be related to the object transmission coefficient and, for appropriate samples,
to optical thickness. In the present study, however, the focus is on robust single-shot
reconstruction and assay-relevant readout. The inverse problem is posed through a
wave optics forward model

I(xs, ys) = |Pz {a(xo, yo) exp (iϕ(xo, yo))} (xs, ys)|2 , (1)
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where Pz{·} denotes free space propagation over distance z from the object plane
coordinates (xo, yo) to the sensor plane coordinates (xs, ys) and the goal is to achieve
reliable single-shot recovery across distinct object classes and wavelengths without
per-sample recalibration or manual retuning.

Image reconstruction is performed using the physics-informed evolutionary frame-
work described in the Methods Section. The algorithm operates on a single recorded
intensity measurement and does not require ground-truth images or supervised train-
ing data. A measured image of size 2400 × 2400 pixels is partitioned into 4 × 4 tiles,
each with a size of 600×600 pixels. With sensor pitch dx = 1.4 µm, the field-of-view is
Ndx ≈ 3.36 mm per side. All detector plane comparisons are computed using intensi-
ties normalised to [0, 1]. During optimisation, the object field amplitude is constrained
such that aij ∈ [0, 1]. Phase is treated as an unconstrained variable and is shown after
linear normalisation to [0, 1] for visualisation where indicated.

The method proposed here has two associated levels. At the outer level, genetic
programming evolves a policy that maps summary features of each measured tile to
the hyperparameters of an inner physics-based solver. For tile (i, j), the feature vector
is

fij =
(
Xij , Yij ,mij , sij , gM , gS , C

)
, (2)

where (Xij , Yij) are the normalised coordinates of the tile center, mij and sij are the
mean and standard deviation of the measured tile intensity, whereas gM and gS are
the corresponding global statistics of the full image. The constant C is a fixed bias
input, common to all tiles, that allows constant offsets in the policy mapping. A policy
πψ with parameters ψ outputs a bounded hyperparameter set

θij = πψ (fij) , (3)

which includes the iteration budget, learning rates, regularisation weights, the Huber
parameter, and an initial guess of the object-detector propagation distance (see Meth-
ods for details). Policy evolution is driven by physics-based reconstruction quality and
computational cost. Candidate policies are represented as sets of symbolic expression
trees, and selection and variation are applied to these policies as described in the
Methods Section.

At the inner level, tile-wise optimisation estimates a spatially dependent complex
object field and an effective object-sensor propagation distance. The object field is
parameterised as

τij(xo, yo) = aij(xo, yo) exp
(
iϕij(xo, yo)

)
, (4)

where aij(xo, yo) ∈ [0, 1] is the amplitude and ϕij(xo, yo) phase. The predicted detector
plane intensity is obtained by a wave optics forward model, specifically

Îij(xs, ys) =
∣∣Pzij {τij(xo, yo)} (xs, ys)

∣∣2 . (5)
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Fig. 2 Algorithmic flow of the proposed single-shot lensless reconstruction framework.
A single recorded intensity measurement is partitioned into tiles. Summary features are extracted
per tile and mapped by a genetic programming policy to bounded hyperparameters. These hyperpa-
rameters configure a physics-based iterative solver that reconstructs tile-wise amplitude, phase, and
propagation distance. Tile reconstructions are stitched to produce full-field estimates. Details of the
outer policy evolution (green boxes) and inner reconstruction procedure (yellow boxes) are provided
in the Methods.
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The propagation distance, zij , is treated as unknown and constrained to a physically
plausible interval using a sigmoid reparameterisation,

zij = zmin + (zmax − zmin)σ (ζij) , (6)

where ζij is an unconstrained optimisation variable and σ(·) is the logistic func-
tion. In the reconstructions reported here, zmin = 1.34 mm and zmax = 1.75 mm,
which is consistent with the independently measured object-detector separations in
the corresponding experimental configurations.

Given a measured tile intensity Iij(xs, ys) normalised to [0, 1] and a predicted

intensity Îij(xs, ys), found from Eq. (5) and then also normalised to [0, 1] by division
by its maximum, the inner objective minimised by gradient based optimisation is

Lij = LH

(
Iij , Îij ; δij

)
+ λTV,ij

(
TV(aij) + TV(ϕij)

)
+ λB,ijLB(aij) + λC,ijLC(aij),

(7)
where θij (given by Eq. (3)) specifies δij , λTV,ij , λB,ij , λC,ij , and the optimiser step
sizes. Here TV(·) denotes the total variation functional, while LB(·) and LC(·) denote
amplitude binarisation and contrast terms, respectively, as defined in the Methods.
The data fidelity term, LH, is the Huber loss computed directly from the measured
detector intensity and the predicted detector intensity.

LH

(
I, Î; δ

)
=

1

|Ω|
∑

(xs,ys)∈Ω

ρδ

(
I(xs, ys)− Î(xs, ys)

)
, ρδ(r) =

{
1
2r

2, |r| ≤ δ,

δ
(
|r| − 1

2δ
)
, |r| > δ,

(8)
where Ω denotes the set of detector pixels in the tile. Finally, the tile reconstructions
are stitched to form full field amplitude and phase estimates, as described in the
Methods Section.

A quantitative evaluation is performed to verify physics consistency at the detector
plane. In addition to the Huber loss in Eq. (8), the mean squared error is computed as

MSE
(
I, Î

)
=

1

|Ω|
∑

(xs,ys)∈Ω

(
I(xs, ys)− Î(xs, ys)

)2 ≥ 0. (9)

Structural similarity is computed as SSIM(I, Î), with SSIM ∈ [−1, 1] and higher values
indicating greater structural similarity. These metrics are computed per tile between
the normalised measured intensity Iij and the normalised predicted intensity Îij from
Eq. (5), then averaged across all 16 tiles to report a mean and standard deviation.

As an initial demonstration, the policy underlying the proposed reconstruction
framework is evolved from a single recorded intensity measurement of a USAF res-
olution target and is first evaluated through reconstruction of that object. The
reconstructed amplitude, along with representative line profiles, are shown in Fig. 3.
Detector plane agreement is found to be consistently high across the full field-of-view,
with mean Huber loss (7.49± 0.55)× 10−5, mean squared error (2.59± 0.22)× 10−4,
and SSIM = 0.897 ± 0.008. These values indicate that the recovered complex object,
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Fig. 3 Single-shot amplitude reconstruction of a resolution target. (a) Reconstructed ampli-
tude over the full field-of-view obtained from a single intensity measurement. (b) and (c) Coloured
boxes indicate regions selected for magnified inspection. Enlarged views of the highlighted regions
demonstrate recovery of fine spatial features across multiple resolution groups. (d)-(f) Line profiles
extracted from the reconstructed amplitude along the indicated directions illustrate contrast preser-
vation and spatial fidelity.

when propagated through the forward model in Eq. (5), reproduces the recorded
measurement with high fidelity over all tiles.

The same evolved policy is then applied without modification to two distinct
measurements that differ in structure and sample illumination wavelength. The mea-
surement (at 520 nm) of randomly dispersed microparticles yields reconstructed
amplitude maps with uniform contrast and well-defined particle boundaries, as shown
in Fig. 4(a), Fig. 4(b), and Fig. 4(c). Detector plane consistency across all tiles
remains high, with a mean Huber loss of (6.85 ± 1.54) × 10−5, mean squared error
of (7.03 ± 2.82) × 10−4, and SSIM = 0.886 ± 0.030. For the phase-dominated cellu-
lar measurement at 638 nm, the reconstructed phase map delineates cell boundaries
and separates neighbouring cells, as shown in Fig. 4(d), Fig. 4(e), and Fig. 4(f).
Fine intracellular structure is not resolved in this configuration because the system
operates without magnification over a wide field-of-view and is therefore limited by
sensor sampling and the effective numerical aperture set by the propagation geome-
try. With dx = 1.4 µm and a field-of-view of approximately 3.36 mm, the combination
of pixel-limited spatial frequency support, defocus sensitivity, and the phase-to-
intensity ambiguity of inline measurements limits recovery of subcellular detail under
a single-shot constraint. Despite this limitation, detector plane agreement remains
strong, with mean Huber loss, mean square error and SSIM of (1.20 ± 0.11) × 10−5,
(6.25± 1.10)× 10−4 and 0.867± 0.017 respectively.

Overall, a single evolved outer policy configures the inner solver to achieve stable
convergence and high detector plane consistency across a resolution target, micropar-
ticles, and a phase-dominated biological specimen, without manual hyperparameter
tuning, multiple measurements, or retraining.
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Fig. 4 Single-shot reconstructions of amplitude and phase dominant samples using
evolved policy. (a) Reconstructed amplitude of a microparticle sample at 520 nm. (b) Inset from
(a) shows representative regions with well-defined particle boundaries. (c) Inset from (b). (d) Recon-
structed phase of a cellular sample at 638 nm, shown after linear normalisation for visualisation. (e)
Inset from (d) highlights cell boundaries and the separation of neighbouring cells. (f) Inset from (e).

Amyloid-Based Digital Bead Assay

Robust single-shot lensless reconstruction is a practical necessity for digital assays,
where the statistical confidence needed for diagnosis depends on consistent quantita-
tive results over a large area and with tolerance to modest defocus and variability
in sample positioning. To demonstrate this capability, the reconstruction frame-
work developed above is integrated with an amyloid-based digital bead assay that
tracks the loss of immobilised micro-beads as a proxy for amyloid dissociation kinet-
ics [31]. In this assay, amyloid protofibrils are tethered onto latex beads which
are subsequently immobilized on a glass substrate (see Methods for details). Upon
introduction of a known disaggregation agent, specifically EPPS (4-(2-hydroxyethyl)-
1-piperazinepropanesulfonic acid), subsequent destabilisation of the amyloid structures
leads to bead release from the substrate, enabling time-resolved quantification of amy-
loid dissociation kinetics [32, 33] by counting the remaining bound beads. The digital
profiling protocol follows the workflow reported in [31].

A time-ordered sequence of assay frames is acquired under the same inline lensless
configuration used for amplitude-dominant samples. Each frame is reconstructed using
the same evolved policy and inner solver described above and in the Methods Section,
yielding a sequence of object-plane amplitude images. Bead counting and spatial pro-
filing are then performed on the reconstructed amplitude sequence using the analysis
pipeline described in the Methods Section. Figure 5 summarises the full-field recon-
struction and the downstream digital readout. The full field lensless measurement of
the assay is shown in Fig. 5(a), with a representative inset region highlighted for closer
inspection. The corresponding inset from the raw lensless measurement is shown in
Fig. 5(b). The reconstructed full-field amplitude image is shown in Fig. 5(c), and the
corresponding reconstructed inset is shown in Fig. 5(d). Candidate bead centres are
then detected from the reconstructed image and subjected to the filtering procedure
described in the Methods Section to reject artefacts and non-bead structures. The
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resulting accepted bead detections are shown in Fig. 5(e). Figure 5(f) shows the dis-
sociation kinetics, quantified as the fraction of beads remaining on the substrate as
a function of time, together with representative reconstructed inset regions and their
corresponding accepted bead detections at selected time points.

Temporal kinetics are quantified using the frame-level bead count Nk and the
normalised fraction of beads remaining on the substrate

fk =
Nk

N0
, (10)

where k indexes acquisition time. In this experiment, N0 = 9453 beads are detected
at the initial time point and N25 = 3631 beads are detected at the final time point
at 250 minutes, corresponding to f25 = 0.3841. To quantitatively characterise the
dissociation dynamics, the temporal evolution of fk is fitted using a sigmoidal Hill-type
decay function:

fk = ffinal +
f0 − ffinal

1 +
(

t
t1/2

)n , (11)

where f0 and ffinal represent the initial and final fraction of substrate-bound beads,
respectively, t1/2 denotes the characteristic half-time corresponding to 50% bead loss,
and n is the Hill coefficient describing the steepness of the transition. This formulation
captures the non-linear dissociation behaviour associated with amyloid disaggregation
and enables extraction of key kinetic parameters, including the dissociation half-time,
the effective rate of bead loss (from the slope at t1/2), the degree of cooperativity
(n), and the residual bound fraction (ffinal/f0). These parameters provide a compact
quantitative description of the disaggregation process and facilitate comparison across
experimental conditions. Kinetic analysis based on the Hill model yielded a kD value
of 40.16±0.00416 min, corresponding to the half-time (t1/2), and a Hill coefficient (n)
of 3.816, characterising the amyloid disaggregation process. These results match the
kinetic trends reported in [31] while leveraging a millimetre scale field-of-view, enabling
digital profiling over a substantially larger assay area without sacrificing single-shot
acquisition.

Discussion

Single-shot lensless imaging is fundamentally constrained by limited measurement
diversity, which makes reconstruction highly sensitive to defocus, interference arte-
facts, and optimisation choices. The central aim of this work is therefore not only
to enforce a wave-optics forward model, but also to establish a reconstruction pro-
cedure that remains stable when the sample class and acquisition conditions change.
The results indicate that automatic configuration of an iterative solver can convert a
fragile, hand-tuned pipeline into a repeatable procedure that operates directly on the
recorded intensity and jointly estimates amplitude, phase, and propagation distance.

A key feature of the proposed framework is the separation of policy evolution from
per-measurement inference. Genetic programming explores a space of bounded hyper-
parameter mappings, allowing the solver schedule to adapt to measurable properties
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Fig. 5 Digital bead profiling using single-shot lensless reconstruction. (a) Full field lensless
measurement of the amyloid-based bead assay at T = 60 minutes. (b) Magnified inset of the region
highlighted in (a), showing the raw lensless measurement before reconstruction. (c) Reconstructed
full-field object-plane amplitude image corresponding to the measurement in (a). (d) Magnified inset
of the region highlighted in (c). (e) Accepted bead detections obtained from the reconstructed image
in (c). Candidate bead centres are first identified from the reconstructed amplitude image and are
then filtered using the analysis mask described in the Methods Section to reject image artefacts
and non-bead structures. (f) Dissociation kinetics of the assay, shown as the normalised fraction of
beads remaining on the substrate as a function of time, together with an inverse sigmoid fit. The
inset images in (f) show representative reconstructed regions and their corresponding accepted bead
detections at selected time points, taken from the region corresponding to the inset views in ((e).

of the recorded diffraction pattern rather than relying on a fixed manually selected
schedule. This design directly targets a major practical source of failure in single-
shot lensless image reconstruction, namely unstable iterative updates and an incorrect
balance of regularisation under varying contrast and defocus. Hard bounding of the
propagation distance during optimisation further suppresses physically implausible
solutions and reduces sensitivity to initialisation. Tiling complements this strategy
by localising the optimisation problem, which is appropriate when fringe density and
effective defocus vary across a wide field of view.

The observed generalisation across object classes is best interpreted in terms of
measurement statistics. The evolved mapping uses low-order descriptors and tile loca-
tion to set step sizes, regularisation weights, and stopping behaviour. These descriptors
capture features that influence the optimisation landscape, including local contrast
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Fig. 6 Performance generalisation and tile-wise propagation distance estimation for
genetic programming-based policies. (a) Structural similarity index (b) mean square error and
(c) Huber loss between the predicted detector plane intensity and the measured intensity when the
policy is evolved using a USAF resolution target, a microparticle sample, or a cellular sample and
then tested across all object types. (d) Final tile-wise propagation-distance estimates for the USAF
target, (e) dispersed microparticles and (f) U2OS cells shown using a diagonal split representation.
The upper-right triangle displays the spatially interpolated distance map on the full sensor grid,
whereas the lower-left triangle displays the original 4×4 tile-wise estimates.

and spatial non-uniformity, while remaining agnostic to specific object content. As a
result, a policy evolved on one sample can remain effective on previously unseen object
classes because the controlled variables are coupled to the physics of intensity forma-
tion and to solver stability, rather than to class-specific appearance. This behaviour is
consistent with Fig. 6(a)–(c), where policies evolved on the USAF target, micropar-
ticle sample, or cellular sample continue to produce strong detector-plane agreement
when transferred across the other object classes. The variation across test cases indi-
cates some dependence on the measurement statistics of the evolution sample, but the
absence of severe performance collapse under cross-sample transfer supports the claim
that the learned policy is not narrowly tied to a single training object.

The tile-wise propagation-distance estimates provide an additional source of
robustness that is particularly relevant for field-deployable operation. Residual axial
offsets can arise from mild sample tilt, imperfect placement, or spatial non-uniformity
across the field, and these mismatches are among the fastest routes to degradation
in inline diffraction measurements. Estimating distance on a tile-wise basis therefore
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acts as a computational correction for these effects while relaxing mechanical toler-
ances in compact hardware. This behaviour is visualised in Fig. 6(d)–(f), where the
final per-tile distance estimates are spatially interpolated onto the full sensor grid.
The resulting maps provide a compact summary of axial variation across the field of
view and help explain why stable reconstruction can be maintained even when a single
global distance would be insufficient.

These properties are especially important in the amyloid-based digital bead assay,
where the readout is defined by the number of beads remaining on the substrate over
time. In conventional dark-field or bright-field implementations, the restricted field
of view typically necessitates acquisition of multiple overlapping regions followed by
image stitching, which increases experimental complexity, extends processing time,
and can introduce variability across acquisitions. In the present framework, a single
lensless measurement covers the entire assay area, and reconstruction restores the
spatial information needed for bead detection and counting throughout the field. This
enables direct wide-field quantification without sequential scanning or stitching. At the
same time, the reconstruction stage is essential, because raw lensless intensity patterns
are shaped by diffraction, defocus, and overlap between neighbouring bead signatures,
which limits reliable direct quantification from the sensor measurement alone. By
recovering object-plane information and estimating the effective propagation distance,
the proposed approach enables consistent bead detection across varying experimental
conditions, thereby supporting scalable quantitative analysis of amyloid disaggregation
kinetics.

The current findings, however, also point to specific paths for future advancement.
Due to pixel-limited sampling and the lack of additional measurement diversity, fine
intracellular phase features are not fully recovered under the current field-of-view con-
ditions without magnification. Similarly, repeated tile-wise optimization continues to
dominate the computational cost. Nonetheless, by extending the forward model and
the policy inputs, more measurement diversity could be introduced. Warm starts,
parallel execution across tiles, mixed-precision arithmetic, and more aggressive early-
stopping criteria that remain aligned with detector-plane consistency could all shorten
reconstruction times without changing the underlying physics. Together, these obser-
vations indicate that the existing framework is already effective for large-field-of-view
quantitative lensless readout and provides a clear and promising path toward richer
phase recovery, faster operation, and wider deployment across practical assay and
imaging settings.

Methods

Preparation of the Amyloid-Based Digital Bead Assay

Carboxylated latex beads (average diameter 2 µm, 2.5 wt%) were obtained from
Sigma-Aldrich (904465-2G, Sigma-Aldrich). Human β-amyloid peptide Aβ(1–42) was
purchased from Abcam. Surface functionalisation of latex beads with Aβ was carried
out using 1-Ethyl-3-(3-dimethylaminopropyl)carbodiimide to N-hydroxysuccinimide
(EDC-NHS) carbodiimide coupling chemistry.
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Initially, carboxylated latex beads were diluted in phosphate-buffered saline (PBS),
thoroughly mixed, and centrifuged to remove any impurities. Following removal of
the supernatant, the beads were resuspended in freshly prepared carboxyl activation
solution containing EDC and NHS mixed in a 2:1 mass ratio and dissolved in 0.1 M
MES buffer prepared with reverse osmosis water. The suspension was gently mixed to
activate surface carboxyl groups.

Subsequently, one-hour pre-incubated Aβ(1–42) solution (∼ 1 µM) was introduced
into the activated bead mixture, followed by addition of 50 µl Trisma-hydrogen chloride
buffer to facilitate coupling. The reaction mixture was then centrifuged again at 16000
rpm and the supernatant was discarded to remove unbound components.

To block remaining reactive sites and stabilise the suspension, 2 ml of 0.1% (w/w)
polyvinylpyrrolidone (PVP) solution was added. Finally, the beads were washed and
resuspended in PBS, and the resulting Aβ-coated latex beads were stored at 4◦C until
further use.

To prepare the digital counting assay for quantifying Aβ dissociation kinetics, glass
substrates were functionalised to support stable immobilisation of amyloid-coated
latex beads. The substrates were first thoroughly cleaned with an organic solvent,
rinsed with deionised water, and dried. A thin layer of poly-L-lysine was applied
to introduce primary amines, creating an amine-rich surface suitable for covalent
coupling.

Aβ-coated latex beads were then immobilised on the poly-L-lysine–treated surface
using EDC-NHS carbodiimide chemistry, ensuring stable covalent attachment. Fol-
lowing immobilisation, excess beads were removed through gentle washing. To verify
attachment stability, substrates underwent repeated washing cycles, and microscopic
imaging confirmed that the majority of beads remained firmly adhered with mini-
mal clustering. The resulting surfaces exhibited a uniform distribution of individual
Aβ-coated beads and were immediately used for dissociation experiments.

Experimental Details of the Lensless Imaging Setup

The lensless imaging system uses a laser as an illumination source (Cobolt 06-MLD
520 nm and 638 nm) and a camera (Raspberry pi camera module 3, Sony IMX708,
resolution: 11.9 megapixels, sensor size: 7.4 mm diagonal, pixel size: 1.4 µm× 1.4 µm)
as detector, with a total separation of approximately 0.5 m. The illumination is not
collimated and the beam expands significantly before reaching the sample, ensuring a
uniform field of illumination. A 3D printed sample holder allows the coverslip to be
mounted to a distance less than 5 mm of the camera sensor.

We mixed 10 µl of the 2 µm silica beads (904465-2G, Sigma-Aldrich) with 20 µl
water (MilliQ). The solution was spin-coated (30 µl, 1000 rpm, 500 rpm/s, 2 min) on
to a coverslip to create individually separated particles dispersed on the surface. For
the human osteosarcoma cell sample, U2OS cells were grown in Fibronectin coated
surfaces. The cells were seeded for 12-16 hours, after which they were harvested and
deposited directly between two coverslips. Paraformaldehyde was used to fix the cells
for imaging.
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Image Reconstruction Pipeline

A single lensless intensity measurement is recorded at the sensor [1–3]. The recon-
struction task is formulated as the estimation of a complex transmission coefficient
in the object plane (assuming uniform illumination) from a single measured inten-
sity image under a scalar diffraction model [7, 9, 10]. The pipeline has two coupled
components. An inner physics-constrained optimisation estimates tile-wise amplitude,
tile-wise phase, and tile-wise object-sensor propagation distance. An outer genetic
programming stage evolves a single global rule that converts simple measurement
descriptors into the hyperparameters required by the inner optimiser. The evolved
rule is learned once from a single training measurement and is then reused for sub-
sequent measurements acquired under the same optical configuration, with external
acquisition parameters such as wavelength updated as required.

Let ro = (xo, yo) denote transverse coordinates in the object plane and let rs =
(xs, ys) denote transverse coordinates in the sensor plane. The object is modelled as a
complex transmittance

τ(ro) = a(ro) exp
(
iϕ(ro)

)
, (12)

where a(ro) ∈ [0, 1] is the amplitude transmission coefficient and ϕ(ro) ∈ R is object-
induced phase delay. The propagated field at the sensor plane is

v(rs; z) = Pz [τ ] (rs), (13)

and the predicted sensor intensity is

Ipred(rs; z) = |v(rs; z)|2 . (14)

The operator Pz is implemented using a Fourier domain Fresnel propagator [34, 35]

Pz[τ ] = F−1 {F{τ}H(fx, fy; z)} , (15)

with transfer function

H(fx, fy; z) = exp
(
−iπλz

(
f2
x + f2

y

))
, (16)

where F denotes the two-dimensional Fourier transform, (fx, fy) are spatial frequency
coordinates determined by the sampling pitch, and λ is the illumination wavelength.
Measured and predicted intensities are normalised to [0, 1] before computing the
objective terms used for optimisation and evaluation.

The full sensor image is partitioned into a fixed grid of tiles. The inner solver
reconstructs (a, ϕ, z) independently for each tile. The reconstructed tile cores are then
stitched into a full-field mosaic by inserting each tile core at its predefined spatial
location.

Inner Tile Reconstruction by Gradient-Based Optimisation

For a tile indexed by (i, j) with detector-pixel set Ωij , the unknowns are the tile
amplitude aij , tile phase ϕij , and tile propagation distance zij between the object and
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the sensor. The distance zij is optimised using a bounded reparameterisation in terms
of an unconstrained variable ζij ∈ R,

zij = zmin + (zmax − zmin)σ(ζij), (17)

where σ(·) is the logistic function. This construction guarantees zij ∈ [zmin, zmax]
throughout optimisation and prevents physically implausible axial updates. Amplitude
feasibility is enforced by projection onto [0, 1] after each update. Phase is treated as
an unbounded real-valued variable during optimisation. For visualisation, the recon-
structed phase can be wrapped to a principal interval and linearly scaled to [0, 1]
for display, while the optimisation itself is performed on the underlying unbounded
parameter.

Let Iij(xs, ys) denote the measured tile intensity on the sensor plane after nor-

malisation, and let Îij(xs, ys) denote the predicted intensity computed from Eqs. (13)
and (14) using the current tile estimates of amplitude, phase, and distance. The tile
objective is

Lij = LH

(
Iij , Îij ; δij

)
+ λTV,ijLTV,ij + λB,ijLB,ij + λC,ijLC,ij , (18)

where δij , λTV,ij , λB,ij , and λC,ij are supplied by the outer policy for each tile. The
data fidelity term uses a Huber penalty [36]

LH

(
I, Î; δ

)
=

1

|Ωij |
∑

(xs,ys)∈Ωij

ρδ

(
I(xs, ys)− Î(xs, ys)

)
, (19)

with

ρδ(r) =

{
1
2r

2, |r| ≤ δ,

δ
(
|r| − 1

2δ
)
, |r| > δ.

(20)

The threshold δ controls the transition between a quadratic penalty for small residu-
als and a linear penalty for large residuals. In this pipeline, δij is not manually chosen,
but is selected automatically by the outer policy from a predefined bounded inter-
val. Larger values behave more like least squares, whereas smaller values reduce the
influence of outliers and decrease sensitivity to localised mismatch.

Total variation regularisation promotes piecewise smooth amplitude and phase
and suppresses high-spatial-frequency artefacts [16]. Using anisotropic forward differ-
ences for a sampled function f , ∆xf(m,n) = f(m,n+1)− f(m,n) and ∆yf(m,n) =
f(m+1, n)− f(m,n), the tile total variation is

TV(f) =
1

|Ωij |
∑

(m,n)∈Ωij

(
|∆xf(m,n)|+ |∆yf(m,n)|

)
, (21)

and the corresponding smoothness term is

LTV,ij = TV(aij) + TV(ϕij). (22)
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A binarisation term is included for amplitude objects because two of the experimen-
tal object classes are well approximated by sparse opaque structures on a transmissive
background, which is consistent with amplitude values concentrating near 0 and 1.
The penalty is

LB,ij =
1

|Ωij |
∑

(xo,yo)∈Ωij

4 aij(xo, yo)
(
1− aij(xo, yo)

)
, (23)

where the weight λB,ij is selected by the outer policy from a narrow interval that
includes values close to zero, allowing the contribution to become negligible for phase-
dominant measurements where an explicit binarisation bias is less appropriate.

A contrast term based on the tile amplitude standard deviation is

LC,ij = Std
(
aij

)
, (24)

where Std(aij) is computed over all pixels in the tile. The sign and magnitude of
λC,ij determine whether amplitude contrast is encouraged or discouraged within the
objective.

Optimisation of Eq. (18) is performed by automatic differentiation through the
forward model in Eqs. (13) and (15). An adaptive first-order optimiser is used with
separate learning rates for the amplitude and phase block and for the distance variable
[37].

Outer Policy Evolution by Genetic Programming

The outer stage searches for a single global rule that sets tile-specific hyperparameters
for the inner optimiser. Genetic programming is used to represent this rule as a set of
symbolic expression trees that transform a small number of descriptors of the measured
intensity into hyperparameters [27–29]. In this context, each tree is interpreted as
a single closed-form function that outputs one hyperparameter. The full policy is
therefore a bundle of K trees, with one tree assigned to each hyperparameter required
by the inner optimisation.

For tile (i, j), a feature vector fij ∈ R7 is computed from the measured intensity
values

fij =
[
Xij , Yij , mij , sij , gM , gS , C

]T
. (25)

Here, (Xij , Yij) denotes the normalised tile-centre coordinates within the full sensor
image. The scalars mij and sij are the mean and standard deviation of the measured
tile intensity values after normalisation, whereas gM and gS are the corresponding
global statistics computed over the full measured intensity image. The term C is
a fixed bias input, common to all tiles, that allows constant offsets in the evolved
mappings. Including (Xij , Yij) allows the policy to vary hyperparameters across the
field of view, which is useful when residual tilt or spatially varying defocus produces
location-dependent measurement structure. The local and global statistics provide
compact descriptors of contrast and noise level that help the policy adjust step sizes
and regularisation strengths without introducing additional latent variables.
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Each policy contains K = 8 trees {gk}Kk=1. For a given tile, the trees produce raw
scalars rk,ij = gk(fij). Each raw output is squashed by a logistic function, sk,ij =
1/(1 + exp(−rk,ij)), and mapped to a bounded interval through θk,ij = ℓk + (uk −
ℓk)sk,ij , where (ℓk, uk) are predefined bounds. This bounded mapping guarantees that
every candidate policy produces numerically admissible hyperparameters for every
tile, even when the symbolic expressions are modified by recombination and random
mutation during search.

The resulting hyperparameter vector for tile (i, j) is

θij =
[
niter,ij , ηaϕ,ij , ηz,ij , λTV,ij , λB,ij , λC,ij , δij , z0,ij

]T
, (26)

where niter,ij is the number of inner iterations, ηaϕ,ij and ηz,ij are the learning rates
for the amplitude-phase block and the distance variable, λTV,ij is the total variation
weight, λB,ij is the binarisation weight, λC,ij is the contrast weight, δij is the Huber
threshold in Eqs. (19) and (20), and z0,ij initialises the distance variable that is later
refined through Eq. (17). The hyperparameters are tile-specific, but the policy itself is
global. It is evolved using the full measurement by evaluating every candidate policy
across all tiles and aggregating performance into a single fitness score.

Evolution proceeds by maintaining a population of candidate policies. New can-
didates are produced by recombining subexpressions between two policies and by
randomly altering a subexpression within one policy. Multiobjective selection is per-
formed using nondominated sorting and crowding distance to balance reconstruction
quality, computational cost, and symbolic complexity [29, 38]. The fitness vector is

F =
[
SSIM, T, S

]T
, (27)

where SSIM is the mean structural similarity index aggregated across tiles, T is eval-
uation time, and S is the total node count across the K trees. For each tile, the
structural similarity index is computed as SSIM(Iij , Îij), where Îij is the predicted
tile intensity obtained by propagating the reconstructed object field through Eqs. (13)
and (14). The mean score SSIM is then computed by averaging over all tiles. In this
way, a per-tile physics-consistency measure is aggregated into a global objective that
is used to evolve a single policy for later reuse across measurements.

Data Analysis for Amyloid Based Digital Bead Assay

The digital bead assay readout is obtained from a time-ordered sequence of recon-
structed object-plane amplitude images ak(ro), where k ∈ {1, . . . ,K} indexes the
acquisition frame and ro = (xo, yo) denotes coordinates on the reconstructed grid.
Each frame is normalised to [0, 1] using minimum and maximum scaling

ank(ro) =
ak(ro)−minro ak(ro)

maxro ak(ro)−minro ak(ro) + ϵ
, (28)
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where ϵ > 0 prevents division by zero. Since beads appear as dark structures in
amplitude, detection is performed on the inverted image

Ik(ro) = 1− ank(ro). (29)

If K > 1, translation-only registration is applied sequentially so that each frame is
aligned to the preceding registered frame. The first frame defines the initial reference,
so Ireg1 (ro) = I1(ro). For k ≥ 2, the registered frame is

Iregk (ro) = Ik
(
ro +∆k

)
, (30)

where ∆k = (∆xk,∆yk) is an integer translation estimated by normalised cross-
correlation over several stable anchor regions, with the final frame translation taken as
the componentwise median of the anchor-specific translations. After registration, the
analysis domain is restricted to the maximal common overlap shared by all registered
frames.

Each registered frame is denoised using a median filter. A smooth background is
then estimated by Gaussian filtering with standard deviation σBG,

Bk(ro) =
(
GσBG ∗ Iregk

)
(ro), (31)

and background-flattened contrast is obtained by subtraction with non-negativity
enforcement

Fk(ro) = max
(
0, Iregk (ro)−Bk(ro)

)
, (32)

where Gσ denotes a Gaussian kernel and ∗ denotes convolution. Bead-like structures
are enhanced using a difference-of-Gaussians response with inner scale σS and outer
scale σL, with σS < σL,

Rk(ro) = max
(
0,

(
GσS ∗ Fk

)
(ro)−

(
GσL ∗ Fk

)
(ro)

)
. (33)

Candidate bead centres are detected as regional maxima after suppressing weak
maxima and applying a global response threshold. A global threshold is defined as a
high percentile of the response distribution

tg,k = Percentilep
(
Rk(ro)

)
, (34)

where p ∈ (0, 100). Weak-maxima suppression is implemented by an h-maxima oper-
ator, denoted H(Rk, hmax), which removes maxima whose height above the local
background is below hmax. The candidate mask is then

M cand
k (ro) = RegMax

(
H(Rk, hmax)

)
(ro) I

(
Rk(ro) > tg,k

)
, (35)

where RegMax(·) denotes the regional-maxima operator and I(·) is the indicator func-
tion. Large artefacts are excluded using an artefact mask computed by thresholding
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Fk at a high percentile, followed by basic morphological operations and dilation, and
candidates located inside the artefact mask or on the image boundary are rejected.

The remaining candidates are processed in descending order of Rk and accepted
greedily with a minimum separation distance dmin enforced between accepted candi-
dates. Each candidate at location r0 is validated using a local window W(r0) extracted
from Fk. A robust local scale is computed using the median absolute deviation,

MAD
(
Fk |W

)
= medianro∈W |Fk(ro)−medianu∈WFk(u)| , (36)

with corresponding scale estimate

σ̂rob = 1.4826MAD
(
Fk |W

)
, (37)

where the factor 1.4826 converts the median absolute deviation to a standard-
deviation-equivalent scale under a Gaussian assumption. Two candidate-specific
thresholds are then defined. The first threshold uses a local background-plus-margin
rule

t1 = median
(
Fk |W

)
+ κlocσ̂rob, (38)

where κloc > 0 controls the margin in units of σ̂rob. The second threshold uses a
peak-proportional rule

t2 = αpeak Rk(r0), (39)

where αpeak ∈ (0, 1) is a fixed fraction. The effective local threshold is

tloc = max(t1, t2). (40)

A local binary support is then formed as

Sk(ro) = I
(
Fk(ro) > tloc

)
, ro ∈ W(r0), (41)

and only the connected component of Sk that contains r0 is retained by morphological
reconstruction. Geometric constraints are applied to the retained component using its
area A, major-axis length L, and eccentricity e. A candidate is accepted if

Amin ≤ A ≤ Amax, (42)

L ≤ Lmax, (43)

e ≤ emax. (44)

The accepted bead centres for frame k are denoted Pk = {(xn, yn)}Nk
n=1, and the

frame-level bead count is
Nk =

∣∣Pk

∣∣. (45)

To summarise temporal dynamics, the normalised fraction of beads remaining on
the substrate is defined as

fk =
Nk

N0
, (46)
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where N0 is the bead count in the initial frame. When a smooth monotone kinetic
model is required, the temporal evolution is fitted using the Hill-type decay function

f(t) = ffinal +
f0 − ffinal

1 +
(

t
t1/2

)n , (47)

where f0 and ffinal denote the initial and final bound fractions, t1/2 is the characteristic
half-time, and n is the Hill coefficient that controls the steepness of the transition,
which were all treated as fit parameters.

Funding and acknowledgements

This research is supported by the Ministry of Education, Singapore, under its Research
Centre of Excellence award to the Institute for Digital Molecular Analytics & Science,
NTU (IDMxS, grant: 17435 EDUNC-33-18-279-V12) and Academic Research Fund
(Tier 1) Grant No. RG137/24.

Competing interests

The authors declare no competing interests.

Data and code availability

The authors declare that the data supporting the findings of this study are available
within the paper. Any code that supports the findings of this study is available from
the corresponding authors upon request.

References

[1] Boominathan, V., Robinson, J.T., Waller, L., Veeraraghavan, A.: Recent advances
in lensless imaging. Optica 9(1), 1–16 (2022) https://doi.org/10.1364/OPTICA.
431361

[2] Ozcan, A., McLeod, E.: Lensless imaging and sensing. Annual Review
of Biomedical Engineering 18, 77–102 (2016) https://doi.org/10.1146/
annurev-bioeng-092515-010849

[3] Rosen, J., Alford, S., Allan, B., Anand, V., Arnon, S., Arockiaraj, F.G., Art, J.,
Bai, B., Balasubramaniam, G.M., Birnbaum, T., et al.: Roadmap on computa-
tional methods in optical imaging and holography. Applied Physics B 130(9), 166
(2024)

[4] Potter, C.J., Xiong, Z., McLeod, E.: Clinical and biomedical applications of
lensless holographic microscopy. Laser & Photonics Reviews 18(10), 2400197
(2024)

21

https://doi.org/10.1364/OPTICA.431361
https://doi.org/10.1364/OPTICA.431361
https://doi.org/10.1146/annurev-bioeng-092515-010849
https://doi.org/10.1146/annurev-bioeng-092515-010849


[5] Seo, S., Su, T.-W., Tseng, D.K., Erlinger, A., Ozcan, A.: Lensfree holographic
imaging for on-chip cytometry and diagnostics. Lab on a Chip 9(6), 777–787
(2009) https://doi.org/10.1039/B813943A

[6] Im, H., Castro, C.M., Shao, H., Liong, M., Song, J., Pathania, D., Fexon, L.,
Min, C., Avila-Wallace, M., Zurkiya, O., Rho, J., Magaoay, B., Tambouret, R.H.,
Pivovarov, M., Weissleder, R., Lee, H.: Digital diffraction analysis enables low-
cost molecular diagnostics on a smartphone. Proceedings of the National Academy
of Sciences of the United States of America 112(18), 5613–5618 (2015) https:
//doi.org/10.1073/pnas.1501815112

[7] Shechtman, Y., Eldar, Y.C., Cohen, O., Chapman, H.N., Miao, J., Segev, M.:
Phase retrieval with application to optical imaging. IEEE Signal Processing
Magazine 32(3), 87–109 (2015) https://doi.org/10.1109/MSP.2015.2398954

[8] Arcab, P., Rogalski, M., Trusiak, M.: Single-shot experimental-numerical twin-
image removal in lensless digital holographic microscopy. Optics and Lasers
in Engineering 172, 107878 (2024) https://doi.org/10.1016/j.optlaseng.2023.
107878

[9] Gerchberg, R.W., Saxton, W.O.: A practical algorithm for the determination of
phase from image and diffraction plane pictures. Optik 35, 237–246 (1972)

[10] Fienup, J.R.: Phase retrieval algorithms: A comparison. Applied Optics 21(15),
2758–2769 (1982) https://doi.org/10.1364/AO.21.002758

[11] Greenbaum, A., Ozcan, A.: Maskless imaging of dense samples using pixel super-
resolution based multi-height lensfree on-chip microscopy. Optics Express 20(3),
3129–3143 (2012) https://doi.org/10.1364/OE.20.003129

[12] Maiden, A.M., Rodenburg, J.M.: An improved ptychographical phase retrieval
algorithm for diffractive imaging. Ultramicroscopy 109(10), 1256–1262 (2009)
https://doi.org/10.1016/j.ultramic.2009.05.012

[13] Zheng, G., Horstmeyer, R., Yang, C.: Wide-field, high-resolution fourier ptycho-
graphic microscopy. Nature Photonics 7, 739–745 (2013) https://doi.org/10.1038/
nphoton.2013.187

[14] Asif, M.S., Ayremlou, A., Sankaranarayanan, A.C., Veeraraghavan, A., Baraniuk,
R.: Flatcam: Thin, lensless cameras using coded aperture and computation. IEEE
Transactions on Computational Imaging 3(3), 384–397 (2017) https://doi.org/
10.1109/TCI.2016.2593662

[15] Antipa, N., Kuo, G., Heckel, R., Mildenhall, B., Bostan, E., Ng, R., Waller, L.:
Diffusercam: Lensless single-exposure 3d imaging. Optica 5(1), 1–9 (2018) https:
//doi.org/10.1364/OPTICA.5.000001

22

https://doi.org/10.1039/B813943A
https://doi.org/10.1073/pnas.1501815112
https://doi.org/10.1073/pnas.1501815112
https://doi.org/10.1109/MSP.2015.2398954
https://doi.org/10.1016/j.optlaseng.2023.107878
https://doi.org/10.1016/j.optlaseng.2023.107878
https://doi.org/10.1364/AO.21.002758
https://doi.org/10.1364/OE.20.003129
https://doi.org/10.1016/j.ultramic.2009.05.012
https://doi.org/10.1038/nphoton.2013.187
https://doi.org/10.1038/nphoton.2013.187
https://doi.org/10.1109/TCI.2016.2593662
https://doi.org/10.1109/TCI.2016.2593662
https://doi.org/10.1364/OPTICA.5.000001
https://doi.org/10.1364/OPTICA.5.000001


[16] Rudin, L.I., Osher, S., Fatemi, E.: Nonlinear total variation based noise removal
algorithms. Physica D: Nonlinear Phenomena 60(1–4), 259–268 (1992) https://
doi.org/10.1016/0167-2789(92)90242-F

[17] Rivenson, Y., Weiss, A., Stern, A., Zalevsky, Z., Ozcan, A.: Sparsity-based multi-
height phase recovery in holographic microscopy. Scientific Reports 6, 37862
(2016) https://doi.org/10.1038/srep37862

[18] Rivenson, Y., Wu, Y., Zhang, Y., Weiss, Z., Günaydin, H., Lin, X., Ozcan, A.:
Phase recovery and holographic image reconstruction using deep learning in neu-
ral networks. Light: Science & Applications 7, 17141 (2018) https://doi.org/10.
1038/lsa.2017.141

[19] Wu, Y., Rivenson, Y., Wang, H., Luo, Y., Ben-David, E., Stern, A., Ozcan, A.:
Extended depth of field in holographic image reconstruction using deep learning
based autofocusing and phase recovery. Optica 5(6), 704–710 (2018) https://doi.
org/10.1364/OPTICA.5.000704

[20] Wang, H., Lyu, M., Situ, G.: eholonet: a learning based end to end approach for
in line digital holographic reconstruction. Optics Express 26(18), 22603–22614
(2018) https://doi.org/10.1364/OE.26.022603

[21] Li, H., Chen, X., Chi, Z., Mann, C., Razi, A.: Deep dih: Single shot digital in
line holography reconstruction by deep learning. IEEE Access 8, 202648–202659
(2020) https://doi.org/10.1109/ACCESS.2020.3036380

[22] Bostan, E., Heckel, R., Chen, M., Kellman, M., Waller, L.: Self calibrating phase
microscopy with an untrained deep neural network. Optica 7(6), 559–562 (2020)
https://doi.org/10.1364/OPTICA.387381

[23] Wang, F., Bian, Y., Wang, H., Lyu, M., Pedrini, G., Osten, W., Barbastathis,
G., Situ, G.: Phase imaging with an untrained neural network. Light: Science &
Applications 9, 77 (2020) https://doi.org/10.1038/s41377-020-0302-3

[24] Zhang, Y., Liu, X., Lam, E.Y.: Single shot inline holography using a physics aware
diffusion model. Optics Express 32(6), 10444–10460 (2024) https://doi.org/10.
1364/OE.517233

[25] Manisha, Mandal, A.C., et al.: Randomness assisted in line holography with
deep learning. Scientific Reports 13, 11105 (2023) https://doi.org/10.1038/
s41598-023-37810-w

[26] Kim, J., Kim, Y., Lee, H.S., Seo, E., Lee, S.J.: Single-shot reconstruction of
three-dimensional morphology of biological cells in digital holographic microscopy
using a physics-driven neural network. Nature Communications 16, 4840 (2025)
https://doi.org/10.1038/s41467-025-60200-x

23

https://doi.org/10.1016/0167-2789(92)90242-F
https://doi.org/10.1016/0167-2789(92)90242-F
https://doi.org/10.1038/srep37862
https://doi.org/10.1038/lsa.2017.141
https://doi.org/10.1038/lsa.2017.141
https://doi.org/10.1364/OPTICA.5.000704
https://doi.org/10.1364/OPTICA.5.000704
https://doi.org/10.1364/OE.26.022603
https://doi.org/10.1109/ACCESS.2020.3036380
https://doi.org/10.1364/OPTICA.387381
https://doi.org/10.1038/s41377-020-0302-3
https://doi.org/10.1364/OE.517233
https://doi.org/10.1364/OE.517233
https://doi.org/10.1038/s41598-023-37810-w
https://doi.org/10.1038/s41598-023-37810-w
https://doi.org/10.1038/s41467-025-60200-x


[27] Koza, J.R.: Genetic Programming: On the Programming of Computers by Means
of Natural Selection. MIT Press, Cambridge, MA (1992)

[28] Poli, R., Langdon, W.B., McPhee, N.F., Koza, J.R.: A Field Guide to Genetic
Programming. Lulu.com, Freely available at http://www.gp-field-guide.org.uk
(2008)

[29] Eiben, A.E., Smith, J.E.: Introduction to Evolutionary Computing, 2nd edn.
Springer, Berlin (2015). https://doi.org/10.1007/978-3-662-44874-8

[30] Khan, A., Qureshi, A.S., Wahab, N., Hussain, M., Hamza, M.Y.: A recent survey
on the applications of genetic programming in image processing. Computational
Intelligence 37(4), 1745–1778 (2021) https://doi.org/10.1111/coin.12459

[31] Nair, R.V., Balasubramaniam, G.M., Chu, X.-L., Parikh, A., Foreman, M.R.:
Quantitative Digital Bead Profiling of EPPS Mediated Amyloid-β Protofibril
Disassembly. In preparation

[32] Kim, H.Y., Kim, H.V., Jo, S., Lee, C.J., Choi, S.Y., Kim, D.J., Kim, Y.: Epps
rescues hippocampus-dependent cognitive deficits in app/ps1 mice by disaggrega-
tion of amyloid-β oligomers and plaques. Nature Communications 6, 8997 (2015)
https://doi.org/10.1038/ncomms9997

[33] Nair, R.V., Tran, B.N., Parikh, A.N., Foreman, M.R.:
Small molecule ensembles reshape amyloid aggregation land-
scapes. bioRxiv (2026) https://doi.org/10.64898/2026.02.22.706957
https://www.biorxiv.org/content/early/2026/02/23/2026.02.22.706957.full.pdf

[34] Goodman, J.W.: Introduction to Fourier Optics, 3rd edn. Roberts and Company
Publishers, Englewood, CO (2005). ISBN-10: 0974707724; xvi+491 pp.

[35] Voelz, D.G.: Computational Fourier Optics: A MATLAB Tutorial. SPIE Tutorial
Texts, vol. TT89. SPIE Press, Bellingham, WA (2011). https://doi.org/10.1117/
3.858456 . PDF eISBN: 978-0-8194-8205-1

[36] Huber, P.J.: Robust estimation of a location parameter. The Annals of Mathemat-
ical Statistics 35(1), 73–101 (1964) https://doi.org/10.1214/aoms/1177703732

[37] Kingma, D.P., Ba, J.: Adam, a method for stochastic optimization. In: Interna-
tional Conference on Learning Representations (2015)

[38] Deb, K.: Multi-Objective Optimization Using Evolutionary Algorithms. Wiley,
Chichester (2001)

24

https://doi.org/10.1007/978-3-662-44874-8
https://doi.org/10.1111/coin.12459
https://doi.org/10.1038/ncomms9997
https://doi.org/10.64898/2026.02.22.706957
https://arxiv.org/abs/https://www.biorxiv.org/content/early/2026/02/23/2026.02.22.706957.full.pdf
https://doi.org/10.1117/3.858456
https://doi.org/10.1117/3.858456
https://doi.org/10.1214/aoms/1177703732

	Introduction
	Results
	Lensless Imaging Measurements
	Image Reconstruction Procedure and Cross-Sample Evaluation
	Amyloid-Based Digital Bead Assay

	Discussion
	Methods
	Preparation of the Amyloid-Based Digital Bead Assay
	Experimental Details of the Lensless Imaging Setup
	Image Reconstruction Pipeline
	Inner Tile Reconstruction by Gradient-Based Optimisation
	Outer Policy Evolution by Genetic Programming

	Data Analysis for Amyloid Based Digital Bead Assay


