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Fourier ptychography (FP) enables synthetic aperture imaging beyond the coherent diffraction limit of the imaging sys-
tem, yet its extension to long-range scenarios remains fundamentally hindered by atmospheric turbulence. Turbulence
introduces stochastic, time-varying wavefront distortions that violate both the deterministic pupil model and the
coherent spectral overlapping required by FP, rendering conventional reconstruction strategies physically inconsistent.
Here, we propose turbulence-resilient macroscopic Fourier ptychography (TRMFP), a unified computational frame-
work that reformulates FP as a statistically consistent imaging process through random media. TRMFP integrates a
speckle-interferometry-inspired preprocessing stage with a closed-loop ptychographic reconstruction. By exploiting
ensemble statistics from multiple short-exposure measurements at each aperture position, TRMFP recovers turbulence-
suppressed, diffraction-limited sub-aperture images, followed by joint optimization of the object and spatially varying
wavefront aberrations under low-rank and total-variation constraints. Simulations and experiments validate the robust-
ness of TRMFP across a wide range of turbulence strengths (D/r0 = 1.5 to 7.5), achieving∼2× resolution improvement
in 1.5 m phase-screen experiments and ∼1.6× gain under 5 m dynamic turbulence over conventional FP. Without
requiring additional hardware, wavefront sensors, or training data, TRMFP establishes a physically grounded and com-
putationally efficient solution for super-resolution imaging through atmospheric turbulence, bridging the gap between
Fourier ptychography and real-world long-range synthetic aperture imaging applications. © 2026 Optica Publishing

Group under the terms of theOpticaOpen Access Publishing Agreement

https://doi.org/10.1364/OPTICA.592286

1. INTRODUCTION

Spatial resolution of practical optical systems faces two fundamen-
tal limitations: aperture size and atmospheric turbulence. Aperture
size governs the diffraction limit, as described by the Rayleigh
criterion, restricting the minimum resolvable feature size with the
angular resolution given by 1.22λ/D, where λ is the center wave-
length, and D denotes the size of the imaging aperture. Meanwhile,
when the aperture size surpasses the atmospheric coherence diam-
eter r0, the system’s angular resolution transitions from being

aperture-limited to a turbulence-dominated regime. For exam-
ple, atmospheric turbulence limits angular resolution to about
0.5–1 arcsec; consequently, a 4 m telescope has approximately
the same resolving capabilities as a small 10 cm diameter tube [1].
These intertwined physical limitations hinder high-resolution
imaging in scenarios ranging from ground-based astronomy to
airborne surveillance.

Synthetic aperture (SA) imaging attempts to circumvent the
diffraction barrier inherent to single-aperture systems [2,3] by
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synthesizing a large aperture with multiple sub-apertures; the reso-
lution is then determined by the synthetic aperture size, which can
exceed that of a single aperture by orders of magnitude. However,
traditional interferometric synthetic aperture (SA) techniques,
while well-established in radio astronomy [4,5], where phase
coherence can be precisely measured and maintained across long
baselines, encounter difficulties when transposed to the optical
regime. These challenges arise because direct optical detectors
record only intensity, discarding the crucial phase information. An
optical SA system must ensure the confocality (spatial overlap of
focal volumes) and cophase alignment (phase synchronization)
among sub-apertures [6–8], which necessitates ultrahigh-precision
phase detection and dynamic posture control, hindering its
widespread engineering applications.

Fourier ptychography (FP) has emerged as a promising com-
putational SA technique [9,10]. It merges the principle of phase
recovery and SA imaging, achieving sub-diffraction imaging
without strict phase matching requirements. FP reconstructs high-
resolution complex fields by iteratively stitching low-resolution
images captured under varied illumination angles or different
aperture locations. Since its first demonstration [9], FP has gained
substantial research interest, finding significant applications in bio-
medical and pathological studies [10–18]. Efforts have also been
directed toward extending FP principles to macroscopic scales for
long-range imaging [19–28]. In 2014, Dong et al. [19] demon-
strated that by replacing angle-varied illumination with aperture
or camera scanning, FP can be extended to far-field imaging as
macroscopic FP. Subsequent advancements by Holloway et al. [20]
introduced a synthetic aperture visible imaging (SAVI) framework
based on macroscopic FP, followed by a long-range reflective FP
implementation demonstrating a six-fold resolution enhancement
[21]. The recent work has focused on improving macroscopic
FP’s performance, including expanding the imaging field of view
[22,23], reducing speckle noise [24], improving temporal reso-
lution [25,26], correcting aberrations [27,28], and adapting the
method for moving targets [29].

However, these advancements predominantly assume ideal,
turbulence-free conditions, creating a significant gap between
laboratory demonstrations and practical field deployment.
Atmospheric turbulence disrupts imaging through spatiotem-
poral fluctuations in refractive index (1n(r, t)), governed by
Kolmogorov’s k−5/3 power law (k is the wavenumber) [30,31].
Over long propagation paths, accumulated phase distortions
(φturb =

2π
λ

∫
1nds ) fragment the optical wavefront into

speckle patterns and reduce the effective coherent aperture area
to ∼(D/r0)

2 isoplanatic patches governed by Fried’s parameter
r0 [32,33]. For FP, which relies critically on coherent overlap
between adjacent sub-aperture spectra for phase retrieval, this
manifests as two fatal disruptions: (i) dynamic phase errors disrupt
the phase consistency required for sub-aperture stitching, and (ii)
each captured intensity becomes a turbulence-corrupted realiza-
tion, violating the FP forward model. Since turbulence is a fast
time-varying pupil error [34], existing FP aberration correction
techniques (e.g., pupil function recovery [27] and phase diversity
[28]) fail here as they are designed for static errors and lack the tem-
poral resolution required for dynamic turbulence compensation.
Not until the turbulence problem is effectively addressed could FP
be applied in ground-based long-distance implementations.

In this work, we present a turbulence-resilient framework
for long-range Fourier ptychography (FP), termed turbulence-
resilient macroscopic Fourier ptychography (TRMFP), which

integrates a speckle-interferometry-inspired turbulence correction
[35,36] with ptychographic reconstruction in a unified computa-
tional pipeline. The main contributions of this work are three-fold:
(i) We reformulate Fourier ptychography as a statistically consis-
tent imaging problem through random media by introducing a
speckle-interferometry-inspired preprocessing stage that recovers
diffraction-limited sub-aperture images from multiple short-
exposure turbulence-distorted measurements. (ii) We propose a
joint reconstruction framework that simultaneously estimates the
high-resolution object and spatially varying residual wavefront
aberrations, regularized by physically motivated low-rank and
total-variation constraints, enabling robust correction of dynamic
turbulence effects. (iii) We demonstrate, for the first time to our
knowledge, a fully FP-compatible solution for dynamic atmos-
pheric turbulence without additional hardware, wavefront sensing,
or training data, validated through comprehensive simulations and
long-range experiments. This two-stage, closed-loop framework
preserves the hardware simplicity of macroscopic FP while signifi-
cantly extending its applicability to real-world long-range imaging
scenarios.

In the following sections, we first introduce the theoretical
foundation and algorithmic implementation of the proposed
method. We then validate our method with numerical and experi-
mental results. Finally, we summarize the results and discuss future
directions.

2. METHOD

A. Imaging Model and Problem Formulation

In this work, we focus on atmospheric turbulence, which originates
primarily from temperature-induced refractive-index fluctua-
tions. Three important parameters govern the optical effects of
atmospheric turbulence: the Fried parameter r0, characterizing
the transverse spatial coherence length; the atmospheric coherence
time t0, describing the temporal scale over which the wavefront
remains correlated; and the isoplanatic angle θ0, defining the
angular region over which the point-spread function (PSF) can be
considered approximately invariant. Detailed descriptions of these
parameters are presented in Appendix A.

These parameters collectively define the boundaries of our
study. The turbulence strength is quantified by the ratio D/r0, here
D is the aperture diameter. To freeze the turbulence dynamics, we
employ short-exposure acquisitions, with exposure times shorter
than t0. Furthermore, we adopt an isoplanatic imaging model,
under which the PSF is assumed to be spatially uniform across the
field of view. This simplification allows us to treat the turbulence-
induced blur as a position-invariant pupil function during the
reconstruction.

With this turbulence model in place, the forward formation
model is depicted in Fig. 1(a). The TRMFP system employs a
coherent laser source and a projective lens to illuminate the target,
with reflected light captured by a translating camera to acquire
low-resolution (LR) images across multiple scanning positions.
While sharing the core architecture of conventional macro-FP
systems, TRMFP introduces a critical operation: at each scanning
position, multiple short-exposure images are captured to sample
turbulence-distorted realizations, as shown in Fig. 1(b). The expo-
sure time should be shorter than the turbulence coherence time
(typically<10 ms [37,38]) to “freeze” the atmospheric turbulence.
Notably, this multi-frame acquisition strategy fundamentally
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Fig. 1. Principle of turbulence-resilient macroscopic Fourier ptychography (TRMFP). (a) A distant object is illuminated with a coherent source; the
reflected signal is captured by a camera through turbulent media. The camera then scans across the desired synthetic aperture. In each scanning location, N
short-exposure random-distorted raw images are captured. (b) By translating the camera to J positions, a total of J × N images are captured. Preliminary
turbulence mitigation is performed for raw images at each scanning location, then (c) the turbulence-suppressed data, which is composed of J recovered
diffraction-limited images, is obtained. After computational reconstruction with residual-aberration correction and denoising, we finally obtain (d) the
recovered high-resolution images.

differs from approaches like SAVI [21], where frame averaging
aims to reduce read noise and increase dynamic range. In contrast,
TRMFP’s short-exposure sampling is specifically designed to cap-
ture independent turbulence realizations for subsequent processes
that mitigate wavefront distortions. The image formation model
can be summarized as

In, j (x)∝ |F{�(u− u j) · Pn, j (u)}|2, (1)

where x and u denote the spatial and spatial-frequency coordi-
nates, respectively, with u j representing the relative frequency
shift induced by the j th aperture position. The complex wave-
field emanating from the object is described by �(u), and the
pupil function is modeled as Pn, j (u), which accounts for the nth
unique turbulence distortion at j th aperture position. The Fourier
transform operator is denoted byF{·}. The nth captured intensity
image, corresponding to the j th aperture position, is expressed
as In, j (x), where the subscript n indexes sequential acquisitions
under turbulence-distorted conditions at the same frequency
spectrum location.

If we randomly select one short-exposure image as the mea-
surement I meas

j at each scanning position, the optimization
problem can be formulated as

min
�,{P j }

∑
j

∣∣∣∣∣∣|F−1
[P j ·�]| −

√
I meas

j

∣∣∣∣∣∣2
2
. (2)

This is a highly ill-posed problem. The number of unknowns
(the object plus a distinct pupil for each scanning position) vastly
exceeds the available intensity measurements. More critically, the

wavefront perturbations induced by turbulence can vary dramati-
cally across different scan positions, substantially increasing the
difficulty of inversion. Conventional FP can only correct static
pupil errors and is therefore unlikely to be suitable for real-time
correction. Phase diversity [28] represents a promising approach,
but it introduces additional system complexity.

In this work, we adopt a two-stage approach, as shown in
Figs. 1(b)–1(d). The first-stage processes the short-exposure stack
at each scan position [Fig. 1(b)] to obtain a turbulence-suppressed,
diffraction-limited sub-aperture image [Fig. 1(c)], effectively
reducing the magnitude of pupil variations and providing a well-
conditioned starting point for further refinement. In the second
stage, we propose a joint optimization that simultaneously recovers
the spatially varying pupil functions and high-resolution target
[Fig. 1(d)]. This is achieved through an iterative scheme with
embedded orthogonal-mode and total-variation constraints,
which corrects residual aberrations within the reconstruction loop.

B. Preliminary Turbulence Mitigation

The preliminary turbulence mitigation step is founded on
a principle derived from speckle interferometry [35,39]: a
diffraction-limited sub-image can be computationally recov-
ered from an ensemble of short-exposure, turbulence-distorted
captures by leveraging their inherent statistical information. Here,
the short-exposure condition ensures that each frame freezes a
distinct turbulence realization while the object’s intrinsic speckle
pattern remains static; thus, ensemble-averaging operates on the
random turbulent point-spread functions, preserving the object’s
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speckle statistics for subsequent recovery. To this end, TRMFP
introduces a novel preprocessing step that corrects atmospheric
turbulence in FP’s raw sub-images, enabling robust reconstruction
under adverse conditions.

The recovery of diffraction-limited sub-images proceeds in
two distinct stages: (1) estimation of the Fourier amplitude, and
(2) retrieval of the Fourier phase. A fundamental consideration is
that while speckle interferometry typically relies on an incoherent
imaging model, FP is inherently based on a coherent model. To
reconcile this discrepancy, we formulate the image degradation
process as a convolution of the original sharp image I (x) with an
unknown, random blur kernel hn(x), expressed as

In(x)= I (x)⊗ hn(x), (3)

and

Ĩn(u)= Ĩ (u) · H̃n(u), (4)

where⊗ denotes the convolution operator, In(x) denotes the nth
distorted image, and Eq. (4) is the Fourier transform of Eq. (3). It
is important to emphasize that this reformulation does not imply
a loss of coherence in the physical imaging system. Rather, it serves
as a statistical surrogate model that enables robust recovery of
the object’s Fourier amplitude under random phase perturba-
tions induced by atmospheric turbulence. The established image
degradation model is now formally consistent with the incoherent
imaging model. We aim to recover the original sharp image I (x)
from the distorted image In(x), which is equivalent to recovering
its Fourier spectrum Ĩ (u). Short-exposure images retain high-
spatial-frequency information up to the diffraction limit, despite
turbulence-induced phase corruption. By ensemble-averaging
the power spectra <| Ĩn(u)|2 > of multiple distorted images, the
original image’s Fourier amplitude | Ĩ (u)|2 can be retrieved as

< | Ĩn(u)|2 >= | Ĩ (u)|2·< |H̃n(u)|2 >, (5)

where <|H̃n(u)|2 > is the energy spectrum of the turbulent
point-spread function (PSF), which describes how the spectral
components of the image are transmitted by the atmosphere and
the imaging system. At every moment, this function is unknown,
but its time-averaged value can be determined as non-zero up to the
diffraction limit under stationary turbulence conditions.

Merely obtaining the Fourier amplitude is insufficient for
sub-image reconstruction. The complete recovery of Fourier phase
information is fundamentally indispensable. Here, we propose
to use a FP shift-and-add approach to estimate the Fourier phase.
To start with, the nth distorted kernel hn(x) that is randomly
generated by turbulence can be represented as

hn(x)= h ideal(x)⊗ Rn(x), (6)

where h ideal(x) is the ideal diffraction-limited PSF, and Rn(x) is
the nth instantaneous random position and weights caused by
random distortion. When simply ensemble average hn(x), only a
constant featureless blur is obtained, because

< hn(x) >= h ideal(x)⊗< Rn(x) >

= h ideal(x)⊗ constant background

= constant background. (7)

But if we perform coherent averaging of hn(x) by first shift-
correcting it to make its maximum value at the origin, and then
ensemble-averaging the shift-corrected hn,corr(x), a different
outcome will occur:

< hn,corr(x) >

= h ideal(x)⊗< Rn,corr(x) >

= h ideal(x)⊗< a ′nδ(x)+ R ′n,corr(x) >

= h ideal(x)⊗< a ′nδ(x) >+ h ideal(x)⊗< R ′n,corr(x) >

= h ideal(x)+ constant background, (8)

where a ′nδ(x) are maximum values at the origin, and R ′n,corr(x)
are the remaining random terms. One can see that by simply
shift-correcting hn(x) before averaging, the ideal PSF h ideal(x)
is preserved. Since both h ideal(x) and the constant back-
ground are real-valued and symmetric, the Fourier transform
of <hn,corr(x) > is purely real, resulting in a zero-phase Fourier
spectrum. Moreover, the Fourier amplitude of <hn,corr(x) > has
nonzero values up to the diffraction limit. Therefore, combin-
ing with Eq. (3), the Fourier phase of an object can be directly
retrieved through simply coherent averaging randomly distorted
images:

φ(u)=∠F{Iavg(x)}, (9)

where φ(u) is the retrieved phase, and Iavg(x) is the averaging of
the shift-corrected {In,corr(x )}. Combining Eqs. (8) and (9) yields
the turbulence-corrected image:

I post(x)=F−1
{< | Ĩ (u)|> · exp(iφ(u))}, (10)

where F−1
{·} denotes the inverse Fourier transform. Notably, the

pivotal step enabling turbulence mitigation for FP is the recov-
ery of the Fourier phase φ(u) via Eq. (9). This retrieved phase,
combined with the Fourier amplitude, allows the reconstruction
of the diffraction-limited image I post(x) for each sub-aperture
j . We summarize the whole process of preliminary turbulence
mitigation in Algorithm 1. Following this, the turbulence-
suppressed images enter a refinement process, which is detailed in
Section 2.C.

Notably, the number of frames N per scanning position is
critical for preliminary turbulence mitigation. Larger N improves
reconstruction fidelity but increases acquisition time and com-
putational load. We find that N = 20 provides a practical balance
between performance and efficiency under moderate turbulence,
while N = 50 is recommended for stronger turbulence to ensure
robust recovery. Accordingly, we adopt N = 50 in simulations and
N = 20 in experiments throughout this work.

C. Residual Aberration Correction

Under conditions of strong turbulence or with an insufficient
number of short-exposure frames, the initial processing stage
may not fully eliminate all wavefront distortions, leaving residual
aberrations in the preliminary sub-aperture images. To achieve
a final diffraction-limited reconstruction, TRMFP introduces a
subsequent correction mechanism specifically designed to address
these residual phase errors.

Building upon the pre-corrected data, the residual aberrations,
though still exhibiting a spatially varying nature, are significantly
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Algorithm 1. Preliminary Turbulence Mitigation

Input: J × N distorted raw images In, j (x), a selected reference image
I0(x)
Output: J turbulence-suppressed images I post

j (x)
1: for j= 1 : J do F different scanning positions

2: <| Ĩ j (u)|>=
√

1
N

∑
| Ĩn, j (u)|2 FExtract

Fourier amplitude
3: for n= 1 :N do F short exposure measurement
4: 1x← I0(x) ? In, j (x) FCross-correlation
5: In,corr(x)= In, j (x +1x) F Shift correction
6: Iavg(x)= 1

N

∑
In,corr(x) FEnsemble average

7: φ j (u)=∠F{Iavg(x)} FExtract Fourier phase
8: I post

j (x)=F−1
{< | Ĩ j (u)|> · exp(iφ j (u))} F Image

reconstruction

reduced in magnitude compared to the original turbulent dis-
tortions. These residual aberrations can be modeled by a set of
spatially varying pupil functions {P j }. This prior stabilization
effectively confines the solution space and lowers the ill-posedness
of the subsequent joint estimation, thereby opening the possibility
for stable and efficient joint reconstruction of the object spectrum
�(u) and the pupil functions {P j }. Here, we reformulate the
optimization problem as

min
�,{P j }

∑
j

∥∥∥∥∣∣F−1
[
P j ·�

]∣∣−√I post
j

∥∥∥∥2

2

+ λsupport

∑
j

Rsupport (P j )+ λTV

∑
j

RTV(P j )

× s.t. rank(P)≤ R, (11)

where P= [P1, . . . , PJ ] stacks all pupil vectors, the first term is
the data fidelity term, the second and third terms are the pupil sup-
port and pupil total-variation (TV) regularizer, respectively. The
parametersλsupport andλTV balance the strength of the support and
total-variation terms. The rank constraint restricts the pupil varia-
tions to a subspace of dimension R� J . Physically, the imposed
low-rank constraint reflects the fact that residual turbulence-
induced aberrations across different scanning positions are highly
correlated and dominated by a limited number of common modes,
rather than being independent random distortions.

To solve this problem, we propose an alternating projection
algorithm, which extends the embedded pupil function recovery
(EPRY) approach [40] by integrating proximal operations for the
physical constraints and a global low-rank projection step. The
procedure can be summarized in two nested loops.

In the inner loop, we perform a sequential scan over all measure-
ment positions. For the j th position, we retrieve the corresponding
pupil estimate P j from the current pupil stack. The pupil is then
regularized via a total-variation proximal operator to promote
spatial smoothness:

P̃ j = proxλRTV
(P j ), (12)

which is implemented using the fast gradient projection
algorithm [41].

A binary support mask CTF defined by the system aperture
(one inside the pupil support, zero outside), is subsequently
applied to enforce the physical aperture boundary:

P̂ j = P̃ j ·CTF. (13)

Using the regularized pupil P̂ j , we update the object spec-
trum and the pupil simultaneously using the EPRY approach.
The update rules follow the standard gradient descent scheme on
the data fidelity term, yielding new estimates for both � and P j .
Notably, the support constraint is enforced again on the newly
updated pupil to ensure physical consistency before it is stored back
into the stack.

After a complete pass through all scanning positions, in the
outer loop, the entire set of estimated pupils is organized into
the matrix P= [P1, . . . , PJ ]. This matrix is projected onto the
rank-R matrix via truncated singular value decomposition (SVD):

P←5rank≤R(P)=U:,:,R6:,:,R V ∗
:,:,R , (14)

where the U , 6, and V are the factors of the SVD of P. This step
enforces that all pupil estimates share a low-dimensional subspace,
thereby capturing the correlated nature of the residual turbulence
aberrations across scanning positions [18,42,43]. Additionally,
the rank R is selected based on the singular value spectrum of the
pupil matrix. We retain the top singular components capturing the
dominant energy (e.g., 95% of the total). Across our experiments,
we find that R = 5 consistently yields stable reconstructions when
the first-stage mitigation is effective. For stronger turbulence where
first-stage processing fails, reconstruction quality is limited by
the preprocessing stage rather than the choice of R . The whole
recovery process is summarized in Algorithm 2.

3. SIMULATIONS

In this section, we use simulation to benchmark our method and
characterize its performance. Images of 256× 256 pixels are served
as the object, the wavelength is set to 632 nm, the simulated pixel
size is 2.4 µm, and the F-number is set to 8, resulting in a pupil
diameter of 60 pixels. A synthetic aperture is formed by simu-
lating a 11× 11 grid of camera positions with a step size of 12
pixels, which corresponds to an overlap ratio of approximately
87.26% in the Fourier domain between adjacent measurements.
This relatively high overlap was chosen to ensure stable phase
retrieval, as lower overlap reduces spectral redundancy between
adjacent sub-apertures, weakening phase constraints and poten-
tially introducing artifacts. Previous studies [20,21,40] suggest
that overlap above 65% is generally sufficient for stable phase
retrieval in conventional FP, and we anticipate a similar trend for
TRMFP, with robust performance above this threshold and grace-
ful degradation as overlap decreases further. At each position, 50
turbulence-distorted short-exposure images are generated.

The turbulence-distorted images are simulated based on the
classical phase-screen method with Zernike polynomials (see
Appendix B) [30,31]. Notably, the degree of turbulence is quan-
tified using the parameter D/r0 [32]. Resolving power is limited
by the imaging system itself only when D< r0, in other cases it is
limited by the turbulence. Therefore, the larger the value of D/r0,
the more severe the turbulence and the lower the resolution.

A. Comparison of Different Methods

To verify the effectiveness of TRMFP, we conducted simulations
to compare the proposed TRMFP with conventional FP and FP
with simple averaging at a fixed turbulence level (D/r0 = 5). For
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Algorithm 2. Fourier Ptychographic Reconstruction with Orthogonal Pupil Constraints via Alternating Projections

Input: The turbulence-suppressed images I post
j (x), j = 1, ... , J

Output: The object spectrum�(u) and the spatially varying pupil functions {P j (u)}
1: for k= 1 :K do F iterations
2: for j= 1 : J do F different scanning positions
3: P j (u)= Pk(:, :, j ) FExtract j -th pupil
4: P̂ j (u)= proxλRTV

(P j (u)) ·CTF FTV regularization and support constraint
5: 9 j (u)=�k

j (u− u j ) · P̂ j (u)
6: ψ j (x)=F−1

{9 j (u)} F Forward propagation

7: ψnew
j (x)=

√
I post

j (x) · exp{i · angle[ψ j (x)]} F Intensity constraint

8: 9new
j (u)=F{ψnew

j (x)}

9: �k+1
j (u− u j )=�

k
j (u− u j )+

conj( P̂ j (u))

max2(| P̂ j (u)|)
×[9new

j (u)−9 j (u)] FUpdate object spectrum

10: P̂ new
j (u)= P̂ j (u)+

conj(�k
j (u−u j ))

max2(�k
j (u−u j ))

× [9new
j (u)−9 j (u)] FUpdate j -th pupil

11: P̂ new
j (u)= P̂ new

j (u) ·CTF F Support constraint
12: Pk+1(:, :, j )= P̂ new

j (u) F Put into pupil stack
13: Pk+1

←5rank≤R (Pk+1)=U:,:,R6:,:,R V ∗
:,:,R F SVD low-rank projection

Fig. 2. Comparison of different methods for various test images (from left to right: USAF target, House, Storage tanks). (a) The ground -truth. (b) The
reconstructions using conventional FP. (c) The reconstructions using FP with simply averaged data. (d) The reconstructions using TRMFP.

TRMFP reconstruction of the dataset, an initial step involves
performing preliminary turbulence mitigation on the 50 distorted
images at each measurement position to obtain a turbulence-
corrected intensity estimation. This pre-corrected dataset is then
reconstructed using our proposed FP algorithm with residual-
aberration correction. For conventional FP, a single distorted
image is randomly chosen from each position to form the basis
of FP reconstruction. For simple averaging, all the distorted
images from each position are averaged to obtain an equivalent
long-exposure image. All three methods employ 100 iterations of

their respective FP reconstruction routines, and their results are
quantitatively evaluated with the structure similarity index (SSIM,
see Appendix C) by comparing the reconstructed images with
respect to the ground -truth.

Figure 2 presents a comparative analysis of the reconstruc-
tion results across various test images. Conventional FP, with low
SSIM scores (0.1307, 0.6335, and 0.4449), yields results severely
degraded by turbulence, exhibiting significant artifacts and a loss
of fine details. The simple averaging approach (SSIM: 0.1874,
0.6830, and 0.5116) also fails to effectively address these issues, as
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its inherent long-exposure equivalence suppresses high-frequency
information. Conversely, TRMFP achieves substantially supe-
rior performance, with high SSIM values (0.2720, 0.7720, and
0.8253) and visually enhanced sharpness and detail. These results
prove that neither conventional FP nor simple averaging can
overcome turbulence-induced degradation, whereas TRMFP
effectively restores high-resolution information under strong
turbulence.

B. Performance under Various Turbulence Intensities

To test the boundaries of our method, we evaluated the per-
formance of TRMFP under different turbulence intensities. We
simulated 14 different turbulence levels by adjusting the values of
D/r0 from 3.5 to 10 at intervals of 0.5 and presented visualization
results for four of them, as shown in Fig. 3. Again, to demonstrate
TRMFP’s superiority, the results of conventional FP are compared.

The performance comparison under varying turbulence inten-
sities is summarized in Figs. 3(a) and 3(c). Under mild turbulence
(D/r0 = 3.5), both methods yield reasonable reconstructions,
with TRMFP (SSIM= 0.8684) already outperforming con-
ventional FP (SSIM= 0.7677). As turbulence intensifies to
D/r0 = 5, FP shows significant degradation (SSIM= 0.5460),
whereas TRMFP maintains high fidelity (SSIM= 0.7880). Under
strong turbulence (D/r0 = 7.5), FP reconstructions become
severely blurred (SSIM= 0.3734), while TRMFP continues to
deliver usable results (SSIM= 0.6630). Even in extreme turbu-
lence (D/r0 = 10), TRMFP retains discernible structural details
and an SSIM of 0.4586, demonstrating consistent resilience. The
overall SSIM trends across all turbulence levels, shown in Figs. 3(b)
and 3(d), confirm the clear and sustained superiority of TRMFP.

C. Robustness to Optically Rough Objects

Since real-world objects often scatter incident light in random
directions because of surface roughness, it is essential to examine
our method for optically rough objects. The rough objects are sim-
ulated by adding random phase terms to the original objects. Here,
we use the USAF resolution target as the object’s amplitude, while
its phase is randomized between−π to π . The results of TRMFP
and conventional FP for the rough object under different turbu-
lence conditions are shown in Fig. 4, where we quantify the results
with the Pearson correlation coefficient (PCC; see Appendix C).

The reconstruction results for both FP and TRMFP on opti-
cally rough objects are presented in Figs. 4(a)–4(d). As evident
from the images, the reconstruction quality is compromised not
only by atmospheric turbulence but also by significant speckle
noise arising from surface roughness. To address this combined
degradation, we incorporate a speckle denoising step [24] into
our processing pipeline. The denoised results, shown in Figs. 4(b)
and 4(d), reveal a stark contrast in performance as turbulence
intensity increases. While conventional FP reconstructions
become severely blurred under stronger turbulence, TRMFP
maintains remarkable resilience to turbulence-induced degrada-
tion. Quantitatively, under mild turbulence conditions (D/r0 =

1.5), both methods achieve high-fidelity reconstructions with
PCC values of 0.8923 (FP) and 0.9311 (TRMFP). As turbu-
lence intensifies, FP performance degrades substantially (PCC=
0.7878), whereas TRMFP maintains excellent fidelity (PCC=
0.9026). Under extreme turbulence conditions (D/r0 = 5 and
D/r0 = 7.5), FP results become completely blurred with PCC
values dropping dramatically to 0.6654 (D/r0 = 5) and 0.5701
(D/r0 = 7.5). In contrast, TRMFP continues to resolve critical
features while maintaining substantially higher PCC values of
0.8857 (D/r0 = 5) and 0.8334 (D/r0 = 7.5).

Fig. 3. Comparison of the performance of FP and TRMFP under various turbulence intensities. (a) Representative visual results of the House image.
Columns: turbulence regimes (left to right: D/r0 = 3.5, D/r0 = 5, and D/r0 = 10). (b) The SSIM values of FP and TRMFP results for the House image
against the turbulence intensity. (c) Representative visual results of the Storage tanks image. (d) The SSIM values of FP and TRMFP results for the Storage
tanks image against the turbulence intensity.
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Fig. 4. Quantitative analysis of the robustness of our method to optically rough objects. (a) FP reconstructions without denoising. (b) FP reconstructions
with denoising. (c) TRMFP without denoising. (d) TRMFP with denoising. (e) Quantitative comparison of the intensity profile along the indicated line
traces in (b). (f ) Quantitative comparison of the intensity profile along the indicated line traces in (d). (g) The PCC values of FP and TRMFP results against
the turbulence intensity.

The superiority of TRMFP is also underscored by quantitative
analysis of line traces across bar groups in reconstructed images,
particularly through contrast metric evaluation. The contrast
metric C is mathematically defined as

C =
W − B
W + B

, (15)

where W and B represent the mean intensity values of white and
black bars, respectively, extracted from the line trace profiles.
As demonstrated in Figs. 4(e) and 4(f ), the FP method exhibits
contrast values of 0.93, 0.77, 0.68, and 0.55 under increasing
turbulence conditions, while TRMFP maintains significantly
higher contrasts of 0.92, 0.90, 0.87, and 0.74. This trend confirms
that TRMFP preserves superior contrast stability across varying
turbulence levels.

We further evaluate the results of both FP and TRMFP under a
broad range of turbulence intensities (D/r0 = 1.5 to 10, with 0.5
increments). As presented in Fig. 4(g), conventional FP demon-
strates dramatic performance degradation beyond D/r0 = 2,
with PCC values plummeting rapidly. In contrast, TRMFP
exhibits robust performance, maintaining PCC> 0.85 even at
D/r0 < 7.5. Collectively, these results demonstrate that TRMFP
retains remarkable effectiveness for reconstructing optically rough
objects under challenging turbulent conditions.

D. Validation of Residual Aberration Correction

In this section, we focus on evaluating the effectiveness of the
proposed residual-aberration correction (RAC) algorithm
independently. The residual wavefront errors are simulated using
the same phase-screen model based on Zernike polynomials as

employed for turbulence generation. It is crucial to note that, since
we are modeling the scenario after preliminary turbulence correc-
tion, each scanning position corresponds to a single sub-aperture
image degraded by these residual aberrations, rather than a stack
of short-exposure frames. To this end, we design two targeted
numerical experiments to validate the algorithm’s performance
and illustrate its practical bounds.

The first set compares the reconstruction performance under
moderate residual aberrations (characterized by D/r0 = 3). We
contrast the results of conventional FP reconstruction (which
assumes a static pupil) with those of RAC that jointly estimates
the object and the spatially varying pupils. As shown in Fig. 5(a1),
the significant improvement in reconstruction fidelity achieved by
RAC clearly demonstrates its effectiveness.

The second set examines the performance dependence on the
strength of residual aberrations. We present pupil reconstruction
results for both moderate (D/r0 = 3) and strong (D/r0 = 5)
residual errors using our correction algorithm. As shown in
Figs. 5(b)–5(d), the comparison reveals that while the method
performs robustly for moderate aberrations [Figs. 5(c1)–5(c3)],
its effectiveness diminishes when the residual errors become too
severe [Figs. 5(d1)–5(d3)]. This indicates that the proposed RAC
achieves stable convergence only when the aberrations remain
within a moderate range. The inherent limitation highlights the
necessity of a preliminary turbulence-correction stage, which
reduces strong turbulence to a level tractable for the subsequent
aberration correction. The effectiveness of this two-stage strategy
is confirmed again in Fig. 5(a2), where the full TRMFP pipeline
delivers substantially superior reconstruction quality even under
strong turbulence.
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Fig. 5. (a1) The reconstructed object intensity with regular FP and our proposed residual-aberration correction (RAC) algorithm under moderate
turbulence. (a2) The reconstructed object intensity with RAC and the full TRMFP method under strong turbulence. (b1)–(b3) Ground -truth of pupil at
different scanning positions. (c1)–(c3) Pupil recovery at different scanning positions under moderated residual phase errors. (d1)–(d3) Pupil recovery at
different scanning positions under strong residual phase errors.

4. EXPERIMENTS

A. Validation with Phase Screens

We conduct a proof-of-concept experiment to demonstrate
the performance of the proposed method using phase screens.
The experimental setup is shown in Fig. 6(a), and Table 1 reports
the details of the experimental setup, where we employ a 639 nm
laser source coupled to a single-mode fiber and collimated through
a plano-convex lens (L1, focal length: 200 mm) to produce the
illumination beam. The target is positioned 1.5 m away from the
detection system. In the detection arm, a rotatable phase screen
is placed in front of the camera to generate random turbulence
distortion. A linear polarizer filters noninterference background
light. Light from the target is collected using a photographic
lens (L2, focal length: 50 mm, f /8 aperture) and detected by
a monochrome camera (Imaging source, 2.4 µm pixel pitch).
Two motorized stages are used to raster-scan the camera to dif-
ferent x–y positions with a step size of 1.5 mm, resulting in 85%
Fourier domain overlap between adjacent positions. We note that
the cross-correlation step in TRMFP’s preprocessing provides
inherent image registration, compensating for small positioning
inaccuracies or stage jitter, and any residual errors can be absorbed
into the per-position pupil estimation during joint optimization.
At each scanning position, the phase screen is rotated to multiple
angles to capture degraded images under different turbulence
disturbances. Notably, the phase screen is placed solely in the
detection arm, which means that we only consider the distortion
on the reflection wavefront. This is reasonable because the effect of
turbulence distortion on the illumination wavefront is limited as it
can be overwhelmed by the random phase of rough objects.

For the experiments with phase screens, an exposure time
of 80 ms is used for each measurement. Since the phase screen
remains stationary during this exposure, the captured image

represents a single, frozen instance of the turbulence distortion.
This condition differs from real atmospheric turbulence, where
exposure times must be shorter than the coherence time to freeze
the wavefront. The static-screen setup thus provides a controlled,
deterministic point-spread function for algorithm validation while
simplifying the optical implementation.

In the first experiment, we use a USAF resolution test chart as
the target (attached to a piece of paper to simulate scattering), as
shown in Fig. 6(b). The camera is raster-scanned across a 11× 11
grid, synthesizing an effective aperture of 21.35 mm, which is
about 3.4× larger than the single aperture (6.25 mm). In each
scanning position, the phase screen is rotated manually, and 20
distorted images are recorded, resulting in a dataset containing a
total of 2420 turbulence-degraded images (11× 11 positions×20
turbulence realizations. For benchmarking purposes, a turbulence-
free dataset is acquired by removing the phase screen while ensuring
identical scanning parameters and illumination conditions.

Figure 6(b) compares the sub-aperture raw image and the
reconstruction results under three distinct conditions. The first
one is the magnified region of the sub-aperture raw image, which
is completely blurry. The last one is the reconstruction result of
the turbulence-free dataset, from which we can see the maximum
resolvable line pair is Group 2 Element 4, corresponding to an
angular resolution of 5.89× 10−5 rad. For a coherent imaging sys-
tem operating under speckle conditions, the theoretical Rayleigh
resolution limit is given by R = 1.6λ/D [24]. Substituting
the wavelength λ= 639 nm and the synthetic aperture size
D= 21.35 mm, the calculated theoretical angular resolution
is 4.79× 10−5 rad, which aligns with the experimentally mea-
sured value. The second one is the FP reconstruction obtained
from a single turbulence-corrupted image per scanning position.
Turbulence-induced distortions severely degrade the imaging
performance, reducing the maximum resolvable feature from



Research Article Vol. 13, No. 4 / April 2026 / Optica 780

Fig. 6. TRMFP validation using phase screen. (a) The experimental setup, where the target is placed 1.5 m away from the imaging system. (b) The
reconstruction of a USAF resolution target. (c) Magnified regions of various bar groups in (b). (d) Contrast plots for the reconstructed images under the
three conditions. (e) Experimental results of the text part on a five-yuan RMB banknote; from left to right: low-resolution raw image, FP reconstruction
with turbulence, TRMFP reconstruction, and FP reconstruction without turbulence.

Group 2 Element 4 (turbulence-free) to Group 1 Element 1 on
the USAF target—a three-fold reduction in spatial resolution.
This result highlights the limitation of single-frame FP under
turbulence and underscores the need for dedicated turbulence
mitigation. The third one is TRMFP reconstruction. TRMFP
restores the maximum resolvable feature to Group 2 Element 2 on
the USAF target—a two-fold improvement over the turbulence-
corrupted result. Quantitatively, this corresponds to an angular
resolution enhancement from 1.75× 10−4 to 8.75× 10−5 rad,
approaching 80% of the turbulence-free performance. The robust-
ness of TRMFP is also evident in the line profile comparison and
magnified line pairs [Fig. 6(c)], where conventional FP exhibits
significant blurring and distortion, while ours presents a stable
reconstruction and approaches the ideal case.

Again, we use the contrast metric C [Eq. (15)] to evaluate the
resolution performance. The area of white and black bars is manu-
ally located. Figure 6(d) plots the contrast metric for reconstructed
images under the three conditions. We set a contrast threshold at
0.1 to determine the limit resolution of the reconstructed images,
since the contrast value is around 0.1 for the Rayleigh criteria
(C = (1− 0.81)/(1+ 0.81)≈ 0.1). Therefore, the minimum

Table 1. Details of the Experimental Setup

Parameter Phase Screens Dynamic Turbulence

Imaging distance 1.5 m 5 m
Wavelength 639 nm 639 nm
Focal length 50 mm 75 mm
F-number 8 5.6
Aperture diameter 6.25 mm 13.39 mm
Pixel size 2.4µm 2.4µm
Number of positions 121 121
Step size 1.5 mm 1.5 mm
Synthetic aperture 21.35 mm 27.39 mm
Frame per position 20 20
Exposure time 80 ms 10 ms
Exposure gain 0 24 dB

resolvable bar group is (1,1) for FP with turbulence and (2,1) for
TRMFP, which is basically consistent with the visual results in
Fig. 6(b).

In the second experiment, we use a five-yuan RMB as the target.
Unlike the binary intensity profile of the USAF resolution test
chart, the banknote exhibits continuous grayscale variations and
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Fig. 7. TRMFP validation using laboratory-generated dynamic turbulence. (a) The experimental setup. (b) Experimental results of a USAF resolution
target under dynamic turbulence: (b1) FP reconstruction, and (b2) TRMFP reconstruction, with contrast values of the line trace indicated in the lower-left
corners. (c) Imaging performance across diverse materials under dynamic turbulence. From left to right: a single sub-aperture image, reconstruction using
conventional FP under turbulent conditions, reconstruction using the proposed TRMFP method, and FP reconstruction under an ideal, turbulence-free
condition, serving as a reference. Rows from top to bottom: (c1) canvas bag, (c2) coin, and (c3) plastic label. PSNR/SSIM values comparing each result with
the ideal FP reconstruction are provided in the lower-left corners of (c1)–(c3).

stronger phase scattering effects, leading to significantly reduced
image contrast and more pronounced speckle noise, as shown in
Fig. 6(e). The image contrast within the magnified region for FP,
TRMFP, and ideal FP is 0.2247, 0.2857, and 0.3727, respectively.
These results demonstrate TRMFP’s effectiveness: the turbulence-
free reconstruction clearly resolves all text elements with high
fidelity; turbulence-degraded FP reconstruction fails to distinguish
the second and third text lines due to severe phase distortions;
while the TRMFP reconstruction successfully restores text leg-
ibility, achieving performance comparable to the turbulence-
free case.

B. Validation with Dynamic Turbulence

To validate the performance of TRMFP under spatiotemporally
complex turbulence, we conducted a series of experiments under
laboratory-generated dynamic turbulence conditions, as shown

in Fig. 7(a). The imaging distance is extended to 5 m, and turbu-
lence is induced using two complementary methods designed to
produce strong convective refractive index variations along the
optical path. The detailed experimental configuration, which
leverages controlled temperature gradients and forced airflow,
is provided in Appendix D, and key parameters are summarized
in Table 1. Notably, the exposure time is set to 10 ms to meet the
short-exposure condition and effectively “freeze” the turbulence.
With N = 20 frames captured per scanning position and a total
of 121 positions, the active acquisition time is approximately
121× 20× 0.01= 24.2 s, plus stage movement overhead. This
multi-frame acquisition strategy, while increasing data volume,
is essential for statistical turbulence suppression and remains
practically manageable.

The performance of TRMFP is first evaluated using a USAF
resolution target. The spatiotemporal nature of the wavefront dis-
tortions is visually confirmed by a sequence of raw frames provided



Research Article Vol. 13, No. 4 / April 2026 / Optica 782

in the supplementary material (Visualization 1). As presented
in Fig. 7(b), the reconstruction results demonstrate a substan-
tial performance gap. Visually, TRMFP produces a significantly
sharper image, which is quantitatively confirmed by the contrast
values of the line trace. This is also quantitatively confirmed by the
limiting resolution: conventional FP reconstruction only resolves
features up to Group−1, Element 6, whereas TRMFP successfully
resolves up to Group 0, Element 4, corresponding to a resolution
improvement of approximately 1.6×. This clear improvement
in resolvable spatial frequency validates the method’s efficacy in
mitigating spatiotemporal distortions.

To further demonstrate the practical applicability of TRMFP,
we tested it on objects with diverse surface textures under the same
dynamic turbulence conditions. Samples with varying surface
roughness and reflectivity, including a coin, a canvas bag, and a
plastic label, are selected to assess generalization performance. As
shown in Fig. 7(c), TRMFP consistently recovers high-resolution
images and effectively suppresses turbulence-induced distortions
across all materials. Quantitative comparisons with the ideal
turbulence-free FP reconstruction [PSNR/SSIM values provided
in the lower-left corners of Figs. 7(c1)–7(c3)] further confirm the
fidelity. These results confirm that the effectiveness of TRMFP
is generalizable and not limited to specific object types or surface
characteristics.

5. CONCLUSION

In summary, we have demonstrated turbulence-resilient macro-
scopic Fourier ptychography (TRMFP), a two-stage, closed-loop
framework that unifies speckle-interferometry-based turbu-
lence correction with joint ptychographic reconstruction and
residual-aberration optimization to enable high-resolution imag-
ing through strong optical turbulence. The key conceptual advance
of TRMFP lies in reformulating Fourier ptychography as a sta-
tistically consistent inverse problem in random media, thereby
bridging speckle interferometry and ptychographic synthetic
aperture imaging within a unified framework. This approach
recovers diffraction-limited sub-aperture images from turbulence-
distorted measurements, enabling successful FP reconstruction
under non-idealized conditions where conventional FP fails.
Comprehensive validation—including numerical analysis, 1.5 m
proof-of-principle experiments, and 5 m dynamic turbulence
tests with diverse objects—confirms the method’s effectiveness
and robustness. The results show that, while maintaining com-
putational complexity comparable to conventional FP, TRMFP
recovers up to 80% of the turbulence-free resolution fidelity in our
tests using a resolution target and achieves a two-fold resolution
improvement over conventional FP under turbulence.

Notably, TRMFP achieves these gains without optical hardware
modifications—requiring only a multi-frame short-exposure
acquisition strategy. When compared to other turbulence com-
pensation techniques, TRMFP offers a unique set of advantages.
Unlike adaptive optics [44], it requires no complex wavefront
sensing or corrective optics, providing a purely computational
solution. In contrast to phase diversity [28], TRMFP does not
rely on parameterized phase models or introduced defocus,
making it more adaptable to dynamic, unknown turbulence
conditions. While deep-learning methods (such as TurbNet
[45] and TMT [46]) demand extensive training datasets and
substantial computational resources, TRMFP is training-free,
computationally affordable, and based on physical principles,

ensuring interpretability and generalizability. Regarding compu-
tational cost, TRMFP introduces additional preprocessing and
optimization steps, resulting in approximately 2− 3× longer
reconstruction time compared to conventional FP in our unop-
timized CPU implementation (Intel i5-9300H, 2.4 GHz). This
overhead can be substantially reduced through parallelization
and GPU acceleration and is well justified given that TRMFP
enables high-resolution imaging under strong turbulence where
conventional FP fails entirely. These attributes position TRMFP
as a hardware-simple, computationally efficient alternative that
balances performance with practical deployability.

It is important to note, however, that the current TRMFP
framework operates under the isoplanatic assumption, where the
PSF is considered the same across the field of view. This assump-
tion holds for relatively small fields of view within the isoplanatic
angle. In scenarios involving wide-field imaging or strong turbu-
lence with significant anisoplanatism, the PSF may vary spatially,
challenging the current model. Addressing such non-isoplanatic
conditions remains an important direction for future work; a
natural extension would be to incorporate field-dependent pupil
functions, modeling the turbulence as a set of isoplanatic patches.

Overall, this work establishes a new paradigm for turbulence-
resilient imaging through a pioneering fusion of speckle
interferometry with closed-loop Fourier ptychography. This
approach is distinguished by three key innovations: it is the first
to apply the principles of speckle interferometry to FP for super-
resolution; it introduces a residual-aberration correction method
that jointly optimizes the object and the residual aberrations; and it
provides the first FP-compatible solution for dynamic turbulence,
surpassing static aberration correction approaches. Looking ahead,
scaling this technology to practical long-range applications will
require addressing specific challenges, including signal-to-noise
ratio (SNR) degradation, increased turbulence severity, and longer
acquisition times. The SNR degradation can be mitigated by the
method’s intrinsic reliance on statistical averaging, which sup-
presses uncorrelated noise. Acquisition time can be controlled
through increasing the gain or hardware upgrades such as higher-
power laser sources, cameras with superior sensitivity. Increased
turbulence severity, characterized by a reduced Fried parameter,
may be tackled by exploring synergies with adaptive optics (AO).
AO can provide real-time correction of low-order aberrations,
reducing the dynamic range required from TRMFP, while TRMFP
handles fine-scale residual errors. A hybrid system could enable
robust imaging under even stronger turbulence. Besides, while
TRMFP is currently a purely physics-based method, incorporating
data-driven priors could further enhance performance—for exam-
ple, using deep learning to learn turbulence-invariant features or
provide better initial guesses for optimization, while maintaining
the interpretability of the physical model. With its turbulence-
resilient super-resolution capability, this approach shows strong
potential for applications in free-space optical communication,
astronomical imaging, and remote sensing, where turbulence has
long been a fundamental limitation.

APPENDIX A: ATMOSPHERIC TURBULENCE
STATISTICS

The atmospheric turbulence can be described by the classical
Kolmogorov turbulence model [47]. Within the inertial range
(l0� r � L0), the refractive index structure function takes
the form:

https://doi.org/10.6084/m9.figshare.31216114
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Dn(r )=C 2
n · r

2/3, l0� r � L0, (A1)

where l0 and L0 are the inner and outer scale of turbulence, respec-
tively; and C 2

n denotes the refractive index structure constant.
Based on the Kolmogorov model, several key statistics can be
derived as weighted integrals of C 2

n .
The first is the atmospheric coherence diameter, or Fried param-

eter (r0) [32], given by

r0 = [0.423k2
∫ L

0
C 2

n(z)dz]−3/5, (A2)
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where k = 2π/λ is the wavenumber, and λ is the wavelength. Note
that this is for plane wave propagation, where z= 0 is at the source
and z= L is at the camera. The Fried parameter defines the res-
olution limit of an imaging system viewing through turbulence:
the achievable angular resolution is proportional to λ/r0, rather
than λ/D, where D is the diameter of the system aperture. Thus,
turbulence strength is commonly quantified by the ratio D/r0; a
smaller r0 indicates stronger turbulence.

The second parameter is the atmospheric coherence time
(t0) [48], representing the time over which the turbulent phase
screen remains approximately stationary. It is related to the Fried
parameter and the transverse wind velocity v by

t0 ≈ 0.314
r0

v

= [2.91k2
∫ L

0
C 2

n(z)|v|
5/3dz]−3/5. (A3)

Under typical atmospheric conditions, t0 ranges from milli-
seconds to tens of milliseconds. An exposure time shorter than t0
is considered “short exposure,” effectively freezing the turbulence
and resulting in an optical transfer function (OTF) with a wider
passband, albeit with random phase fluctuations. Long exposures,
in contrast, produce a smoother but bandwidth-limited OTF due
to turbulence averaging.

The third parameter is the isoplanatic angle (θ0) [49], which
defines the angular region over which wavefront distortions remain
correlated:

θ0 = [2.91k2
∫ L

0
C 2

n(z)z
5/3dz]−3/5. (A4)

Within an angle smaller than θ0, the PSF can be considered
spatially invariant. This allows turbulence to be modeled as an
isoplanatic degradation within the limited field of view.

APPENDIX B: PHASE SCREEN METHOD BASED
ON ZERNIKE POLYNOMIAL

The phase-screen method based on Zernike polynomial is a widely
used numerical approach to simulate the effect of turbulence,
in which random phases are produced over the pupil and the
atmospheric correlation is introduced with proper filtering by the
Kolmogorov spectrum. The phase screen is represented by a linear
combination of a series of Zernike polynomial [30]:

φ =

∞∑
j=1

a j Z j , (B1)

where the phase screen is represented by φ, Z j is the j th order
Zernike polynomial, and a j is the Zernike coefficient which is
obtained by calculating its covariance matrix due to its atmospheric
correlation. For a detailed explanation, the reader can refer to Noll’s
work [30], here we directly give the expression of (i, j ) element
of the covariance matrix when i − j = 2k (when i − j = 2k + 1,
<ai a j >= 0):

where ni , n j , mi , and m j are the Noll coefficients correspond-
ing to the i th and j th orders of Zernike polynomials, D is the
aperture size, r0 is the coherence length, and δz is the logical
Kronecker symbol. Then, singular value decomposition is applied
to the covariance matrix, and the coefficient a j can be calculated
by introducing Gaussian random variables b according to its
eigenvector U :

a j =

∞∑
k=1

Ujkb j . (B3)

The phase screen is then obtained by adding together Zernike
polynomials of each mode according to Eq. (B1). Finally, the
resultant pupil function P (u) is given by

P (u)= circ

(
k0 ·

1

2F #

)
exp(− jφ), (B4)

where circ(·) denotes a circular mask with a radius of k0 ·
1

2F # ,
with k0 representing the wave number and F # representing the
F-number. Notably, various turbulence conditions can be sim-
ulated by adjusting the order of Zernike polynomials and the
value of D/r0 in Eq. (B2). In this work, we use the first 15 orders
of Zernike polynomials to generate the phase screen. The whole
process is summarized as follows:

1. In each camera position, randomly generate N phase screens
φn , n = 1, 2, . . . , N, according to the above process, where N
is the number of short-exposure images.

2. Calculate the corresponding turbulence-distorted pupil func-
tion Pn(u) according to Eq. (B4).

3. Obtain the N turbulence-distorted images according to
Eq. (1).

4. Repeat the above process for all camera positions.

APPENDIX C: EVALUATION INDEX

We use the structural similarity index (SSIM) and the Pearson cor-
relation coefficient (PCC) to verify the performance of our method
throughout the paper. The expressions are as follows:

SSIM(O, G)=
(2µOµG +C1)(2σOG +C2)

(µ2
O +µ

2
G +C1)(σ

2
O + σ

2
G +C2)

, (C1)
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PCC(O, G)
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√∑m
i=1

∑n
j=1(G(i, j )− G̃)2
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where m and n are the width and height of the image. O denotes the
reconstructed image, and G denotes the ground -truth. Õ and G̃
are the mean value of the reconstructed image and ground -truth,
respectively. µO is the mean of O, σ 2

O and σOG are the variance of
O and the covariance of O and G , respectively. C1 = (0.01L)2,
C2 = (0.03L)2, where L is the dynamic range of the image.

APPENDIX D: LABORATORY-GENERATED
DYNAMIC TURBULENCE

Here, we describe the setup for generating dynamic, convective
turbulence in our laboratory environment. The setup is designed
to create stochastic refractive index variations along the imaging
path to test the TRMFP method under conditions more complex
than static phase screens. As shown in Fig. 7(a), first, large-scale
convective flow is induced by operating two laboratory air condi-
tioning (AC) units at opposite ends of the room with a significant
temperature differential (one set at 30◦C and the other at 18◦C),
creating a stable gradient and continuous air mixing. Second,
more intense and localized turbulence is generated by placing two
electric blowers to blow hot air across the optical path, one near the
object and another near the camera. This combination produced
strong, spatiotemporally dynamic wavefront distortions. A video
sequence of the resulting dynamic image distortions captured by
the camera is provided as supplementary material (Visualization 2),
visually demonstrating the spatiotemporal distortion.
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