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A: Working principle of the digital filter methods listed in Table 1
The most pursued goal in the field of denoising DHs is to find novel and efficient spatial filters to be applied on one single recorded hologram. The most used ones, reported in Table 1 of the main text, are summarized here. Several types of kernels can be considered: the moving average filter, the median filter which is efficient to remove impulsive noise and the Gaussian filter. These filters are generally very easy to be implemented and they constitute reference methods to evaluate other more complex algorithms. 
In image processing, the Wiener method is a filtering operation which aims at producing an estimate of a noise free target image by using a spatially invariant linear filter.1 From the mathematical point of view, the Wiener filter is the solution of the least square minimization of the difference between the original noise free target image and the filtered image in case of a linear spreading model with additive noise. As the goal is only to reduce the impact of the noise, the spreading function can be chosen as unitary, so in this case, the transfer function of the Wiener filter1, W(u,v), is given by Eq.(1):


                                                                                               (1)

 where Φs and Φb are respectively the power spectrum density of the original image and the power spectrum density of noise. These quantities are not known a priori so they have to be estimated.  
Synthetic Aperture Radar (SAR) filtering methods can be also applied to DH speckle images. Indeed, DHs and SAR data share similar noise properties, the noise model being considered as multiplicative. A good example is the adaptive Lee filter,2 in which the parameters are tuned according to the local statistical properties of the image to be processed. The parameters are estimated in a neighborhood of the pixel for which one aims at restoring the correct value. The filtering can be mathematically described by:

                                                               (2)

 In Eq.(2), the parameter  depends on the ratio between the signal variance in the considered local window,  and the sum between  and the speckle variance, . In a region characterized by homogeneous values (), the local variation coefficient is low (α0), and the filter locally smooths the image thus reducing noise. On the opposite, in regions characterized by high local variations like edges and fine details () α approaches unity and the current value of the pixel is considered, thus preserving the resolution. 
Decomposition on wavelet basis and thresholding was extensively considered for image enhancement.3,4 The principle is to use a threshold on the wavelet coefficients computed from the image to be enhanced. When the wavelet coefficient space of the signal is sparse, the highest coefficients concentrate information about the image. It follows that applying a threshold eliminates the least significant coefficients. These coefficients are supposed to be related to noise. As a general rule, the model considers an additive noise. When considering the wavelet transformation, the same process is applied to the coefficients. In the case where the noise is multiplicative, computing the logarithm of the signal permits to deal with additive signal and noise. For example, such an approach was proposed for noisy SAR images.5 Several parameters can be adjusted to optimize wavelet-based denoising: wavelet basis, number of decomposition levels, profile of the thresholding operator, threshold values and the way the threshold is estimated. Various wavelet bases have been proposed, like Daubechies wavelets and symlets built from the tensor product of their one dimensional release, and other curvelets and contourlets,6,7 built in a circular paving plane. Such bases offer a wide diversity of waveforms. In the past, noisy speckle interferograms were successfully processed using such approaches.8-12 
Alternatives for enhancement of images corrupted by additive noise were proposed exploiting the Non Local Means (NLM) method.13-16 The idea is to replace the pixel value by a weighted sum of values included in patches. The patches are chosen in the neighborhood of the processed pixel. The correlations between the local patch of the pixel to be processed and the neighborhood patches that are taken into account provide the weighting. Thus, when a patch is highly correlated with the local patch of the pixel to be processed, the pixel is taken into account in the weighting with a coefficient evaluated from a Gaussian kernel. The kernel has for argument the Euclidean distance between the two patches. 
Based on a similar idea, the transform-based Block-Matching 3-D (BM3D) filter proposed by K. Dabov was established as the state-of-the art in image de-noising.17-19 The BM3D filter efficiently combines different approaches and synthesizes major advances of the recent years.18 Among them, image decomposition in patches (similarly to the NL-means) and use of shrinkage operators applied on image transform domain as wavelet representations are worth to be mentioned. The basic principle of the BM3D filter is to consider nonlocal image modelling by grouping and collaborative filtering. Grouping means that mutually similar 2-D image patches are detected and stacked together in 3-D. By definition, the pixels belonging to a group are highly correlated (both inter-segment and intra patch correlation of the pixels occur inside each group).  Thus, a very sparse representation of the group is allowed in suitable 3D transform domains, which can be exploited to discriminate between signal and noise components.17-19 In other words, the group is 3D transformed, then coefficient thresholding is applied to retain the sole signal components. Finally, inverse 3D transform of the group is taken. Since an image segment is allowed to belong to multiple groups, multiple estimates of each segment are obtained, which improve the estimate (aggregation procedure17-19). 
In order to take into account the non-stationary property of the speckle noise, the 2-D windowed Fourier transform filter (WFT2F) method was proposed by Q. Kemao.20-25 It is based on a local Fourier transform (FT) which permits to extract useful frequency components from noise with more localization accuracy than with a FT computed overall. As like wavelet transforms, the filtering process uses a threshold for the modulus of the WFT2F coefficients and the phase is unchanged. The WFT2F can be interpreted as a projection of the input image onto 2-D oscillating functions which are localized both in the spatial and the frequency domain by means of a modulated Gaussian kernel. A hard thresholding applied to coefficients provides the filtering. Finally an IWFT2F is applied on the filtered coefficients in order to get the de-noised image. The phase can be extracted from the output complex image with the help of an arctangent operator to get the modulo 2π phase of the fringe pattern. 
Anisotropic diffusion is as an adaptive technique which provides a low-pass filtering while preserving edges that are included inside the image to be processed.26,27 It is based on scale space theory. Each iteration is equivalent to make a step forward in the scale space. At every step, the resulting image loses resolution, as high spatial frequencies which are characteristic of the speckle noise that one wants to filter out are gradually eliminated. On the opposite to a basic filter, the main idea that lies within anisotropic diffusion is to estimate the edges on the image. The filtering occurs along the edges and not across them. So estimating them is crucial for this algorithm.  A good estimator would theoretically be equal to zero within a homogeneous area and proportional to the local contrast beside an edge. In practice, the gradient operator is well known to provide a very good estimation of the edges. Taking into account this estimator and going one step forwards in the scale space leads to the use of the equation of anisotropic diffusion of heat. For numerical calculation, Perona et al. suggested two models of function that permit the calculation of the conduction coefficient that gives a very good estimation of the speckle noise as it favors high contrast edges over low contrast ones.26


B: Performance evaluation metrics 
As a general rule, and whatever the targeted application, metrics are the main part of any quantitative evaluation of algorithms designed to reduce noise. In a recent paper28, a review of the metrics that can be used in the domain of digital holography was provided. We invite the reader to have a look at the paper and to the detailed explanations about metrics. In this section, we remind the most significant results about metrics. 
A large variety of metrics is based on the concept of signal-to-noise ratio (SNR). For example, the measurement of the evolution of this ratio before and after processing yields the metric “gain of SNR”, defined by GSNR29:


                                                                            (3)

with


                                                                    (4)

                                                                    (5)
In these equations, s(i,j), sn(i,j) and d(i,j) represent respectively the noise free reference image, the noisy image, and the restored image. A strictly equivalent approach named “improved SNR” is proposed in Refs. [30,31]. The most used metric in the image processing community is, without any contest, the maximum SNR (“peak SNR”), PSNR , defined for images digitized with 8 bits by:


                                                                  (6)

where MxN is the total number of pixels. For potential applications in the field of contact-less metrology dealing with phase measurements, the metric named “phase error”29-38 is more suited. Its main advantage is that it provides a quantitative output to evaluate the error on the measured data. The phase error is defined by:


                                                 (7)

TPE stands for “true phase error”. In Ref. [28] is established a close link between the PSNR and the TPE. The relation between these two metrics is given by:


                                                                 (8)

[bookmark: _GoBack]In this equation, PSNR has to be evaluated on the cosine of the wrapped phase, and not on the raw phase. The illustration is shown in Supplementary Figure S1. The red curve corresponds to the equation and the blue curve to the result of a benchmark with 37 algorithms and 25 phase fringe patterns28,29.
[image: ]
Fig. S1. Relation between PSNR and TPE. Red curve: the algebraic relation. Blue curve: simulation results for 37 algorithms and 25 phase fringe patterns28,29. Reprinted with permission from ref. [28], [OSA – The Optical Society].

In the case of data from experiments, it is quite seldom to obtain a noise free reference image. Thus, it is of interest to consider metrics that can be calculated by considering the noisy and de-noised images. This is the case, for example, for the metrics proposed in Refs. [29,32] and named the “signal-to-distortion-ratio” (SDR). Unfortunately, this metric has a weak correlation with metrics using a noise free reference image. It follows that the results of rankings obtained with the SDR are quite different than those obtained with metrics with reference images, as was demonstrated for a database constituted with realistic simulations of noisy phase fringe patterns29. To overcome such limitation, a novel metric was proposed in Ref. [28], and is called EPE, as “estimated phase error”. The principle is that the estimation of the most probable noise free reference image is calculated using a reference algorithm. The proposal is to use the 2-D dimensional windowed Fourier transform as the reference algorithm which constitutes the state of the art for de-noising phase images29.
As a concluding remark of this section, the metrics calculated on quadratic errors, as presented, do not take into account of distortions of the structures in the phase fringe patterns. Then, a lot of metrics related to perception were proposed in the past28. The most used perception metric is the quality index39:


                                                                         (9)

In this equation, µs and µd are the mean values of images s(i,j) and d(i,j), σs and σd are their variances and σsd their covariance. This metric indicates the quality of a perceived image for any observer. This metric exhibits strong correlations with TPE and PSNR 28,29,39. It follows that rankings are similar.
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