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McLDI-INR: mask-constraint lensless dynamic imaging by dual-
domain collaborative implicit neural representation
Wei Li1,2†, Weizhi Song1†, Chenyu Xu1, Bo Xiong3*, You Zhou2*, Xun Cao1 and Zhan Ma1

 

Abstract: Lensless  imaging,  which  replaces  conventional  optical  lenses  with  computational  techniques,  enables
miniaturized and lightweight imaging systems. However, inherent phase loss, manifested as twin-image artifacts and
defocus  noise,  often  necessitates  multi-shot  reconstruction.  This  dependency  induces  spatiotemporal  coupling,
inevitably compromising imaging resolution in dynamic scenarios. To address this, we propose McLDI-INR, an implicit
neural  representation  (INR)  framework  that  integrates  temporal  embedding  with  radial  encoding  for  mask-
constrained  dynamic  lensless  imaging,  enabling  dynamic  scene  reconstruction  from  single-shot  measurements.  A
binary encoding mask modulates the incident wavefront to build an interpretable imaging model, while joint spatial-
and  Fourier-domain  regularization  establishes  a  continuous  spatiotemporal  representation  for  accurate  motion
compensation,  thereby  reducing  artifacts  in  dynamic  scenes.  Experiments  demonstrate  that  our  method  achieves
higher fidelity and resolution, offering a new paradigm for high-dimensional lensless imaging across space and time.
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 1    Introduction
Lensless  imaging1−4 has  emerged as  a  promising technology
to advance next-generation miniaturized imaging systems5,6.
In classical coherent lensless imaging systems, image sensors
integrated  with  wavefront  modulation  elements7−11 directly
capture  the  diffracted  light  field  from  the  target  scene,
followed by computational reconstruction to generate high-
quality images12. By eliminating optical lenses, this architec-
ture  reduces  size,  weight,  and  cost  while  avoiding  optical
aberrations  and  chromatic  dispersion  inherent  to  conven-
tional imaging systems. It  establishes a solid foundation for
miniaturized  imaging  within  the  optical  field  encoding-
computational  decoding  paradigm.  The  versatility  of  lens-
less  imaging  is  evident  in  its  wide  applications,  including
optical  microscopy3,4,9,13,  biomedical  analysis14−16,  digital
holography17,18,  wearable  devices19,  and  deep-space  explo-
ration20.  These  applications  highlight  its  potential  to  tran-
scend the constraints of conventional optics.

Traditional  lensless  imaging  is  often  posed  as  a  regular-
ized  least-squares  deconvolution  problem,  solved  via  itera-
tive  reconstruction  (e.g.,  ptychographic  iterative  engine
(PIE)21) or optimization with gradient- or frequency-domain
sparsity constraints22−24.  However,  diffraction-induced defo-
cus, spatial disorder, and the loss of phase information make
single-frame  measurements  highly  mixed  and  often  unrec-
ognizable,  rendering  lensless  dynamic  reconstruction
severely  ill-posed.  To  reduce  ambiguity,  strong  priors  such
as  spatiotemporal  smoothness25,  sparse  representations26,27,
or  physics-based  constraints28,  have  been  introduced.  But
these approaches rely heavily on accurate prior models  and
are  prone  to  over-regularization,  reduced  spatiotemporal
resolution,  and  motion  artifacts  under  rapid  non-rigid
motion.  Diversity  acquisition  strategies,  including  multi-
height scanning29−31,  multi-angle illumination8,11,  and multi-
wavelength  illumination32,33,  can  improve  robustness  but
entangle spatiotemporal information and introduce artifacts
in dynamic scenes. Thus, achieving high-quality, temporally
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resolved  imaging  requires  a  novel  few-shot  approach  that
effectively  integrates  physical  priors  to  mitigate  measure-
ment deficiencies and suppress motion blur.

Current  compensation  strategies  for  lensless  imaging
include:  1)  physical  constraint  regularization25,28;  2)  sparsity
regularization26;  3)  deep-learning  priors34,35;  and  4)  optical
model priors29,36,37. However, these methods often depend on
assumptions of static scenes or rigid smoothing constraints,
which hinder their capacity to recover spatiotemporal details
and  ultimately  degrade  resolution.  Deep  learning  has
substantially  advanced lensless  imaging2,34,35,38−40.  Supervised
end-to-end  approaches,  such  as  deep  unfolding38,39,  image-
domain  deconvolution35,  and  feature-domain  mapping40,
improve  perceptual  quality  but  depend  heavily  on  large
paired  datasets,  with  limited  generalization  to  unseen
scenarios.  Implicit  neural  representations  (INRs)  or  Neural
radiance  fields  (Nerf)  parameterize  signals  as  continuous
neural  functions  and,  through  coordinate  encoding41−45

embed  low-dimensional  inputs  into  high-dimensional
feature spaces to learn nonlinear mappings. Widely adopted
in  3D  vision46,47,  INR  frameworks  have  recently  been
extended to computational imaging tasks, including lensless
imaging29,37,48,49,  optical  microscopy42,  and  light-field  imag-
ing50.  Their  differentiable  coupling  with  physical  models
enables self-supervised learning and reduces dependence on
paired data.

Nevertheless,  INR-based  lensless  imaging  often  relies  on
multi-diversity  measurements  and  lacks  effective  priors  for
dynamic  scenes29,51,  which  limits  single-frame  recovery  and
spatiotemporal  resolution.  While  INR  has  shown  promise
for  dynamic  reconstruction  in  other  domains52−54,  directly
applying  these  solutions  to  lensless  imaging  still  faces  chal-
lenges arising from differences in the imaging model. Specif-
ically,  1)  data  mismatch:  dynamic  NeRF  relies  on  dense

multi-view  inputs  or  temporally  consistent  observations,
whereas  lensless  imaging  provides  only  single-frame
encoded  measurements  without  phase  information,  lacking
the  viewpoint  diversity  and  temporal  correspondence
required  to  disentangle  spatiotemporal  information;  and  2)
prior  incompatibility:  the  effective  priors  used  by  existing
dynamic  NeRF  methods,  such  as  natural-image-based  data
priors and sparsity constraints, are difficult to reconcile with
the mask-coded diffraction physics of lensless imaging.

In  this  work,  we  propose  mask-constraint  lensless
dynamic  imaging  with  implicit  neural  representation
(McLDI-INR),  a  self-supervised,  single-shot  framework  for
mitigating  spatiotemporal  resolution  loss  and  information
degradation  in  dynamic  scenes  (Fig. 1).  Our  method  inte-
grates  a  space-time  INR  network52,54 with  radial  encoding
and a mask-constrained imaging model, using a binary mask
as an interpretable prior to modulate the incident wavefront.
The  reconstruction  backend  incorporates  a  spatial-
frequency  dual-domain  collaborative  loss,  which  combines
spatial-domain loss with a physics-model-driven frequency-
domain  (PMFD)  loss,  aimed  at  enhancing  the  fidelity  of
reconstructed  continuous  complex  optical  fields.  Experi-
ments  show that  McLDI-INR effectively  suppresses  motion
artifacts  and  simultaneously  improves  both  resolution  and
reconstruction fidelity in lensless dynamic imaging.

 2    Methods
 2.1  Physical modeling of McLDI-INR

To enhance the dynamic imaging capability, we developed a
mask-constraint  lensless  imaging system (see  the  schematic
in Fig. 2). Using a coherent laser source and positioning the
dynamic  object  at  a  sufficient  distance  to  achieve  normal
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Fig. 1 | Method overview. (a) Pipeline of McLDI-INR. The lensless system first captures a raw diffraction image sequence of the dynamic target. A forward
physical  model  of  the lensless  imaging process (Eq.  (4))  is  then established.  McLDI-INR encodes spatiotemporal  coordinates (x,y,t)  to drive a multi-layer
perceptron (MLP) that fits the implicit complex amplitude field of the scene. Using the forward model (Fp(·)) predicted diffraction sequences are generated
and pixel-wise compared with the raw data for self-supervised optimization. (b) Dual-domain collaborative loss. Based on the spatial domain loss, to better
preserve high-frequency details, the physics-model-driven frequency-domain (PMFD) loss module back-propagates both raw and predicted sequences to
the  object’s  in-focus  plane  via  angular  spectrum  diffraction  theory,  obtaining  high-frequency  representations.  Fast  Fourier  Transforms  (FFT)  are  then
applied to compute the frequency-domain loss. Bp(·) denotes the backpropagation computation operator. F(·) denotes the 2D Fourier transform.
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P ∈ Cm×n

(x, y)

O (x, y)
P ·O(x, y) ·

d1

Wk(x, y)

incidence,  the  illumination  can  be  modeled  as  a  constant
plane  wave ,  meaning  that  every  2D  coordinate

 in  the  object  plane  receives  uniform  intensity.  The
complex-amplitude  distribution  of  the  object  is  denoted  as

. Consequently, the illumination complex field at the
object  plane  is  computed  as ,  where  denotes
element-wise  multiplication.  According  to  Fresnel  diffrac-
tion  theory,  after  propagating  a  distance  of ,  the  object’s
exit wavefront at the mask plane  is given by 

Wk(x, y) = PSF(d1) ∗ [P · Ok(x, y)] , (1)
PSF(d1)

d1 k = 1,2, · · · ,K
K

∗

CS(x, y)

where  denotes the point spread function for Fresnel
diffraction over a propagation distance of , 
denotes the indexes of each dynamic measurement,  is the
total  number  of  frames,  and  represents  the  convolution
operator.  We  modulate  the  optical  forward  model  using  a
mask,  denoted  by ,  to  introduce  a  known  physical
prior for subsequent reconstruction.

Wk(x, y) d2

CFk

Moreover,  by  applying  a  unidirectional  dynamic  transla-
tion to the mask, each frame experiences a distinct modula-
tion,  which  captures  inter-frame  differential  information
and enhances single-frame reconstruction quality.  After the
wavefront  propagates  over  a  distance  to  the
sensor, the resulting complex amplitude field  is given by 

CFk = PSF(d2) ∗ [Wk(x, y) · T(CS(x, y), k)] , (2)
PSF(d2)

d2 T

where  represents  the  point  spread  function  when
light  wave  propagates  from  the  mask  plane  to  the  sensor
plane  with  a  distance  of ,  and  denotes  the  translation
operator.

k
Since the sensor can only capture the intensity of the light

wave, the raw diffraction image acquired at the -th frame is 

Ik(x, y) =|CFk(x, y)|2

=|PSF(d2) ∗ [Wk(x, y) · T(CS(x, y), k)]|2 , (3)
|·|

Fp(·)
where  denotes the magnitude of complex value. Thus, the
forward imaging model  can be concisely formulated as 

Fp(k) = |PSF(d2) ∗ [PSF(d1) ∗ (P · Ok) · T(k)]|2 . (4)

k Ok

Ik

Through the forward imaging model in Eq. (4), the high-
resolution target at the -th frame  can be mapped to the
lensless  diffraction  image .  This  forward  computation
process  is  differentiable  and suitable  for  the  implicit  neural
representation described in Section 2.2.

 2.2  McLDI-INR architecture

r(x, y, t) v(x, y) t
(x, y)

t
(x, y)

As  shown  in Fig. 1(a),  McLDI-INR  aims  to  achieve  high-
resolution reconstruction of dynamic targets from raw lens-
less  diffraction  image  sequences.  Considering  the  imaging
system’s  anisotropic  resolution  in  spatial  and  temporal
dimensions,  McLDI-INR applies  positional  encoding in the
temporal  domain and designs a  differentiated spatiotempo-
ral  encoding  strategy.  Specifically,  the  input  coordinate

 is  decomposed  into  and ,  using  distinct
approaches to expand the spatial  coordinates  and the
temporal  coordinate .  In  particular,  McLDI-INR  employs
radial encoding43 for the  coordinates: 

γ(v) =
(

sin(20πRθv), cos(20πRθv), · · · ,
sin(2Lxy−1πRθv), cos(2Lxy−1πRθv)

)
, (5)

Lxy

(x, y) Rθ

θ

where  controls  the  number  of  extended  frequencies  in
the  dimensions,  and  represents  the set  of  rotation
matrices corresponding to coordinate translation angles : 

Rθ =

{[
cos(θj)− sin(θj)
sin(θj)cos(θj)

]}J

j=1
, (6)

Jwhere  denotes  the  number  of  translational  angle
frequencies.

tFor the temporal dimension , McLDI-INR employs stan-
dard positional encoding for expansion: 

γ(t) =
(

sin(20πt), cos(20πt), · · · ,
sin(2Lt−1πt), cos(2Lt−1πt)

)
, (7)
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Lt

Lxy Lt θ

(x, y, t)

gθ(r) :
(x, y, t) → amp, phs→ Ok = amp · ej·phs

Ik
′
= F(gθ(r), k)

Ik
′ Ik

where  denotes  the  number  of  expansion  frequencies
along  the  temporal  dimension;  optimal  performance  for
different objects can be achieved by tuning , , and . By
applying spatiotemporal encoding, McLDI-INR establishes a
continuous  functional  representation  in  the  spatiotemporal
domain .  This  approach  not  only  captures  higher
spatial  frequency  details  but  also  reduces  temporal  motion
blur.  An MLP then  fits  the  high-definition  dynamic  object,
with  the  coordinate-to-image  mapping  defined  as 

.  Consequently,  the
forward model in Eq. (4) produces the predicted diffraction
image  sequence, .  The  loss  between  the
predicted  sequence  and  the  original  sequence  is  then
computed via a dual-domain collaborative loss function: 

L = [α · LMSE(CS (S,D)) + (1− α) · LSSIM(CS (S,D))]
+ [β · LPMFD] , (8)
α β

CS (S,D)
where  and  are hyperparameters that balance the spatial
and  frequency-domain  loss  terms,  respectively. 
denotes the binary mask with feature size S and duty cycle D,
which  models  the  physical  modulation  process  in  the  lens-
less imaging system. Based on Eq. (8), the mask constraint is
incorporated  into  the  spatial-domain  reconstruction  loss,
thereby  enforcing  physically  consistent  modulation  during
optimization and improving reconstruction fidelity.

Ik
Ik

′

For  the  spatial-domain  loss  calculation,  McLDI-INR
simultaneously enforces mean square error (MSE) and SSIM
constraints at  the measurement plane.  The initial  optimiza-
tion is performed by computing a weighted MSE-SSIM loss
between the measured data  and the predicted reconstruc-
tion .

L2

However,  according  to  Parseval’s  theorem55,  spatial  MSE
is  equivalent  to  an  loss  uniformly  weighted  across  all
frequency  components.  This  isotropic  constraint  may
suppress high-frequency details during gradient descent due
to the dominance of low-frequency components. To address
this,  we  introduce  the  PMFD loss  in  the  frequency  domain
to  mitigate  high-frequency  information  deficiencies  in
single-frame reconstruction. By optimizing loss functions in
both  the  spatial  and  frequency  domains,  McLDI-INR
achieves  better  alignment  with  the  lensless  forward  model
during  back-propagation,  ultimately  enabling  high-fidelity
reconstruction of dynamic objects.

 2.3  PMFD loss

Since  recovering  the  original  image  from  a  single  lensless
diffraction image is a highly ill-posed problem, existing self-
supervised  methods  often  suffer  from  issues  such  as  infor-
mation loss and motion artifacts, and constraining solely in
the spatial domain is insufficient to enhance high-frequency
representation.  To  address  these  challenges,  we  propose  a
frequency-domain feature compensation mechanism guided
by a physical model to regularize the solution space.

As  shown  in Fig. 1(b),  the  measured  image,  being  in  a
defocused  plane,  exhibits  significant  attenuation  of  high-
frequency  information,  which  makes  direct  frequency-
domain  constraints  ineffective  for  improving  reconstruc-
tion quality.  We find that mapping the measured data onto
the sample’s  in-focus  plane via  inverse  diffraction propaga-
tion effectively recovers the spatial frequency characteristics
of  the target  scene,  thereby providing a  basis  for  construct-
ing  a  loss  function  that  is  sensitive  to  high-frequency
features.

Bp(·)
Therefore,  based  on  the  forward  model  in Eq.  (4),  we

design the corresponding inverse model  as 

Bp(k) = I(k) ∗ PSF(−d2) ∗ PSF(−d1) , (9)

Bp(·)

Bp(·)

where  is  a back-propagation operator that follows the
Fresnel  diffraction  model  with  a  known  propagation
distance.  This  operator  back-propagates  the  optical  field
carrying  the  structural  information  of  the  mask  to  the  in-
focus  sample  plane.  After  Fourier  transformation,  it
contributes  to  construct  a  frequency-domain  regularization
constraint  in  the  PMFD  loss  that  is  sensitive  to  high-
frequency  information.  The  PMFD  loss  function  based  on
the  operator is calculated as follows 

LPMFD =
1
K
∑K

k=1

∣∣∣F (hn (Bp (Ik)))− F
(
hn

(
Bp

(
I′k
)))∣∣∣ ,

(10)
hn Fwhere  denotes  the  Hanning  window  function  and 

denotes the 2D Fourier transform. The Hanning window is
used to suppress spectral leakage, i.e., reduce spurious high-
frequency  components  caused  by  boundary  discontinuities,
allowing  the  frequency-domain  loss  to  focus  on  true  spec-
tral  structures.  It  also  improves  inter-frame  consistency  in
dynamic  or  multi-frame  scenarios,  enhancing  training
stability.  By  introducing  the  PMFD  loss  in Eq.  (10),  we
impose a regularization constraint in the frequency domain,
thereby  effectively  compensating  for  motion  blur  and
enabling  the  reconstruction  of  finer  texture  details  in
dynamic objects.

 3    Results and discussions
 3.1  Simulation results

 3.1.1  Simulation of dynamic scenes
We evaluated McLDI-INR on a custom dataset for dynamic
lensless  imaging.  Both qualitative  and quantitative  compar-
isons  demonstrate  its  superior  performance  over  state-of-
the-art  methods.  Under  identical  parameter  settings  for
two  scenarios  involving  linear  and  complex  nonlinear
motion  (Fig. 3),  PIE21 suffers  from  severe  distortion  due  to
its single-frame reconstruction without iterative refinement.
Spatiotemporally  regularized  inversion  (STRIVER25)  achie-
ves  single-shot  reconstruction  using  spatiotemporal  priors,
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but strong smoothing reduces resolution. The original Nerf41

shows motion artifacts,  and although temporally embedded
Nerf  (Nerf-T54)  mitigates  some  motion  blur,  it  fails  to
capture  high-frequency  details.  In  contrast,  McLDI-INR
closely  approximates  the  ground  truth  (GT)  by  effectively
compensating  for  motion  and  preserving  high-frequency
components,  achieving  higher  resolution  and  fidelity  for
both linear and nonlinear motions. Its self-supervised train-
ing  further  enables  robust  adaptation  to  scene  transitions,
including natural and microscopic scenes.

Quantitative results (Table 1) confirm these observations:
McLDI-INR consistently achieves the best SSIM (Structural
Similarity  Index  Measure),  PSNR  (Peak  Signal-to-Noise
Ratio), and LPIPS (Learned Perceptual Image Patch Similar-
ity) across three scenarios.

9 um 3 um

25%

3 um 50%

We  also  investigated  the  effect  of  the  encoding  mask
(Fig. 4).  Reconstruction  quality  is  strongly  influenced  by
both  feature  size  and  duty  cycle:  reducing  the  feature  size
from  to  markedly  improves  SNR  and  fidelity,
highlighting  the  superior  wavefront  modulation  of  smaller
masks.  Images  reconstructed  without  a  mask  exhibit
pronounced  artifacts,  and  a  duty  cycle  of  results  in
significant  high-frequency  loss.  Therefore,  all  experiments
employ  a  mask  with  a  feature  size  and  a  duty
cycle to optimize imaging performance.

 3.1.2  Simulation implementation details
Data source. As the integration of  INR with dynamic lens-
less  imaging  in  coherent  microscopy  systems  is  still  rela-
tively  unexplored,  there  currently  exists  no  standardized
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Fig. 3 | visual  comparison  of  McLDI-INR  and  baselines.  We  evaluate  reconstruction  methods  in  two  scenarios.  The  leftmost  column  shows  raw  lensless
captures, while the others present three consecutive frames. McLDI-INR effectively suppresses motion blur under both fast linear and complex non-linear
motion, achieving superior spatiotemporal resolution. It also preserves static background fidelity, closely matching the ground truth (GT).

 

Table 1 | Quantitative analysis.  Frame-averaged metrics  were compared between McLDI-INR and baselines.  (Upward arrows (↑)  indicate that  higher
values  are  better,  downward  arrows  (↓)  indicate  that  lower  values  are  preferable;  boldface  highlights  the  best  performance,  and  underlined  values
denote second-best results).
 

Method
Hela cell Fast car Tennis sport

SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓

PIE21 0.371 30.065 0.604 0.148 27.899 0.725 0.115 28.020 0.777

STRIVER25 0.907 32.231 0.225 0.795 29.121 0.329 0.791 29.001 0.419

Nerf41 0.876 35.593 0.271 0.743 29.034 0.366 0.799 30.963 0.427

Nerf-T54 0.897 36.287 0.249 0.733 28.983 0.380 0.818 30.296 0.392

McLDI-INR 0.964 40.266 0.135 0.920 33.140 0.149 0.941 38.173 0.198
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benchmark  for  evaluation.  To  address  this,  we  selected  a
diverse  range  of  data  types  to  enhance  scene  variability,
including  simulations  involving  complex  natural  motion
scenarios, in order to comprehensively validate the effective-
ness  of  the  proposed  MCLDI-INR  method.  Specifically,  we
integrated  natural  scene  data  extracted  from  computer
vision  conference  literature56,  along  with  selected  subsets
from  the  KITTI  dataset57,  as  well  as  microscopic  image
samples. Dynamic objects were processed using the forward
imaging model Eq. (4) to generate measurements.

gθ

(x, y)
[−1,1] t

[0,1]
θ Lxy

Lt

Network. Our MLP mapping network  comprises eight
fully  connected  layers  with  256  neurons  each,  using  ReLU
activations and a sigmoid output. The  pixel coordinat-
es were normalized to , and the time coordinate  was
normalized  to .  In  our  experiments,  the  radial  coding
angle  was set to 6, the spatial frequency depth  was set
to 7, and the temporal frequency depth  was set to 6.

473 nm

1.85 um

Imaging  system. To  generate  the  simulation  data,  we
followed  the  mask-constraint  lensless  dynamic  imaging
system  described  above.  We  used  a  coherent  laser  with  a
wavelength of .  The mask layer is constructed using
randomly  generated  binary  patterns  in  simulation,  with  a
default feature size of 3 set during the simulation process. A
monochrome camera  with  a  pixel  size  of  served as
the image sensor. The light source-to-object distance was set

2.5 mm
1.5 mm

sufficiently large, with an object-to-mask distance of 
and  a  mask-to-sensor  distance  of .  The  mask  layer
was panned unidirectionally at a rate of 3 pixels per frame.

α = 0.9 β = 0.1

Training.  We trained our network using the Adam opti-
mizer58 with  an  initial  learning  rate  of  1e-3.  An  equally
spaced  learning  rate  schedule  was  used,  halving  the  rate
every 500 epochs, with a batch size of 1 over 2,000 epochs. In
the  loss  function Eq.  (8),  we  set  and  to
balance  the  spatial-domain  and  frequency-domain  loss.  All
experiments  were  conducted  on  an  NVIDIA  RTX  A100
GPU.  For  inference-based  reconstruction  of  a  10-frame
measurement sequence with a resolution of 300×300 pixels,
the GPU memory consumption is approximately 36 GB and
the reconstruction time is about 15 minutes.

Baselines and metrics. We evaluated the performance of
our  method  by  comparing  McLDI-INR  with  baselines,
including  traditional  lensless  imaging  methods  as  well  as
INR-based methods, as shown below:

1)  PIE21 is  widely  used  in  coherent  diffraction  imaging,
where  an  iterative  algorithm  combines  diffraction  intensity
data  from  multiple  local  scanning  positions  to  reconstruct
the  sample’s  high-resolution  complex  amplitude  distribu-
tion. We introduce this method into the single-frame recon-
struction scenario of lensless dynamic imaging.

2)  STRIVER25 leverages  spatiotemporal  signal  priors  to
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Fig. 4 | Analysis of different mask modulation effects. We compared the reconstruction capability of McLDI-INR for complex dynamic scenes when modu-
lated by masks with varying feature sizes and duty cycles. The lower-left corner of each reconstructed frame is annotated with its peak signal-to-noise ratio
(PSNR) calculated against the corresponding ground truth (GT) image. In our experiments, we employed a mask with a feature size of 3 and a duty cycle of
50% to enhance the system’s imaging performance.
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eliminate phase ambiguities and motion artifacts in lensless
dynamic  imaging.  We  employ  the  official  STRIVER  imple-
mentation  with  default  parameters  as  a  benchmark  for
comparison.

3)  Nerf41 is  commonly  employed  in  static  lensless  imag-
ing. We adopt a basic spatial coordinate encoding version of
Nerf as a baseline for comparison.

4)  Nerf-T54 is  an  INR-based  dynamic  scene  reconstruc-
tion  method.  We  refer  to  the  time  encoding  method  in  D-
Nerf54 and  introduce  it  into  lensless  dynamic  imaging  as  a
baseline for comparison.

Details and baseline settings. All baseline methods adopt
a single-frame reconstruction strategy, where each measured
frame  corresponds  to  an  independent  reconstruction  time
point.  For  the  conventional  method  PIE21,  iterative  recon-
struction  is  performed  independently  on  each  frame  with
the  number  of  iterations  uniformly  set  to  100.  For
STRIVER25,  joint  reconstruction is  performed on the entire
video sequence,  with 100 outer iterations and 5 inner itera-
tions,  while  all  other  parameters  are  kept  at  their  default
settings.  For  the  INR-based  baseline  methods  (NeRF41 and
NeRF-T54),  the  MLP  architecture,  training  epochs,  and
computational  resources  are  consistent  with  those  of  the
proposed McLDI-INR method, differing only in the encod-
ing scheme and the use of the PMFD loss, thereby ensuring
a fair comparison.

Evaluation metrics. We report the reconstruction quality
of  each  approach  with  three  standard  error  metrics:  SSIM,
PSNR,  and  perceptual  similarity  through  LPIPS59,  on  both
the entire scene. The reported values are obtained by averag-
ing the metrics across all reconstructed frames.

 3.2  Experiments results

 3.2.1  Dynamic imaging experiments
Using  a  customized  mask-constrained  lensless  imaging
system,  we  conducted  imaging  experiments  on  a  moving
USAF resolution target and dynamic rotifer samples. For the
USAF  resolution  target  experiment,  object  motion  was
simulated with a motorized translation stage to evaluate the
spatiotemporal resolution (see Fig. 5(a)). In the experiments,
adjacent  frames  were  captured  at  intervals  of  0.1  s.  Recon-
struction  results  (Fig. 5(b, c))  show  that  STRIVER  suffers
increasing  blur  across  frames  due  to  large  inter-frame
displacements  and  reliance  on  spatiotemporal  continuity
priors.  In contrast,  McLDI-INR encodes temporal  informa-
tion to more accurately represent spatial  displacements and
applies  the  PMFD  loss  to  enforce  temporal  consistency
across  frames,  effectively  reducing  motion  blur.  Amplitude
profiles (Fig. 5(d)) further demonstrate higher edge contrast
for  McLDI-INR.  Some  digits  remain  missing  in  the  recon-
structed  chart  of  McLDI-INR,  primarily  due  to  optical
throughput  loss  from  the  binary  mask  and  physical  model
deviations,  limiting  single-frame  information  capture.  To

address this issue, we further propose a multi-frame overlap-
ping  reconstruction  strategy  in  the  following  section  to
recover missing details and improve overall fidelity. For the
swimming rotifer  samples,  live  specimens were  placed on a
glass  slide  to  enable  dynamic  imaging.  The  reconstructed
amplitude  and  phase  results  from  single-frame  measure-
ments  are  shown  in Fig. 5(e).  The  proposed  McLDI-INR
method  successfully  resolves  the  motion  details  of  the
rotifers,  such as  tail  contraction and displacement in water,
enabling effective reconstruction even for samples undergo-
ing non-rigid motion.

 3.2.2  Multi-frame overlapping reconstruction strategy

j = 4

To  mitigate  information  loss  caused  by  blocked  regions  of
the  binary  mask  and  mismatches  between  the  physical  and
theoretical  models  in  real-world  experiments,  we  introduce
a  parameter  self-adaptation  mechanism  combined  with  a
Multi-frame  Overlapping  Reconstruction  (MfOR)  strategy.
By  leveraging  inter-frame  correlations,  MfOR  effectively
compensates for missing information, while the self-adapta-
tion  mechanism  reduces  the  impact  of  modeling  errors,
enhancing imaging fidelity and robustness. As illustrated in
Fig. 6(a), MfOR leverages motion continuity and inter-frame
redundancy  by  integrating  multiple  frames  into  a  single
reconstruction.  The  step  size  between  consecutive  recon-
structions is set to 1 to preserve sufficient correlation among
the input frames. Figure 6(b) and 6(c) compare MfOR with
single-frame  reconstruction,  demonstrating  that  MfOR
effectively recovers missing USAF digit details and enhances
spatial resolution. However, since the inter-frame motion is
approximately  8  pixels  (~14.8  μm),  excessively  increasing
the  number  of  overlapping  frames  (e.g.,  in Fig. 6(c))
introduces significant motion blur, where the total displace-
ment  across  overlapping  frames  exceeds  32  pixels
(~59.2 μm). This degradation primarily arises because object
motion  reduces  inter-frame  correlation.  Consequently,
selecting the number of overlapping frames requires a trade-
off  governed  by  the  motion  characteristics  of  the  scene:
faster  object  motion  necessitates  fewer  overlapping  frames.
In summary, the MfOR strategy effectively compensates for
information  loss  by  exploiting  the  overlap  information
between  consecutive  frames,  thereby  improving  the  recon-
struction quality.

 3.2.3  Experimental implementation details
gθ

(x, y)
Lxy = 8

β = 0.01

In  real-world  experiments,  our  MLP  mapping  network 
adopts a  6-layer MLP with 128 neurons per layer to reduce
memory consumption. We also observed that using a larger-
scale MLP yields negligible performance gains in real experi-
ments  due  to  calibration  errors  in  system  parameters.  To
better  capture  high-frequency  spatial  variations,  we
increased the radial encoding frequency depth for the 
axes  to .  Additionally,  the  weight  coefficient  of  the
PMFD loss  was set  to  to  achieve improved recon-
struction  quality.  All  other  parameters  remain  consistent
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with  those  used  in  the  simulation.  For  inference-based
reconstruction of a 10-frame measurement sequence with a
resolution of 400 × 400 pixels, the GPU memory consump-
tion is  approximately  39 GB and the reconstruction time is
about 20 minutes.

473nm

5 mm× 5 mm

1.85 um

In the real experimental system, as shown in Fig. 4(a), we
place a lens directly beneath the laser to collimate the beam,
thereby  achieving  more  uniform  illumination.  The  MBL-
FN-473  laser  light  source  from  changchun  new  industries
optoelectronics  technology  Co.,  Ltd.  was  used,  providing
coherent light with a wavelength of .  Two motorized
translation  stages  move  the  sample  and  the  mask  in  oppo-
site  directions  to  enhance  the  diversity  of  measurements.
The  mask  is  fabricated  on  a  silica  substrate  via  direct  laser
writing:  a  thin  chromium  coating  on  the  substrate  is
patterned  with  a  random  binary  motif  of  feature  size

.  The  image  sensor  used  was  the  Image
Source  DMM  DMK  33UX226  USB  3.0  monochrome
camera, featuring a pixel size of .

 3.2.4  Parameter calibration

d1

d2

(Δxi,Δyj)

To enable accurate algorithmic reconstruction, the acquired
experimental  images  first  undergo  a  calibration  process  to
extract  the  relevant  physical  parameters.  Specifically,  we
employ  the  sparsity  of  the  gradient  (SoG60)  method to  esti-
mate  the  axial  distances  in  the  experimental  setup,  namely
the  sample-to-mask  distance  and  the  mask-to-sensor
distance .  In  addition,  we  adopt  a  displacement  calibra-
tion technique61 based on discrete Fourier transform (DFT)
and  cross-correlation  to  compute  the  positional  offset

 between  the  captured  and  the  designed  mask
patterns for each acquisition.

d1 d2

However, the parameters obtained through the above cali-
bration  procedures  inevitably  contain  errors  due  to  limita-
tions  in  measurement  accuracy.  In  practical  imaging
systems, however, due to the non-ideal uniform planar light
source  and  the  inability  to  maintain  perfectly  horizontal
sample  and  encoding  planes,  the  parameters  obtained
through  the  aforementioned  calibration  procedure  inevi-
tably  contain  errors.  To  address  this,  we  treat  and  as
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Fig. 5 | Real-world  system  design  and  experimental  results.  (a)  System  design  and  measurements:  the  real  system  closely  follows  the  simulation  setup.
Wide-field measurements are captured using an image sensor, and a certain region under the mask (700 × 700 pixels) is selected for reconstruction. (b, c)
Reconstruction results  of  STRIVER and McLDI-INR.  Yellow arrows indicate the motion direction of  the USAF target.  Red boxes  highlight  the 6th and 7th
element  groups.  McLDI-INR  achieves  higher  resolution,  markedly  reduces  motion  blur,  and  produces  a  clearer  background.  (d)  Amplitude  distributions
along the red and blue lines in (b) and (c) show that McLDI-INR produces noticeably sharper profiles than STRIVER across three individual frames. (e) Ampli-
tude and phase  results  of  two swimming  rotifer  samples  using  McLDI-INR.  Our  method successfully  recovers  the  motion  details  of  rotifers,  such  as  tail
contraction and displacement in water.

Li W et al. Intell Opto-Electron 2, 260002 (2026) https://doi.org/10.67704/ioe.2026.260002

260002 (Page 8 of 12)

https://doi.org/10.67704/ioe.2026.260002


learnable  parameters  during  the  neural  network  training
phase  and  optimize  them  using  gradient  descent,  thereby
enabling the recovery of more accurate physical parameters
for improved reconstruction fidelity

 3.3  Ablation experiments

LPMFD

LPMFD

LPMFD

To  validate  the  effectiveness  of  McLDI-INR,  we  conducted
ablation  experiments  under  five  conditions:  without  mask-
constraint (w/o Mask), without temporal embedding (w/o T
Embed),  without  PMFD  loss  (w/o ),  without  both
temporal embedding and PMFD loss (w/o T Embed, ),
and  without  both  mask-constraint  and  PMFD  loss  (w/o
Mask, ).  Experimental  results  are  presented  in
Fig. 7(a). The quantitative analysis is shown in Table 2.

Excluding the mask constraint alone produces reconstruc-
tions  with  high  SSIM  but  markedly  lower  PSNR.  Omitting
the PMFD loss leads to a loss of high-frequency details and
reduced  cell  resolution.  While  removing  temporal  embed-
ding slightly improves reconstruction, likely due to the high
inter-frame  similarity  from  slow  cell  motion,  its  perfor-
mance  still  falls  short  of  the  complete  McLDI-INR  system.
Notably, simultaneously removing temporal embedding, the
mask  constraint,  and  the  PMFD  loss  severely  degrades
image  quality,  highlighting  the  PMFD  loss’s  critical  role  in
preserving  high-frequency  details.  Error  maps  between  the

reconstructed third frame and the ground truth clearly illus-
trate the impact of each component: the PMFD component
contributes the most, and the full strategy exhibits the small-
est  error.  Additional  quantitative  analyses  across  various
scenarios  (Table 2)  further  confirm  the  relative  importance
of each component, with the full strategy achieving the best
overall performance.

Bp(·)

To  further  validate  the  necessity  of  the  PMFD  loss,  we
compared  the  spectral  characteristics  of  the  reconstructed
images  with  and  without  this  loss  function,  as  shown  in
Fig. 7(b).  It  can  be  observed  that,  after  introducing  the
PMFD loss  based  on the  operator,  the  range  of  high-
frequency details in the reconstructed images is significantly
expanded.  In  particular,  the  magnified  high-frequency
texture  details  within  the  red  and  green  boxed  regions
exhibit notably improved reconstruction quality.

 4    Conclusions
We  propose  McLDI-INR,  a  mask-constraint  lensless
dynamic imaging framework based on implicit neural repre-
sentations.  By  integrating  a  physical  model  into  a
spatial–frequency  dual-domain  collaborative  loss,  our
method  effectively  regularizes  the  solution  space  and
achieves  high  spatiotemporal  resolution.  Quantitative  and
qualitative experiments show that McLDI-INR outperforms
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existing computational frameworks, recovering high-quality
images in complex scenarios while suppressing motion blur.
Simulation studies further demonstrate its robustness across
diverse  imaging  conditions,  and  real-world  experiments
validate  its  practicality  and  effectiveness.  The  framework  is
flexible  and  generalizable,  with  potential  extensions  to  3D
dynamic lensless imaging and light-field microscopy.

Like  conventional  INR  methods,  McLDI-INR  uses  an
MLP  to  map  spatiotemporal  coordinates  to  pixel  values,
which  increases  computational  demands  at  higher  resolu-
tions.  It  also  does  not  explicitly  address  occlusions,  which
can degrade reconstruction when inter-frame information is
inconsistent.  The  PMFD  loss  may  be  compromised  by
inaccuracies  in  the  physical  model,  and  irreversible  mask
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Table 2 | Ablation experiments. Quantitative metrics for each component removal.
 

Method
Hela cell Fast car Tennis sport

SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓

w/o Mask 0.968 35.361 0.197 0.869 30.702 0.206 0.871 31.494 0.294

w/o LPMFD 0.897 30.507 0.323 0.880 31.437 0.218 0.868 31.428 0.328

w/o T Embed 0.952 39.632 0.147 0.899 32.262 0.194 0.901 36.576 0.262

w/o Mask, LPMFD 0.875 31.975 0.349 0.772 30.137 0.338 0.812 31.795 0.387

w/o T Embed, LPMFD 0.898 33.712 0.303 0.831 30.405 0.280 0.815 32.679 0.401

Full 0.964 40.266 0.135 0.920 33.140 0.149 0.941 38.173 0.198
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modulation  inherently  limits  available  information  for  its
computation.

Future  work  may  include  optimizing  the  encoding
scheme to reduce the computational cost of ultra-wide field-
of-view  imaging,  exploring  reversible  mask  designs  to
enhance the PMFD loss and further improve reconstruction
performance,  and  addressing  the  degradation  of  the  MfOR
strategy  in  scenarios  involving  rapid  or  highly  non-rigid
deformations  by  introducing  enhanced  approaches  with
explicit  motion  compensation  mechanisms.  Specifically,
optical  flow  estimation62 or  a  deformable  registration
module63 could  be  incorporated  prior  to  reconstruction  to
perform  pixel-level  pre-alignment  of  the  input  frames,
thereby  restoring  effective  inter-frame  correlation  in  high-
speed dynamic scenes.
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