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Microscopy has long been essential to biomedical research, enabling detailed analyses of complex samples. 
Fourier ptychographic microscopy (FPM), a computational imaging technique, provides high-resolution, 
wide-field images without requiring extensive hardware modifications. However, current FPM algorithms 
struggle with samples exhibiting depth variations, such as tilted or 3-dimensional (3D) objects. The 
limited depth of field (DoF) leads to images with only focal-plane areas in sharp focus, while regions 
outside appear blurred. To address this limitation, we propose an all-in-focus FPM algorithm using 
physics-informed 3D neural representations to reconstruct sharp, wide-field images of 3D objects under 
limited DoF. Unlike previous methods, our approach samples the full depth range to create a 3D feature 
volume that incorporates spatial and depth information. A learnable 3D weight map assigns focus-based 
weights, emphasizing focused regions while de-emphasizing blurred ones. Additionally, we introduce an 
unsupervised sharpness loss to optimize the 3D heatmap, forming a new training framework for FPM 
that enables high-quality reconstruction without direct supervision. Experimental results on real-world 
microscopy data demonstrate that our approach surpasses existing methods in producing sharp, wide-
field reconstructions for samples with depth variation, thus improving performance on downstream 
vision tasks.

Introduction

  Microscopy has long played a critical role in biomedical dis-
covery [  1 –  4 ], enabling the visualization and analysis of complex 
biological samples. Among recent advances, Fourier ptycho-
graphic microscopy (FPM) has emerged as a powerful compu-
tational imaging technique that achieves both high resolution 
and wide field of view (FOV) without requiring extensive hard-
ware modifications [  5 –  9 ]. FPM captures a sequence of low-
resolution intensity images under angle-varied illumination 
and computationally reconstructs a high-resolution image in 
Fourier space [  10 ]. By enhancing the space-bandwidth product 
of conventional microscopy [  11 ], FPM enables digital correc-
tion of optical aberrations [  12 ] and facilitates wide-field, high-
resolution imaging using standard microscope setups [  13 ,  14 ].

  Recent studies have explored the use of deep-learning 
[  15 –  18 ] frameworks to address the depth-related limitations 
in FPM. Implicit neural representations (INRs) have shown 
particular promise for continuous scene reconstruction [  19 –  21 ], 
where a multilayer perceptron (MLP) maps spatial coordinates 
directly to physical values, enabling memory-efficient and high-
fidelity rendering. INRs have been adapted to microscopy tasks 
to enhance both imaging resolution [  22 ] and computational 
efficiency [  23 ]. Furthermore, applications such as volumetric 
refractive index mapping in diffraction tomography [  24 ] sug-
gest that representing objects in 3-dimensional (3D) neural 
space may offer a viable path toward capturing full DoF in FPM. 
However, directly applying INRs to FPM remains challenging, 

particularly due to the absence of 3D high-resolution ground 
truth and the difficulty in merging volumetric information into 
a coherent 2D projection.

  Despite its strengths, existing FPM algorithms [ 5 , 24 ] strug-
gle with samples exhibiting depth variations such as thick, 
tilted, or inherently 3D objects. As shown in Fig.  1 A, due to the 
limited depth of field (DoF), only regions near the focal plane 
remain in sharp focus, while areas outside appear blurred. 
When imaging objects with depth, the focal point is at the inter-
section (yellow star) of the optical axis and sample plane, limit-
ing the sharp region to the area around this focus point (slashed 
area). Consequently, current FPM methods only yield partially 
sharp images, as shown in Fig.  1 B, where areas outside the focal 
plane remain blurred.        

  This work presents a physics-informed all-in-focusing FPM 
framework that leverages 3D neural representations to reconstruct 
sharp, wide-field images of samples with substantial depth varia-
tion. Unlike previous approaches, our method samples the entire 
depth range to form a 3D feature volume incorporating both spa-
tial and axial information. A learnable 3D weight map is intro-
duced to assign focus-based weights, amplifying well-focused 
regions and suppressing blurred areas. To overcome the lack of 
ground-truth supervision, we design an unsupervised sharpness 
loss that guides the training of both the 3D representation and 
the weighting map. This approach offers a physically interpretable 
and efficient solution for depth-invariant reconstruction.

  In addition to improving visual fidelity, our method has 
direct implications for downstream microscopy tasks such as 
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segmentation. Image segmentation is fundamental to the analysis 
of biological specimens, enabling cell identification, structural 
delineation, and morphometric quantification [  25 –  29 ]. With 
sharp, all-in-focus reconstructions, segmentation accuracy 
improves substantially, particularly in high-density or multi-
depth samples. As such, segmentation quality also serves as an 
indirect measure of FPM reconstruction performance [  28 ].

  We demonstrate our method on real-world FPM datasets, 
showing superior performance over state-of-the-art tech-
niques in sharpness, structure preservation, and segmentation 
accuracy. By combining physical priors, 3D neural modeling, 
and unsupervised learning, our framework advances the capa-
bilities of FPM in resolving complex volumetric scenes, expand-
ing its potential in biomedical and computational imaging 
applications.

  The remaining sections of this paper are organized as fol-
lows: Methods formally presents the problem and methodology 
for using neural implicit representations (INRs). Results details 
our experiments and analyses validating the proposed method. 
Finally, Conclusion concludes the paper with a discussion of 
limitations.   

Methods

FPM working principle
  The hardware configuration of FPM [ 5 ] is illustrated in Fig.  2 . 
The system consists of a planar light-emitting diode (LED) 
array [  30 ] as the programmable illumination source, a standard 
microscope objective lens, and a camera sensor [  31 ]. During 
acquisition, individual LEDs in the array sequentially emit 
quasi-monochromatic light, forming planar waves incident 
on the sample from oblique angles. Each activated LED cor-
responds to a unique illumination direction, indicated by col-
ored rays in the figure. The incident plane wave interacts with 
the 3D sample, modulating both the amplitude and phase of 
the transmitted wavefront [  32 ].        

  This oblique illumination induces a lateral frequency shift 
of the sample’s spectrum in the Fourier domain. As shown in 
the frequency inset of Fig.  2 , the objective lens acts as a low-pass 
filter with a passband determined by its numerical aperture 
(NA), represented as the red circle. Oblique illumination shifts 
higher spatial frequency content into this limited passband, 
allowing the system to indirectly access spectral components 
beyond the conventional diffraction limit [  33 ].

  The modulated optical field passes through the objective 
lens and is projected onto the camera sensor, where only inten-
sity (not phase) is recorded. By capturing a sequence of such 
low-resolution images under varying illumination angles, FPM 
effectively synthesizes a larger aperture in the Fourier domain. 
Through computational phase retrieval and iterative frequency 
stitching, a high-resolution complex image of the sample can 
be reconstructed.   

Preliminary on FPM physics model
  We first elaborate on the diffraction limit phenomenon in con-
ventional imaging systems that occurs in the Fourier domain, 
which inherently restricts the optical resolution [ 33 ]. Briefly 
speaking, the resolution of a standard coherent imaging system 
is determined by the coherent transfer function (CTF) on the 
Fourier domain u. From Fourier optics, the CTF simply serves 
as the pupil function scaled by a factor. As depicted in Fig.  3 A, 
for a circular aperture, the cutoff frequency of the imaging sys-
tem is limited within a circle (marked in red in Fourier plane)
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Fig. 1. (A) An illustration of imaging a 3D object under microscopy. Due to the limited depth of field, only the focused region is sharp, while areas outside the focal plane 
appear blurred. (B) Typical reconstruction from an existing method [24]: Only the central region is sharp, with blurred areas outside the focused region. (C) Our approach 
reconstructs an all-in-focus, wide-field image.
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Fig. 2. Optical setup of Fourier ptychographic microscopy (FPM). A programmable 
LED panel provides multi-angle plane wave illumination onto the sample. The light 
transmitted through the sample is collected by microscopic optics and projected 
onto the sensor plane. Each LED position corresponds to a different incident angle, 
effectively shifting the sample’s spatial frequency content in the Fourier domain. 
Sequential captures under varied illumination angles enable the reconstruction of a 
high-resolution, wide-field image through computational synthesis.
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﻿﻿           

  where  u = (u, v)    is the frequency coordinate,  NA    refers to the 
numerical aperture (half of the f-number), and λ is the illumi-
nation wavelength.

  For an incoherent imaging system, the transfer function, 
namely, the optical transfer function (OTF), is simply the auto-
correlation of the scaled pupil function. As such, although the 
cutoff frequency of an incoherent system can be twice of that 
in a coherent system, the frequency amplitude is not as flat as 
that of the pupil and is suffering from a descending decay that 
deviates from the zero frequency point.

  The target in the classic FPM aims to reconstruct a super-
resolution (SR) image of the sample at the focal plane that is 
beyond the diffraction limit. FPM involves sequentially imple-
menting structured illumination on the sample with different 
illumination angles by utilizing a coded LED array.

  Considering the complex optical field that describes the in-
focus spatial distribution of the infocus object  U0   , its expression 
is given by

﻿﻿  

where  x =
(
x, y

)
    serves as the spatial coordinate, I is the intensity, 

﻿
√
I    is the amplitude, and ϕ refers to the phase of the sample. We 

use the subscript to simplify the z coordinate, i.e.,  Uz(x) = U(x, z)   . 
Physical quantities are naturally super-resolved.

  As discussed in  Eq. (1) , optical fields collected in the lens-
based imaging systems are restricted by the scaled pupil func-
tion P, typically a circular function on the frequency domain

﻿﻿   

  Given the fact that the conventional camera directly captures 
the modular square of the complex field within the diffraction 
limit due to the utilized lens NA, we denote it as the low-reso-
lution (LR) measurement

﻿﻿   

  When the  ith    monochromatic LED with a wavelength of  �    
illuminates the sample U, it does so at an angle  �i    relative to the 
optical axis. Specifically, such an interaction on the sample field 
can be written as

﻿﻿  

where j is the imaginary unit so that the tilt illumination serves 
as the multiplication process between the object field and a 
known oblique phase term.

(1)∣u ∣ <
NA

𝜆
,

(2)U0(x) =
√
I0(x)exp
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�
,
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.
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Fig. 3. Overview of the pipeline for autofocusing reconstruction under FPM. The pipeline takes in the entire focusing depth range and samples the corresponding feature 
space as the neural network input. The whole model parameter (yellow box) contains 2 identical MLP neural networks and a learnable weight map. The amplitude network 
(blue network in the yellow box) is used to predict a 3D intensity volume, and the phase network (yellow network in the yellow box) is used for a 3D phase volume. For the 

output, the model predicts a 3D complex phase volume � and a 3D intensity amplitude volume 
√

I, with an optimized 3D weight map. The later stages are all for supervision. 
The upper flow (gray arrow) denotes the process of traditional FPM data fidelity loss, where the measurements (A) are estimated by the Fourier ptychographic differentiable 
process (C) and will be supervised against the captured measurements using L1 loss. The lower flow (green arrow) denotes the physically guided sharpness loss, and it is used 
to optimize the 3D weight map and produce the all-in-focus wide-field frame (B). (D) Our all-in-focus fusion: Each amplitude slice is weighted by the corresponding 3D map 
and averaged to produce the final sharp image.
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  As illustrated in Fig.  3 B, the construction of the oblique 
illumination manifests as a shift in the Fourier domain

﻿﻿   

  Therefore, while the modulated field  U ′    carries higher fre-
quency information along the added oblique illumination 
direction, the resultant intensity is enhanced by one-directional 
resolution, i.e.,

﻿﻿  

where  u� = u +
sin�i

�
    refers to a shift of the frequency selection 

of the window function P, moving the truncation of the CTF 
to a higher frequency domain.

  Suffice it to say that the oblique illumination strategy shifts 
back the unmeasurable higher frequency term within the dif-
fraction limit as implied in  Eq. (6) . Traversing all coded illu-
mination angle  sin�i    outside  NA    results in an extended cutoff 
frequency, whose maximum boundary serves as the illumina-
tion NA  NAill   ﻿  

where  NAill =max
{
sin�i

}
.   

  As such, the captured  ith    LED patch can be referred to as 
super-resolved supervision  Ii

SR
    within the specific region (red 

circle) in the Fourier plane.
  Capturing extended frequency in one plane already requires 

numerous measurements, which extremely restricts the acqui-
sition efficiency of multiple depth planes. Fortunately, in the 
(quasi)-coherent imaging system, the propagation between 
different planes obeys the basic scalar diffraction theory in 
Fourier optics. This allows the multiplexing of the focal plane’s 
measurements as the supervision of different depths, i.e., yield-
ing a reconstruction of a volumetric field rather than just a 
planar one. To be specific, for the complex field  Uz    at arbitrary 
depth z, we physically back-propagate the field to the focal 
plane  z = 0    and implement the supervision. For simplicity, the 
physical back-propagation process is denoted as

﻿﻿  

where      serves as the free-space propagation operator to trans-
port field  Uz0

    from  z0    to  zn   . It can be written as
﻿﻿      

3D feature volume with depth information
  INRs have recently emerged as a powerful paradigm for model-
ing continuous signals by learning a mapping from coordinates 
(e.g., 3D position) to signal values using neural networks. When 
applied to volumetric data, the network learns a continuous 

representation in a 3D neural space, enabling high-fidelity 
reconstruction without discretized grids or voxel storage.

  Our goal is to reconstruct an all-in-focus wide-field frame 

by using the focus depth range  zn ∈
[
z0, zNz

]
    , instead of a single 

focus depth z. Therefore, we sample the object under the micro-
scope in 3D space. To represent a 3D volumetric sample, we initial-
ize 2 identical 3D feature volumes   ∈ ℝ

H×W×Nz =

{
vi,j

}
   . 

Specifically, the spatial coordinates  
(
x, y

)
    are discretized into a 

regular grid covering the FOV, while the entire set of depth 
coordinates  

{
zn
}Nz

n=0
    is normalized to  [−1, 1]   . We then simul-

taneously sample features across all depth planes, producing 
the complete 3D feature volume  V ∈ ℝ

H ,W ,Nz =

{
vi,j

}
   , where 

﻿i, j ∈ ℝ
H ,W   , and each feature v on the spatial map holds a learn-

able feature vector  v ∈ ℝ
Nz   .

  By default, the number of depth layers  Nz    used during train-
ing is calculated as follows:

﻿﻿  

where  DOF    denotes the system’s depth of field, and  zmin, zmax    
define the axial range of the sample.

  However, this configuration is not fixed. Our approach 
allows for freely specifying the number of depth layers,  Nz   , 
depending on the axial complexity of the sample. Our method 
is designed to generalize well to deeper layers. By using the 
continuous depth range representation, the model can adapt 
to denser or sparser sampling along the depth axis.

  Two real-valued MLPs are contained in the model (yellow 
box in Fig.  3 ), and each takes a 3D feature volume V inde-
pendently to generate phase and amplitude components. 
Specifically, they are the phase network (top blue network in 
the yellow box), which is used to generate the predicted 3D 
phase volume  

{
�zn

}

H×W×Nz

   , and the amplitude network 

(middle yellow in the yellow box), which is used to generate 
the expected 3D square-root intensity volume  

�√
Izn

�

H×W×Nz

   . 

Using V as input, each neural network is trained to map the 
vectors  ∈ ℝ

Nz    in V to values in the field of different focus dis-
tance  zn, n ∈ Nz   . Each MLP begins with  Nz    channels in its first 
layer, followed by 2 nonlinear layers with ReLU activations and 
a final linear layer to output the 3D super-resolved intensity 
and phase volume. Bilinear interpolation along the spatial 
dimension addresses gaps in pixel count, yielding a compact 
neural representation that requires only a few thousand param-
eters, speeding up reconstruction.   

Physics-informed focus weight map
  To perceive the focus region, illustrated in Fig.  1 A, we employ 
a weight map W (bottom yellow box in Fig.  3 ). The key motiva-
tion behind this physically informed weight map is that it 
explicitly tells, at different levels of focus depth  zn   , which region 
is the focus region and which region is the defocused region. 
Just as demonstrated in Fig.  4 , when we explicitly sample a tilted 
object (dark blue in Fig.  4 A) in 3D space, we need the weight 
map (3D volume in Fig.  4 B) to perceive where the correspond-
ing focus regions at different focus depths, and the focus regions 
(dark blue rectangles in Fig.  4 B) should be assigned larger 
weights, where the defocused regions should be assigned smaller 
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weights. Please note that here we demonstrate the weight map 
in a discrete way, but in the actual learning process, it should 
be a continuous 3D tensor.        

  To generate one single spatial all-in-focus wide-field frame, 
we rely on the trained weight map W (bottom yellow box 
in Fig.  3 ). The network predicts a 3D amplitude volume 
﻿
√
I ∈ ℝ

H×W×Nz   , where each slice corresponds to the intensity 
response at a different focal depth  zn   . To synthesize the final 
2D output image Y, we perform a weighted fusion across the 
depth dimension by taking a per-pixel weighted mean along z:

﻿﻿  

where  Softmaxz{⋅}    refers to a 1D Softmax operation on the z 
axis for  H ×W     channels. This process adaptively selects the 
most in-focus regions from each depth slice based on the 
learned focus-aware weights. As illustrated in Fig.  3 D, this 
fusion mechanism allows us to retain only the sharpest struc-
tures from different depth layers, thereby producing a clean, 
all-in-focus 2D projection that eliminates depth-dependent 
blurring. Such a strategy mimics the human manual focusing 
process but in a fully data-driven and differentiable way, 
enabling end-to-end optimization during training.   

Physically informed FPM supervision
Data fidelity loss
  To get the supervision from the measured super-resolved image 
stack, we use 2 neural networks to represent the SR amplitude 
and the SR phase at the imaging depth z, i.e.,
﻿﻿  

where  z = 0    is set as the origin on the focal plane, and  �1    and 
﻿�1    refer to the parameters of the 2 neural networks  f1    and  f2   , 
respectively.

  The object complex field can therefore be expressed as
﻿﻿   

  As aforementioned in  Eq. (9) , for any depth layer in the stack 
﻿V, a physical back-propagation process is implemented to mul-
tiplex the supervision on the focal plane. Subsequently, the 
neural network representation of the back-propagated field in 
 Eq. (14)  is integrated into  Eqs. (6)  and  (7) , yielding the all-depth 
data fidelity loss term in FPM

﻿﻿  

where  Nill    refers to the number of the illumination angle and ﻿Ii    is 
the  ith    recorded obliquely illuminated sample intensity. Herein, 
we use smoothL1 loss in PyTorch to guarantee data fidelity.   

Physically guided sharpness loss
  As shown in Fig.  3 , the all-in-focus wide-field frame Y (sub-
image with the green box in Fig.  3 ) is generated using the square 
root of the amplitude I and the weight map W. However, as 
explained in Introduction, one of the major challenges is to 
design an effective supervision strategy that encourages sharp-
ness across the entire FOV.

  Regularization techniques are widely used in computational 
imaging to guide neural network optimization with meaningful 
priors and to improve robustness under ill-posed or unsuper-
vised settings [  34 –  36 ]. Such priors can be structural (e.g., spar-
sity, smoothness, and edge-preserving constraints) and are 
especially valuable when ground truth data are unavailable. 
Inspired by this, we adopt a physically interpretable sharpness 
regularization by computing the L1-norm of the gradient on 
the rendered all-in-focus frame Y (left red box in Fig.  3 ), fol-
lowing the principle of sparsity of gradient (SOG) [  37 ]. This 
encourages sharper reconstructions by emphasizing high-
frequency spatial variations. The full sharpness loss is defined 
in  Eq. (12)  and jointly optimizes the learnable weight map W 
to favor in-focus regions, i.e.,

﻿﻿  

where  �S    is the weight of the sharpness regularizer and 

﻿∇Y (x) =
(
�Y

�x
,
�Y

�y

)T
    refers to the gradient. In our implementation, 

(12)Y =
1
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Nz�
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Softmaxz{W}
�
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�
◦

√
I
�
zn
�
,

(13)
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�
z;�1

�
=
√
Iz(x),

f2
�
z;�2

�
=�z(x),

(14)Uz(x;�) = f1
(
z;�1

)
exp

[
jf2
(
z;�2

)]
.

(15)LD=

Nz∑

n=0

Nill∑

i=0

∥
|
||
{Ui
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(x;�); −zn}

|
||
2

− Î
i

0
(x) ∥1,

(16)LS = −�S
∗|∇Y (x)|1,

Fig. 4. Illustration of tilt or 3D sample under microscope. (A) Dark blue as a tilted sample in 3D space, with a light green plane on each height at a different focusing distance. 
(B) Black areas at different planes as focusing areas at different focusing distances, and where the 3D weight map should be maximized. (C and D) Different illustration for 
random 3D object with random depth pattern compared to (A) and (B).
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the coefficient  �S    is empirically selected to balance the contribu-
tion of the sharpness regularization relative to the data fidelity 
loss. As a form of regularization, this coefficient serves to con-
trol how strongly the model emphasizes sharpness during opti-
mization. A small  �S    might make the model ignore sharpness 
cues, while an overly large value could over-constrain the solu-
tion and suppress useful features. We started from a moderate 
value and conducted sensitivity analyses to ensure stable train-
ing and robust reconstructions across datasets. This kind of 
tuning is consistent with prior works in computational imaging 
and inverse problems, where regularization parameters are 
often adjusted based on the optimization landscape and task-
specific requirements. Importantly, we found that the perfor-
mance was not overly sensitive to the precise value of  �S    within 
a reasonable range. We use  �S = 0.5    for all experiments.

  This simple yet effective supervision allows our approach to 
accurately optimize the physical-guided weight map described 
in Physics-informed focus weight map. The optimized result 
can be found in Fig.  5 . Figure  5 A and C shows the selected 
planes with specific focus depth  z1    and  z2   . Due to different focus 
depths, for a tilted 3D object, the focused region would be dif-
ferent. For example, Fig.  5 A can be focused in the middle, 
where the top and bottom remain blurred. In this case, the 
optimized heatmap with corresponding heatmap (Fig.  5 B) 
would maximize (shown in red) the weight value in the middle 
region and minimize (shown in blue) the weight in the remain-
ing regions. The same applies to Fig.  5 C, where the focused 
region is at the bottom, so the optimized heatmap will provide 
large weights (red) to the bottom. As a result, rendering the 

all-in-focus frame Y using the 3D volume  
�√

I
�

    and 3D heat-
map W produces sharp and focused regions. By adopting the 
physics-informed focus weight map and the physically guided 
sharpness loss, our algorithm does not require any real 3D 

volume object as a label for learning. This enables learning 
directly from raw FPM measurements while exploiting the 
inherent physical constraints of light propagation.        

  As the proposed physically guided sharpness loss provides 
effective supervision, in scenarios, however, where the sample 
exhibits naturally low contrast or minimal textural variation 
(e.g., uniformly stained tissue or homogeneous cytoplasmic 
regions), the gradient magnitude differences between focused 
and defocused regions may be diminished. This could, in prin-
ciple, reduce the effectiveness of our sharpness-based weighting 
scheme. To mitigate this limitation, we designed our framework 
to jointly learn a 3D focus-aware weighting map across the 
depth volume, introduced in Physics-informed focus weight 
map. Rather than relying on local gradient magnitude alone, 
the optimization process encourages global consistency across 
layers, guided by the physical forward model and overall recon-
struction fidelity. This makes our approach more robust than 
purely local sharpness heuristics.     

Results

Dataset and experimental setup
  To demonstrate the effectiveness of our approach, we use the 
dataset collected by [ 24 ]. We categorize all data samples into 2 
types. (a) Tilted samples to represent 3D objects with depth 
under the microscope: Here, we demonstrate that our approach 
is able to reconstruct an all-in-focused wide-field frame, 
whereas existing approaches are only able to image partially 
focused frames. (b) Plane samples with no depth involved: 
Here, we demonstrate that existing approaches require a human 
selection process of picking the right focus depth to produce a 
focused wide-field frame and filtering out all other wrong-
defocused frames. Our approach is agnostic to the accuracy of 

Fig. 5. Blue box: Illustration of optimizing the weight map for a tilted 3D sample under a microscope. The optimized weight map (B and D) produces a high probability (red) in 
the sharp region in the corresponding reconstructed frame with different focus depths (A and C) and a low probability (blue) in the blurred region. This helps us to produce a 
sharp all-in-focus wide-field frame, as described in Eq. (12). Green box: Comparison of segmentation results using the Cellpose [27] on different outputs. (E) Reconstruction 
from [24] where a partial region is focused and the rest remains blurred and defocused. (F) Cellpose segmentation on [24], where blurriness leads to poor segmentation quality. 
(G) Reconstruction for 3D objects from ours that is all-in-focused and sharp across all regions. (H) Cellpose segmentation on our output, showing clear and precise boundaries.
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focus depth and produces the focused sharp wide-field frame 
given a range of input focus depths. For all experiments, we 
compare with (a) reconstruction results from the classic physics 
FPM approach [ 5 ] by picking the most focused frame with 
focus depth z in all focus depth range  z0    to  zNz

   ; (b) the recon-
struction results from the most recent neural-based FPM [ 24 ], 
with random focus depth  z = zn   ; (c) reconstruction results from 
picking the most focused frame with focus depth z in all focus 
depth range  z0    to  zNz

    from [ 24 ]; and (d) ours.   

3D tilted samples
  We used a tilted human blood smear slide to validate our pro-
posed approach on 3D samples. The slide was tilted at an angle 
of 4° relative to the optical axis of the microscope. Illumination 
was provided by a 32  ×    32 LED array (Adafruit, 4-mm pitch) 
and a 16-element LED ring, with an illumination NA matched 
to the objective lens NA (Olympus PLN 10 ×   /0.25 NA). A total 
of 68 LEDs were used for sequential illuminations and imag-
ing at a central wavelength of 522 μm. The LED panel was 

A B C D

Ours

Fig. 6. Visualization comparison of our approach and existing FPM approaches. (A) Reconstruction result from [5]. (B) Reconstruction result from [24] with randomly selected 
depth value. (C) Reconstruction result from [24] with human-selected best depth value. (D) Our reconstruction result without human selection. Our approach is able to 
reconstruct an all-in-focus wide-field frame with clear and sharp results in different regions.

Ours

DA B C E

Fig. 7. Visualization comparison of our approach and existing FPM approaches. (A) Reconstruction result from [5]. (B) Reconstruction result from [24] with randomly selected 
depth value. (C) Reconstruction result from [24] with human-selected best depth value. (D) Reconstruction result from [38]. (E) Our reconstruction result without human 
selection. Our approach is able to reconstruct a sharp, wide-field frame without selecting the correct focus depth.
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positioned 74 mm from the sample. A monochrome camera 
(Allied Vision Prosilica GT6400) with a pixel pitch of 3.45 μm 
was used to capture images. All components were assembled 
and mounted on an Olympus IX51 inverted microscope body.

  To compare visually against existing FPM approaches, we 
demonstrate the visualization comparison in Fig.  6 . Figure  6 A 
shows the physics FPM approach with the best focus depth 
picked by humans: Although most middle regions seem to be 
sharp and clear, the bottom and top regions still remain a blur. 
Panels (B) and (C) of Fig.  6  are both from [ 24 ]. Figure  6 D shows 
the reconstruction results from a classical autofocusing approach 
[  38 ]. The 4 reconstruction results from existing approaches 
remain blurred in different regions. However, ours (Fig.  6 D) is 
able to reconstruct an all-in-focus wide-field frame with sharp 
results across different regions.           

3D plane samples
  We also conduct experiments on plane objects under the micro-
scope. Current FPM algorithms require a focus depth z in focus 
depth range  z0    to  zNz

   . Therefore, it is critical to find the correct 
and suitable focus depth z to produce the focus reconstruction 
result. Otherwise, the reconstruction result will be defocused 
and blurry. However, our approach samples the entire focus 
depth range into 3D space and reconstructs a sharp wide-field 
frame using our proposed physically guided weight map, where 
the defocused frames are assigned less weight. Figure  7  dem-
onstrates the visual comparison between our approach (Fig. 
 7 E) and existing approaches described previously.           

Downstream tasks: Segmentation
  An important aspect of microscopy imaging is that it provides 
further analysis and downstream applications. The quality of 
downstream applications also depends on the reconstruction 
quality of the algorithm. Therefore, to further validate the effec-
tiveness of our proposed method, we assess its utility in com-
puter vision downstream tasks, specifically image segmentation, 
as it enables the precise delineation of structures within com-
plex biological samples, allowing researchers to identify and 
analyze distinct cellular or tissue components. Using the 
Cellpose segmentation framework [ 27 ], we compare segmenta-
tion results on our reconstruction result with those generated 
by [ 24 ].

  In Fig.  5 , panels (E) and (G) present reconstructions of 3D 
objects from [ 24 ] and ours, respectively. Our reconstruction 
(Fig.  5 G) demonstrates uniform focus and sharpness across all 
regions, whereas [ 24 ] (Fig.  5 E) displays a partial region in focus, 
with surrounding areas blurred and defocused. We applied the 
Cellpose segmentation algorithm on both reconstructions of 
the blood smear cell, hoping we could segment out each indi-
vidual cell on a blood smear imaging result under a microscope. 
Cellpose’s output on [ 24 ] reconstruction, shown in Fig.  5 F, 
reveals a massive wrong-segmented area due to blurriness and 
defocused areas. In contrast, Cellpose’s output on our result, 
shown in Fig.  5 H, provides clear, well-defined boundaries, 
indicative of effective segmentation across all regions. By pro-
viding an all-in-focus, high-resolution representation, our 
approach supports downstream tasks in vision, such as seg-
mentation, where clarity across the entire image is essential for 
optimal performance. These results underscore the potential 
of our method to enhance interpretability and accuracy in 
microscopy-based vision applications.    

Conclusion
  We proposed a physics-informed all-in-focus FPM algorithm 
that reconstructs sharp, wide-field images of 3D samples, over-
coming depth-of-field limitations faced by existing methods. 
Our approach addresses limitations in traditional FPM approaches 
by capturing depth information in a learnable 3D feature vol-
ume and introducing a differentiable heatmap to dynamically 
emphasize focused regions across depth layers. We leverage 
unsupervised sharpness loss, enabling it to learn effectively 
without requiring direct supervision. Results demonstrate that 
our approach outperforms existing FPM techniques, achieving 
enhanced image sharpness and resolution across complex 
sample configurations. This framework offers a practical solu-
tion for microscopy applications where depth variation is a 
significant challenge, particularly in biomedical imaging.

  The limitation of our work is that the explored data samples 
in this paper are limited. Specifically, too few 3D samples are 
obtained and used. Therefore, for future work, we would extend 
our work by introducing a new FPM hardware imaging system. 
Another challenge is to obtain a corresponding wide-field all-
in-focused ground truth frame for such a 3D sample. Further 
efforts would also be investigated in this direction. We aim to 
collect and launch a novel dataset for rendering all-in-focused 
3D samples with ground truth under the microscope to con-
tribute to this research community.   
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