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We briefly review the conventional MEF strategy and its limitations before presenting

our solution. For every scan position, multiple diffraction patterns ni(q) are recorded for

varying acquisition times ti (i = 1, . . . , K), where K denotes the number of acquisitions and

q represents the pixel index. The background estimate bi(q) characterizes camera readout

noise. A simple correction for background noise is the subtraction from the diffraction patterns

n+
i
(q) := max (0, ni(q) − bi(q)), where the max operation enforces nonnegativity. For every

acquisition time ti, there is an associated flux factor ci ≈ ti. These patterns are then fused together

into an estimated diffraction intensity I(q) based on maximum likelihood estimation (MLE)

under the assumption of Poisson noise (see Supplement 1 section 2):

I(q) =

∑

i wi(q)n
+

i
(q)

∑

i wi(q)ci(q)
, wi(q) =

{

1, q is not saturated

0, q is saturated
(1)

Pixel-wise binary weight wi(q) ensures that only unsaturated data are used for the fusion

process. Even if the exposure time is accurately known, naive MLE estimation suffers from several

shortcomings, especially under low-SNR conditions. The background subtraction procedure clips

negative values to zero, resulting in a loss of information. The max operation also introduces

nonlinearity into intensity estimation, leading to a potential bias [21]. Additionally, this approach

ignores saturated data, contributing to another source of information loss and leading to a

suboptimal fusion result. Moreover, the flux factors ci may not be known accurately. In the case

of probe intensity fluctuations [22] or if the detector behaves nonlinearly under varying exposure

times [23], the conventional approach relies on a heuristic estimate of the flux factors, which

affects the quality of fusion. In addition, recognizing the advantage of flexibly modifying the

optical intensity, especially by increasing it while adjusting the camera exposure times, can prove

beneficial for faster data acquisition. In this case, the uncertainty in ci will increase, introducing

systematic errors in the fused data, thereby significantly affecting phase retrieval.

To tackle these issues and achieve robust HDR imaging in ptychography, we propose a

principled Bayesian modeling approach to multi-exposure image fusion which we refer to here

as the Bayesian MEF method. We start by explaining our probabilistic model, followed by the

inference procedure via the expectation-maximization (EM) [24] algorithm. We then demonstrate

the efficacy of our approach on synthetic data under low SNR conditions, assuming fixed and

accurately known flux factors. Subsequently, we show results from the experimental data in a

high SNR, and high photon count setting, where the flux factors are only heuristically known.

2. Bayesian MEF

At the core of a Bayesian approach is the likelihood, a probabilistic model for the data. Here,

the model must account for two effects: (a) background noise and (b) saturation owing to

overexposure. Suppose we ignore the background noise and saturation effects. In that case,

an appropriate likelihood for the i-th exposure is a Poisson distribution with mean ciI(q), i.e.

ni(q) ∼ Poi (ciI(q)) where ∼ denotes "follows the distribution" [25]. The second component of

the Bayesian model is the prior. We assume a Gamma distribution as a prior with shape and

scale parameters αI and βI . This choice encodes the assumption that I is non-negative and

constant on average, I(q) ≈ αI/βI , and the fluctuations in I are on the order of αI/β
2
I

[26].

The expectation for a uniform Gamma prior of I(q) can be given as αI/βI = 1. To achieve

this, we simply provide the same value for αI and βI . Here, we choose both of these values

to be 10−3, which also avoids instability in the division. In case we have more detailed prior

knowledge about I, it can be incorporated by letting αI and βI depend on pixel location q.

We also assume gamma priors for the unknown flux factors ci where the hyperparameters αi, βi
are typically chosen such that the expected flux factor equals the acquisition time αi/βi = ti.

For the special case of αi = 1 which is the exponential distribution, βi = t−1
i

. The conditional
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posterior distributions for I(q) and ci are also gamma distributions. The model parameters can

be estimated by iterating over the updates

c
(k+1)

i
=

αi +
∑

q ni(q)

βi +
∑

q I
(k)(q)

,

I(k+1)(q) =
αI +

∑

i ni(q)

βI +
∑

i c
(k+1)

i

(2)

with iteration index denoted by superscript (k). The derivation of the updates in Eq. (2) are

provided in Supplement 1 section 3A. For αI = βI = 0, the estimate for I(q) matches the

maximum-likelihood estimate for the unsaturated pixels in Eq. (1).

To model the readout noise, we consider the mean ciI(q) to be shifted by the background mean

bi(q) such that ni(q) ∼ Poi (ciI(q) + bi(q)). Since the sum of two Poisson distributions is again a

Poisson distribution with both means added together, the data can be interpreted as the sum of the

background counts generated from Poi (bi(q)) and noisefree counts nIi(q) ∼ Poi (ciI(q)). Only

the sum of the background and noisefree counts is observed; however, nIi(q) can be estimated

from ni(q). The conditional posterior of the noisefree counts is a binomial distribution (see

Supplement 1 section 3B), and their expected values are

E[nIi(q) | I(q), ci, bi(q)] =
ciI(q)

ciI(q) + bi(q)
ni(q) . (3)

These are fractions of the observed counts ni(q), which differ from estimating nIi(q) (or n+
i
(q)

defined earlier) that involves the harsh background subtraction procedure.

To take the saturated pixels into account, we assume that the data ni(q) are censored at the

detector threshold n∗ meaning that they are clipped at a maximum value of n∗. The likelihood

is a (right-) censored Poisson distribution (i.e., the right tail of the Poisson distribution is not

observed). Let νi(q) denote the latent uncensored counts, νi(q) ∼ Poi (ciI(q) + bi(q)), then the

observed data can be modeled as ni(q) = νi(q) if νi(q) < n∗ (or equivalently, wi(q) = 1), and

ni(q) = n∗ if νi(q) ≥ n∗ (or wi(q) = 0). If we know νi(q), then parameter estimation would

simplify to background removal under the Poisson model, as in Eq. (3). However, since we do

not observe the uncensored counts directly, we have to estimate them. This can be achieved with

the following conditional posterior distributions

νi(q) ∼

{

TruncPoi (ciI(q) + bi(q), n
∗ − 1), wi(q) = 0

Poi (ciI(q) + bi(q)), wi(q) = 1

νIi(q) ∼ Binomial

(

νi(q),
ciI(q)

ciI(q) + bi(q)

)

ci ∼ Gamma (αi +

∑

q

νIi(q), βi +
∑

q

I(q))

I(q) ∼ Gamma (αI +
∑

i

νIi(q), βI +
∑

i

ci)

(4)

where νIi(q) are the noisefree contributions to the uncensored counts νi(q) and TruncPoi denotes

the truncated Poisson distribution [27]. The model parameters are inferred via the expectation-

maximization (EM) algorithm, which is an iterative procedure for MLE or maximum a posteriori

(MAP) estimation in the presence of incomplete data. The E-step gives the expectation of the

latent counts νi, allowing us to estimate the latent noisefree counts νIi. In the M-step, the

estimate of our model parameters; the fused pattern I and flux factors ci are maximized (see

Supplement 1 section 3C for details).
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Our EM algorithm, referred to here as Bayesian MEF is summarized in algorithm 1. The key

steps are: Estimation of the uncensored counts νi via their expected values under the truncated

Poisson distribution (line 4), background removal (line 5) analogous to Eq. (3), updating the flux

factors (line 6) and estimation of the fused pattern (line 7) analogous to Eq. (2). This procedure

iteratively estimates the saturated pixels, reduces the measured background noise, allows the

correction of flux factors and fuses the acquisitions for HDR imaging. The implementation of

this algorithm can be found as a python package in Ref. [28].

Algorithm 1. Bayesian MEF

3. Low SNR synthetic data with known flux factors

To study the performance of Bayesian MEF, we considered synthetic data in a low-SNR setting.

We fixed the flux factors ci = ti and did not estimate them. To simulate a low-SNR condition, we

considered a weakly scattering specimen. Supplement 1 section 4 derives the SNR condition

under weak phase object approximation (WPOA) [29]. In general, a phase object is given

by O(q) = exp
(

iφ(q)
)

where ρ ≈ max
(

φ(q)
)

denotes the maximum phase. Smaller values

of ρ result in weaker scattering, corresponding to a weakly phase-modulating specimen. To

systematically study the impact on ptychographic reconstructions, we simulated the data by

varying ρ from weakly scattering ρ = 0.3 to strongly scattering ρ = 1.0. For a given ρ, the

diffraction patterns are simulated using our forward model ni(q) ∼ Poi (ciI(q) + bi(q)) where

the additive background is drawn from the Gaussian distribution bi(q) ∼ N(µb,σ2
b
) [21]. As the

dark frames are measured and not estimated, mean background counts µb and variance σ2
b

can be

any arbitrary value and does not alter the estimation procedure of the noisefree counts νIi (step 5

in algorithm 1). Usually, the background counts are a small fraction of the actual data and remain

fairly constant with low spatial variance. Therefore, we choose µb = 100 and σ2
b
= 0.8. We

set flux-factors ci to 1, 8, and 64, corresponding to maximum photon counts of 27, 210 and 213,

respectively. The data was censored at a threshold of 211 causing saturation mainly in the third

acquisition. The simulated diffraction patterns are shown in Fig. 2(a), where acquisitions for a

specific scan position were generated for ρ = 1.0 and ρ = 0.3. For the third acquisition (c3 = 64),

the number of saturated pixels was ≈ 2.3 times higher for ρ = 0.3 than for ρ = 1.0, further

increasing the level of uncertainty in the fusion of data from the weakly scattering specimen. For

each exposure time, we repeated the measurement six times, fusing 18 measurements per scan
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It is expected that both MEF methods yield comparable results in a high SNR and high photon

count scenario, where flux factors are accurately known. This was verified by correcting the

heuristic flux factors with our Bayesian MEF approach (step 6 in algorithm 1) as shown in

Fig. 5(a) and utilizing them for the conventional MEF case, leading to visually indistinguishable

reconstructions (see Fig. 5(b)).

5. Summary

We introduced a Bayesian approach for MEF that incorporates image formation statistics with

priors in a principled manner for its application in CDI. Our findings illustrate enhanced HDR

phase retrieval, particularly in scenarios, characterized by low SNR or variations in illumination

intensity. It can also be noted that conventional MEF is merely a special case of the Bayesian MEF

approach, which was verified with the experimental data where both methods perform equivalently

with known flux factors in a high count, high SNR regime. Currently, MEF is a preprocessing

step for ptychography, and a natural extension of our work would involve the integration of

our Bayesian model directly into a ptychography framework based on automatic differentiation

(AD) [34], potentially further enhancing robustness in HDR ptychographic reconstructions.

Furthermore, exploring physics-informed priors could enhance estimation in scenarios with

limited data in the low SNR regime or expedite algorithmic convergence.

In summary, the results presented in this study signify noteworthy advancements in the field

of computational imaging. Our work holds promise for robust phase retrieval with challenging

weakly scattering specimens or when access to high-quality detectors at extreme wavelengths

[3,4] is restricted. Moreover, the versatility of our approach renders it applicable to any imaging

scheme requiring enhancement of the dynamic range.
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