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Ptychography is a widely used coherent imaging technique
across many imaging modalities, especially microscopy.
Reconstruction algorithms are important to obtain the final
imaging results from a series of captured diffraction pat-
terns. Conventional reconstruction algorithms only regard
phase retrieval as an intermediate step in each iteration. The
retrieved phase is lost and cannot be used in the following
iterations. In this Letter, we introduce an auxiliary variable
related to the phase information of the diffraction patterns
in the iterative algorithms, which can make the history phase
information available for future iterations. Simulation and
experimental results show that our algorithm can achieve
higher-quality reconstruction results than other commonly
used algorithms. © 2025 Optica Publishing Group. All rights,
including for text and data mining (TDM), Artificial Intelligence (AI)
training, and similar technologies, are reserved.

https://doi.org/10.1364/OL.553571

Introduction. Coherent diffraction imaging (CDI) [1] is a typi-
cal phase imaging technique that can help to obtain the intensity
and phase information of the target object. Coherent light trans-
mits through the object, and imaging sensors are used to capture
the far-field diffraction patterns. To extend the field of view
(FOV) of the CDI system, ptychography [2] is introduced as
a probe scanning imaging system. An object is scanned with
partial overlap, and finally, a series of diffraction patterns are
captured. This system is proven to be efficient in various appli-
cations, such as biological imaging [3] and material analysis
[4].

Since the phase information of the diffraction pattern is
lost during the capturing process, phase retrieval [5] is of
great importance to the reconstruction algorithms. The general
Fourier phase retrieval tries to find the solution xxx of the equation
described below:

yyy = |Fxxx|, (1)

where yyy is the vectorized diffraction pattern, F is the 2D Fourier
matrix with a compatible dimension, and xxx is the image of the
target object. If the exact phase information ϕϕϕt attached to yyy is
known, then xxx can be obtained by the inverse Fourier transform
of yyy ◦ ϕϕϕ (◦ is the Hadamard product), where we define phase
vector ϕϕϕ = exp(i ∗ ϕϕϕt) for simplicity.

Alternating algorithms are first used to solve this problem,
such as the Gerchberg and Saxton method (GS) [6] and hybrid
input–output algorithm (HIO) [7]. Another idea is to convert
Eq. (1) to an optimization problem, and then it can be solved
by different kinds of optimization methods [8]. These methods
usually require more computation. Deep learning methods can
also be used to solve this problem; they can automatically learn
the mapping from the measurements to the objects [9]. These
methods can also be combined with the physical model or other
prior knowledge to improve the performances [10–12].

Alternating direction method of multipliers (ADMM) [13] is
a combination of these two ideas. It is an optimization method
that is designed based on the alternating strategy. This algorithm
is suitable for solving the phase retrieval problem in different
imaging systems including CDI [14,15] and ptychography [16].

Conventional reconstruction algorithms for ptychography
[17], such as ptychographical iterative engine (PIE) [2], extended
PIE (ePIE) [18], and regularized PIE (rPIE) [19], only consider
the phase retrieval as an intermediate process, and the retrieved
phase during the iterations is lost and cannot be used in the fol-
lowing iterations. As is shown in Fig. 1, the phase information of
the diffraction pattern is only used in the modulus replacement
step, and then it is lost again and can only be used in the next
iteration indirectly. In this Letter, similar to the object and probe,
we regard the phase vector ϕϕϕ as part of the output variables in
one iteration, and then its history information can be used in the
following iteration, which can provide help to the reconstruction
process.

Method. For a conventional ptychographic imaging model,
raster scan is used to capture a series of diffraction patterns
related to different parts of the target object. For each scan point,
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Fig. 1. Phase information in the conventional reconstruction algo-
rithms. The phase information in the Fourier domain (blue part) is
retrieved in each iteration, but it is lost again after this iteration since
only the information in the object plane (o, p) is recorded.

if the detector is placed in the far field, then the imaging model is
the same as the CDI setup. Mathematically, the imaging model
for the jth position can be described as follows [2]:

Ij(uuu) =
|︁|︁F {P(rrr) ◦ Oj(rrr)}

|︁|︁2 , (2)

where rrr and uuu are the real-space and reciprocal-space coordi-
nates, O ∈ Cn1×n2 is the object wavefront and Oj ∈ C

m1×m2 is the
illuminating region in the current scan, P ∈ Cm1×m2 is the probe
wavefront, and Ij(uuu) ∈ Cm1×m2 is the captured diffraction pattern
at the jth scanning position (j = 1, 2, . . . , N). For simplicity, we
omit the variables in the bracket, and the imaging model can be
simplified as follows:√︁

Ij ◦ Φj = F {P ◦ Oj}, (3)

where Φj is the missing phase related to the captured diffraction
pattern. After vectorization, the imaging model can be described
as follows:

yyyj ◦ ϕϕϕj = F(mpmpmp ◦ oooj), (4)

where yyyj, ϕϕϕj, mpmpmp, and oooj are the vectors from the vectorization of
2D matrices

√︁
Ij, Φj, P, and Oj, and F is the 2D Fourier matrix.

However, for this expression, the relationships among different
oooj are not identified clearly. With reference to the expression in
[16], we can use a binary matrix Sj with a dimension m1m2 × n1n2

to describe the jth scanning region of the object, and then we can
obtain the following:

yyyj ◦ ϕϕϕj = F(mpmpmp ◦ Sjooo). (5)

In this setup, Sj is a downsampling matrix that is not a square.
As a special case, if Sj is an identity matrix, then j = 1, and this
imaging model is identical to the masked CDI setup.

For Eq. (5), letting ψψψj = mpmpmp ◦ Sjooo, a constrained optimization
problem with regularization functions for the unknown variables
can be obtained as follows:

minimize
N∑︂

j=1

R(ϕϕϕj) +

N∑︂
j=1

1
2
∥yyyj ◦ ϕϕϕj − Fψψψj∥

2
2 (6)

subject to ψψψj −mpmpmp ◦ Sjooo = 0, j = 1, 2, . . . , N. (7)

where R(ϕϕϕ) is an indicator function defined as follows:

R(ϕϕϕ) =
{︃

0, |ϕϕϕ| = 111
∞, otherwise . (8)

Accordingly, the Lagrangian can be expressed as follows:

L(ϕϕϕj,ψψψj,mpmpmp,ooo, µµµj) =

N∑︂
j=1

R(ϕϕϕj) +

N∑︂
j=1

1
2
∥yyyj ◦ ϕϕϕj − Fψψψj∥

2
2

+

N∑︂
j=1

ρj

2
∥ψψψj −mpmpmp ◦ Sjooo + µµµj∥

2
2 ,

(9)

and then we can write the iterative form as follows (derivations
can be found in Supplement 1):

ψψψj
k+1 = (FHF + ρjI)−1[FH(yjyjyj ◦ ϕϕϕj

k) + ρj(mpmpmp
k ◦ Sjoook − µµµj

k)],

(10)

ϕϕϕj
k+1 = projR(Fψψψj

k+1), (11)

oook+1 = arg min
ooo

1
2
∥ψψψj

k+1 −mpmpmp
k ◦ Sjooo + µµµj

k∥2
2 , (12)

mpmpmp
k+1 = arg min

mpmpmp

1
2
∥ψψψj

k+1 −mpmpmp ◦ Sjoook+1 + µµµj
k∥2

2 , and (13)

µµµj
k+1 = µµµj

k +ψψψj
k+1 −mpmpmp

k+1 ◦ Sjoook+1, (14)

where projR is a projection operator with respect to the feasible
domain of the indicator function R. According to the property
of the Fourier matrix, FHF = m1m2I. The effect of introducing a
new variableϕϕϕ is shown in Eq. (10). The value ofψψψ is expected to
be the wavefront in the object plane. In conventional algorithms,
it is only determined by ooo and mpmpmp, such as for a general ADMM
method, the ψψψ-update step can be expressed as follows:

ψψψj
k+1 = F−1{yyyj ◦ projR[F(mpmpmp

k ◦ Sjoook − µµµj
k)]}. (15)

However, in Eq. (10), current estimation in the Fourier plane
yjyjyj ◦ ϕϕϕj

k is also considered.
For the update steps with the object and probe, if we solve

the update steps related to ooo and mpmpmp directly, the minimization
problems are unstable [20]. Adding a proximal regularizer can
help to solve this problem without changing the convergence
results. Now, these two update steps can be obtained by solving
the optimization problem:

oook+1 = arg min
ooo

1
2
∥mpmpmp

k ◦ Sjooo −ψψψj
k+1 − µµµj

k∥2
2 +

1
2t1

∥ooo − oook∥2
2 ,

(16)

mpmpmp
k+1 = arg min

mpmpmp

1
2
∥mpmpmp ◦ Sjoook+1 −ψψψj

k+1 − µµµj
k∥2

2 +
1

2t2
∥mpmpmp −mpmpmp

k∥2
2 .

(17)
Taking the gradient of Eq. (16) and setting it to 0, we will obtain
the closed-form solution. To deal with the Hardmard product,
we introduce a diagonal matrix Mp with diag(Mp) = mpmpmp. Now,
mpmpmp

k ◦ Sjooo can be expressed as MpSjooo, and the ooo-update step can
be expressed as follows:

oook+1 = (t1SH
j M(k)H

p M(k)
p Sj + I)−1[t1SH

j M(k)H
p (ψψψj

k+1 + µµµj
k) + oook].

(18)
Since Sj is a sampling matrix and Mp is a diagonal matrix, the
inverse matrix is also a diagonal matrix.

With the same idea, we set diag(Oj) = Sjooo and now mpmpmp ◦

Sjoook+1 = Oj
k+1mpmpmp. The mpmpmp-update step can be obtained as follows:

mpmpmp
k+1 = (t2O(k+1)H

j O(k+1)
j + I)−1[t2O(k+1)H

j (ψψψj
k+1 + µµµj

k) +mpmpmp
k].
(19)

Finally, we summarize these steps, and the ADMM iterations
for the ptychographic phase retrieval problem are given in
Algorithm 1.

https://doi.org/10.6084/m9.figshare.28577243
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Algorithm 1. Phase-assisted ADMM (P-ADMM) for pty-
chography

Note that j is chosen from a random order of 1 to N. The error
term is calculated to be the ℓ2-norm of the difference between
the estimated and the captured diffraction patterns.

Results. To validate the efficiency of our method, we try our
algorithm on the simulation experiment for electron ptychogra-
phy. For the ground truth image, we simulate a complex object
related to corn stunt spiroplasma [21]. For the ptychographic
imaging model, the scan dimension is 20 × 20 with a step size
of 3 nm for both directions, no rotation is added, and the sen-
sor has a 128 × 128 resolution with a pixel size of 5.12 Å. The
aperture size is 10 mrad, and the beam voltage is 300 keV. After
the diffraction patterns are generated, 20% Gaussian noise is
added, leading to the SNR of nearly 13.76 dB, which is a high
noise level in real experiments. Finally, the simulated dataset is a
matrix with a 128 × 128 × 400 size, which is related to the value
of yyy in the algorithm. More descriptions of these parameters are
given in Supplement 1.

For the algorithm parameter setup in P-ADMM, the maximum
number of iterations is set to be 100, and the initial probe can be
calculated according to the experimental setup. The initial phase
ϕϕϕj

0 and object ooo0 are set to be the one vectors, and other initial
vectors are zero vectors. The error tolerance is 9.2% based on
the trial and error strategy, leading to the result of 62 iterations.
For the penalty parameters, ρj is set to be 0.1 × m1m2 in order
to make it compatible with the value of FHF in Eq. (10). With
reference to the design of the ePIE algorithm, t1 and t2 in this
algorithm are chosen to be as follows [20]:

t1 =
β0

(1 − β0)|M(k)
p |2max

, (20)

t2 =
β1

(1 − β1)|O(k+1)
j |2max

. (21)

In our algorithm, the two parameters are β0 = β1 = 0.01, and
then we can calculate t1 and t2 during the iterations. Sensitivity
analysis is given in Supplement 1. We compare the results from
our method with another two methods based on the conventional
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Algorithm 1. Phase-assisted ADMM (P-ADMM) for ptychography

Input: yyyj : captured diffraction patterns; φφφj
0, ooo0, mpmpmp

0, μμμj
0: initial values; ρj , t1, t2:

penalty parameters; niter: maximum number of iterations; εtol: error tolerance.
(j = 1, 2, · · · , N).

Output: ooo: reconstructed complex-valued image.
1: for k = 1 : niter do
2: for j ∈ {1, 2, · · · , N} do
3: ψψψj

k+1 = (FH F + ρj I)−1[FH(yjyjyj ◦φφφj
k) + ρj(mpmpmp

k ◦ Sjoook −μμμj
k)],

4: φφφj
k+1 = projR(Fψψψj

k+1),

5: oook+1 = (t1SH
j M(k)H

p M(k)
p Sj + I)−1[t1SH

j M(k)H
p (ψψψj

k+1 + μμμj
k) + oook ],

6: mpmpmp
k+1 = (t2O(k+1)H

j O(k+1)
j + I)−1[t2O(k+1)H

j (ψψψj
k+1 +μμμj

k) +mpmpmp
k ],

7: μμμj
k+1 = μμμj

k +ψψψj
k+1 −mpmpmp

k+1 ◦ Sjoook+1,

8: εj =
∥∥|F(mpmpmp

k+1 ◦ Sjoook+1)| − yyyj
∥∥2

2,

9: ε(k) = ∑N
j=1 εj

/
∑N

j=1

∥∥yyyj
∥∥2

2,

10: if ε(k) < εtol then
11: break;
12: return ooo

Table 1. Quantitative evaluation results. The SSIM value
shows the similarity of region inside the red box in Fig. 2,
while full SSIM evaluates the whole image.

ePIE ADMM P-ADMM

SSIM 0.862 0.916 0.947

SSIM (full) 0.330 0.353 0.365

according to the experimental setup. The initial phase φφφj
0 and object ooo0126

are set to be the one vectors, and other initial vectors are zero vectors.127

The error tolerance is 9.2% based on the trial and error strategy, leading128

to the result of 62 iterations. For the penalty parameters ρj is set to be129

0.1 × m1m2 in order to make it compatible with the value of FH F in130

Eq. 10. With reference to the design of ePIE algorithm, t1 and t2 in this131

algorithm are chosen to be [20]132

t1 =
β0

(1 − β0)|M(k)
p |2max

, (20)

t2 =
β1

(1 − β1)|O(k+1)
j |2max

. (21)

In our algorithm, the two parameters are β0 = β1 = 0.01, then we can133

calculate t1 and t2 during the iterations. Sensitivity analysis is given in134

Supplement 1. We compare the results from our method with another135

two methods based on the conventional ADMM and ePIE. The parame-136

ter setup for ADMM is identical with the P-ADMM method. For ePIE,137

the two parameters are also set as 0.01, and we run 100 iterations for the138

ePIE algorithm. We can find that both ADMM and P-ADMM have dual139

variable calculation and residual calculation at the end of the iteration,140

and P-ADMM needs additional phase information calculation and stor-141

age. Hence, for one iteration, P-ADMM has the longest computational142

time, while ePIE is the fastest.143

Reconstruction results from different algorithms are shown in Fig. 2.144

We can find that P-ADMM result has a bit larger FOV than ADMM,145

while the reconstruction result from ePIE has smallest FOV among these146

algorithms. Larger FOV means more useful information can be recon-147

structed from the same dataset. As is shown in the figure, more textures148

of the cells on the boundary from the P-ADMM result can be recog-149

nized. For the zoom-in result, P-ADMM achieves the least artifacts,150

while the cell images from other results are blurred with more noisy151

pixels. Overall, P-ADMM achieves the best performance among them.152

Quantitative results are given in Table 1, where we calculate the struc-153

tural similarity index matrix (SSIM) for the red region and full image154

respectively. Red region is the region of interest (ROI) which contains155

most of the valid information from the reconstruction algorithms, hence156

the evaluation within this region can show the reconstruction quality157

(a) ePIE (b) ADMM

(c) P-ADMM (d) GT

Fig. 2. Reconstruction results with different algorithms. Yel-
low and blue boxes show zoom-in views from different re-
gions, while red box shows the region where SSIM is calcu-
lated below.

in ROI. We also evaluate the quality of the full image which can show158

the FOV of different reconstructions quantitatively. Among the three159

algorithms, P-ADMM has the highest SSIM, which is comply with the160

visual results. To show the robustness of our method, more results with161

Poisson noise and scan position errors are given in Supplement 1.162

All these algorithms are in an iterative style, now we analyze the163

differences among these algorithms. The ePIE method is just an alter-164

nating method between the object plane and sensor plane, and gradient165

descent is used for updates of the object and probe in order to minimize166

the residual. A main difference between ADMM method and ePIE is167

that dual variable μμμ is introduced which is an integral of the residual as168

is shown in Eq. 14. With this step, history information of the residual can169

be used, making it easier to achieve an optimal point. P-ADMM has the170

same idea, but it further takes advantages of the phase information, then171

the old and new estimations of the wavefront from the Fourier plane can172

be used in Eq. 10. History information of the residual and phase makes173

our algorithm achieve higher reconstruction quality.174

We also test our algorithm on a real experimental ptychographic175

dataset collected by [20]. For the experimental setup, a green laser with176

a wavelength of 543nm is used as the light source and target object is the177

USAF resolution target. A pinhole with the diameter of 150μm is placed178

6mm in front of the target, which can generate probe patterns according179

to the Fresnel propagation. To obtain the Fraunhofer diffraction patterns,180

the detector is placed 26cm downstream of the target. Finally, a 13 × 13181

raster scan with a step size of 50μm is utilized, and the whole dataset182

contains 169 diffraction patterns.183

We follow the official numerical setup, and the sparsity test is given184

by choosing half of all the diffraction patterns. The penalty parameters185

in P-ADMM are set as β0 = 0.9, β1 = 0.5, ρj = 0.7/(1 − 0.7)× m1m2,186

based on the parameter setups of ePIE. The initial aperture is set to be a187

pinhole with a radius of 75 μm. The initial object has a random phase188

with the amplitude set to be 1. Other initial variables are identical with189

the setup in the simulation experiment.190

For this experiment, we compare our results with the ePIE [18],191

rPIE [19] and sDR [20] methods, we run 100 iterations for all the al-192

gorithms. Since for P-ADMM, warm start with 30 iterations is used,193

70 iterations remain for our algorithm. Visual results with amplitude194

information are summarized in Fig. 3. For a more intuitive comparison,195

we show the zoom-in results for the red line regions in Fig. 4. We can196

find that ePIE has the smallest FOV, rPIE and sDR have larger FOV197

but more background noise in the center region, P-ADMM have both198

Fig. 2. Reconstruction results with different algorithms. Yellow
and blue boxes show zoom-in views from different regions, while
red box shows the region where SSIM is calculated below.

Table 1. Quantitative Evaluation Resultsa

ePIE ADMM P-ADMM

SSIM 0.862 0.916 0.947
SSIM (full) 0.330 0.353 0.365

aThe SSIM value shows the similarity of the region inside the red box in
Fig. 2, while the full SSIM evaluates the whole image.

ADMM and ePIE. The parameter setup for ADMM is identical
with the P-ADMM method. For ePIE, the two parameters are
also set as 0.01, and we run 100 iterations for the ePIE algorithm.

Reconstruction results from different algorithms are shown
in Fig. 2. We can find that the P-ADMM result has a bit larger
FOV than ADMM, while the reconstruction result from ePIE has
the smallest FOV among these algorithms. Larger FOV means
more useful information can be reconstructed from the same
dataset. As is shown in the figure, more textures of the cells on
the boundary from the P-ADMM result can be recognized. For
the zoom-in result, P-ADMM achieves the least artifacts, while
the cell images from other results are blurred with more noisy
pixels. Overall, P-ADMM achieves the best performance among
them.

Quantitative results are given in Table 1, where we calculate
the structural similarity index matrix (SSIM) for the red region
and full image, respectively. The red region is the region of
interest (ROI) that contains most of the valid information from
the reconstruction algorithms; hence, the evaluation within this
region can show the reconstruction quality in ROI. We also
evaluate the quality of the full image that can show the FOV of
different reconstructions quantitatively. Among the three algo-
rithms, P-ADMM has the highest SSIM, which complies with
the visual results. To show the robustness of our method, more
results with Poisson noise and scan position errors are given in
Supplement 1.

All these algorithms are in an iterative style; now, we analyze
the differences among these algorithms. The ePIE method is
just an alternating method between the object plane and sensor
plane, and gradient descent is used for updates of the object and

https://doi.org/10.6084/m9.figshare.28577243
https://doi.org/10.6084/m9.figshare.28577243
https://doi.org/10.6084/m9.figshare.28577243


Letter Vol. 50, No. 9 / 1 May 2025 / Optics Letters 2819
Letter 4

(a) ePIE (b) rPIE (c) sDR (d) P-ADMM

Fig. 3. Experimental reconstruction results for the USAF reso-
lution target with different algorithms.
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Fig. 4. Zoom-in results in the red line regions for the USAF
resolution target from different algorithms.

larger FOV and less noise (smoother lines in Fig. 4), leading to the best199

reconstruction quality for this setup.200

For quantitative evaluations, we calculate the R-factor which eval-201

uates the relative residual in the measurement domain, and the results202

are given in Table 2. Convergence curves can be found in Supplement 1.203

We can find that P-ADMM has the lowest R-factor which shows that our204

reconstruction has the least error in the measurement domain. Since in205

P-ADMM, a new variable φφφ related to the phase information is added206

as a main variable, its convergence property is also considered during207

the iterations, and presented in the final convergence curve, hence it has208

better convergence behavior than ADMM.209

In conclusion, we propose a new reconstruction algorithm for pty-210

chography based on the retrieving process of the phase information211

in the measurement domain. The retrieved phase can help with the212

following iterations. Besides, the Lagrangian variable in the ADMM is213

related to the integration of the residual in the object domain. Both of214

these two parts take advantages of the history information during the215

iterations, which can help to improve the quality of the reconstruction216

results.217

Funding. Northwest A&F University, (Z1090124023), Research Grants218

Council of Hong Kong (GRF 17200321, GRF 17201822, RIF 7003-21).219

Disclosures. The authors declare no conflicts of interest.220

Data availability. Experimental data underlying the USAF results221

can be found in [20].222

Supplemental document. See Supplement 1 for supporting content.223

REFERENCES224

1. J. Miao, P. Charalambous, J. Kirz, and D. Sayre, Nature 400, 342225

(1999).226

2. J. M. Rodenburg and H. M. Faulkner, Appl. physics letters 85, 4795227

(2004).228

3. T. Wang, P. Song, S. Jiang, et al., Opt. Lett. 48, 485 (2023).229

4. S. Gao, P. Wang, F. Zhang, et al., Nat. communications 8, 163 (2017).230

5. Y. Shechtman, Y. C. Eldar, O. Cohen, et al., IEEE signal processing231

magazine 32, 87 (2015).232

6. R. W. Gerchberg and W. O. Saxton, Optik 35, 237 (1972).233

7. J. R. Fienup, Appl. Opt. 21, 2758 (1982).234

8. E. J. Candès, X. Li, and M. Soltanolkotabi, IEEE Trans. on Inf. Theory235

61, 1985 (2015).236

9. K. Wang, L. Song, C. Wang, et al., Light. Sci. & Appl. 13, 4 (2024).237

10. L. Song and E. Y. Lam, Opt. Express 31, 10386 (2023).238

Table 2. R-factor of the reconstruction results from different
algorithms, lower is better

ePIE rPIE sDR P-ADMM

R-factor 16.13% 13.10% 12.41% 11.53%

11. Z. Wang, S. Zheng, Z. Ding, and C. Guo, JOSA A 41, 165 (2024).239

12. Y. Yang, Z. Li, X. Yang, et al., Opt. Lett. 49, 6701 (2024).240

13. S. Boyd, N. Parikh, E. Chu, et al., Distributed Optimization and Statisti-241

cal Learning via the Alternating Direction Method of Multipliers (Now242

Publishers Inc, 2011).243

14. L. Song and E. Y. Lam, Photonics Res. 10, 758 (2022).244

15. L. Song and E. Y. Lam, Opt. Express 30, 25788 (2022).245

16. H. Chang, P. Enfedaque, and S. Marchesini, SIAM J. on Imaging Sci.246

12, 153 (2019).247

17. S. Jiang, P. Song, T. Wang, et al., Nat. protocols 18, 2051 (2023).248

18. A. M. Maiden and J. M. Rodenburg, Ultramicroscopy 109, 1256 (2009).249

19. A. Maiden, D. Johnson, and P. Li, Optica 4, 736 (2017).250

20. M. Pham, A. Rana, J. Miao, and S. Osher, Opt. Express 27, 31246251

(2019).252

21. C. I. Library, “Electron micrograph of corn stunt spiroplasma,”253

doi.org/10.7295/W9CIL12587.254

Fig. 3. Experimental reconstruction results for the USAF resolu-
tion target with different algorithms.

Letter 4

(a) ePIE (b) rPIE (c) sDR (d) P-ADMM

Fig. 3. Experimental reconstruction results for the USAF reso-
lution target with different algorithms.

0 20 40 60
0

0.2

0.4

0.6

0.8

1
ePIE

(a) ePIE

0 20 40 60
0

0.2

0.4

0.6

0.8

1
rPIE

(b) rPIE

0 20 40 60
0

0.2

0.4

0.6

0.8

1
sDR

(c) sDR

0 20 40 60
0

0.2

0.4

0.6

0.8

1
P-ADMM

(d) P-ADMM

Fig. 4. Zoom-in results in the red line regions for the USAF
resolution target from different algorithms.

larger FOV and less noise (smoother lines in Fig. 4), leading to the best199

reconstruction quality for this setup.200

For quantitative evaluations, we calculate the R-factor which eval-201

uates the relative residual in the measurement domain, and the results202

are given in Table 2. Convergence curves can be found in Supplement 1.203

We can find that P-ADMM has the lowest R-factor which shows that our204

reconstruction has the least error in the measurement domain. Since in205

P-ADMM, a new variable φφφ related to the phase information is added206

as a main variable, its convergence property is also considered during207

the iterations, and presented in the final convergence curve, hence it has208

better convergence behavior than ADMM.209

In conclusion, we propose a new reconstruction algorithm for pty-210

chography based on the retrieving process of the phase information211

in the measurement domain. The retrieved phase can help with the212

following iterations. Besides, the Lagrangian variable in the ADMM is213

related to the integration of the residual in the object domain. Both of214

these two parts take advantages of the history information during the215

iterations, which can help to improve the quality of the reconstruction216

results.217
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probe in order to minimize the residual. The main difference
between the ADMM method and ePIE is that dual variable µµµ is
introduced, which is an integral of the residual as is shown in
Eq. (14). With this step, the history information of the residual
can be used, making it easier to achieve an optimal point. P-
ADMM has the same idea, but it further takes advantages of
the phase information, and then the old and new estimations of
the wavefront from the Fourier plane can be used in Eq. (10).
The history information of the residual and phase makes our
algorithm achieve higher reconstruction quality.

We also test our algorithm on a real experimental ptycho-
graphic dataset collected by [20]. More descriptions of the
experimental setup are given in Supplement 1. We follow the
official numerical setup, and the sparsity test is given by choosing
half of all the diffraction patterns. The penalty parameters in P-
ADMM are set as β0 = 0.9, β1 = 0.5, ρj = 0.7/(1 − 0.7) × m1m2,
based on the parameter setups of ePIE. The initial aperture is set
to be a pinhole with a radius of 75 µm. The initial object has a ran-
dom phase with the amplitude set to be 1. Other initial variables
are identical with the setup in the simulation experiment.

For this experiment, we compare our results with the ePIE
[18], rPIE [19], and sDR [20] methods, and we run 100 iterations
for all the algorithms. Since for P-ADMM, warm start with 30
iterations is used, 70 iterations remain for our algorithm. Visual
results with the amplitude information are summarized in Fig. 3.
For a more intuitive comparison, we show the zoom-in results
for the red line regions in Fig. 4. We can find that ePIE has
the smallest FOV, rPIE and sDR have larger FOV but more
background noise in the center region, and P-ADMM has both
larger FOV and less noise (smoother lines in Fig. 4), leading to
the best reconstruction quality for this setup.

For quantitative evaluations, we calculate the R-factor that
evaluates the relative residual in the measurement domain, and
the results are given in Table 2. Convergence curves can be found
in Supplement 1. We can find that P-ADMM has the lowest R-
factor, which shows that our reconstruction has the least error in

Table 2. R-Factor of the Reconstruction Results from
Different Algorithmsa

ePIE rPIE sDR P-ADMM

R-factor 16.13% 13.10% 12.41% 11.53%
aLower is better.

the measurement domain. Since in P-ADMM, a new variable ϕϕϕ
related to the phase information is added as the main variable,
its convergence property is also considered during the iterations
and presented in the final convergence curve; hence, it has better
convergence behavior than ADMM.

In conclusion, we propose a new reconstruction algorithm
for ptychography based on the retrieving process of the phase
information in the measurement domain. The retrieved phase
can help with the following iterations. Besides, the Lagrangian
variable in the ADMM is related to the integration of the residual
in the object domain. Both of these two parts take advantages of
the history information during the iterations, which can help to
improve the quality of the reconstruction results.
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