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Abstract. The paper presents a new automatic technique for speckle reduction in the context of digital holog-
raphy. Speckle noise is a superposition of unwanted spots over objects of interest, due to the behavior of a
coherence source of radiation with the object surface characteristics. In the proposed denoising method, bidi-
mensional empirical mode decomposition is used to decompose the image signal, which is then filtered through
the Frost filter. The proposed technique was preliminarily tested on the “Lena” image for quality assessment in
terms of peak signal-to-noise ratio. Then, its denoising capability was assessed on different holographic images
on which also the comparison (using both blind metrics and visual inspection) with the leading strategies in the
state of the art was favorably performed. © 2014 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.OE.53.11
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1 Introduction
In 1971, the Hungarian–British physicist Dennis Gabor was
awarded with the Nobel Prize in Physics for the invention
and development of the holographic method.1 This method
is a means for recording and reconstructing the whole
information contained in an optical wavefront, namely
amplitude and phase, and not just intensity as in photogra-
phy: this allows a three-dimensional (3-D) reconstruction of
the object. In digital holography (DH),2 a charge coupled
device (CCD) camera is used to record the holograms.
Unfortunately, these reconstructed structures are corrupted
by speckle noise. A speckle pattern results when an object
is illuminated by a coherent source of radiation and the
object has a surface structure that is roughly of the order
of a wavelength of the incident radiation. In the image
plane, the presence of speckle is evident as a collection of
spots superimposed upon the actual object.
Speckle noise makes image quality lower and its removal

is challenging since, often, the removing process destroys
important structures in the image that are in the same
scale of a speckle pattern.
Several speckle-removing approaches have been pro-

posed in the last decades and they can be divided into
two main categories: image-processing techniques3 and
optical techniques.4 Optical techniques are based on the def-
inition of specific acquisition setup. Instead, digital image-
processing techniques do not affect the acquisition setup but
they try to reduce the noise by numerical processing of the
recorded data.
Nonadaptive filters (e.g., mean or median filters3) have

been largely used for this purpose. To reduce the impact
of filtering in image areas containing texture and edges,
adaptive filters have also been introduced [e.g., Frost filter,5

Lee filter,6 discrete Fourier filtering,7 nonlocal means filter-
ing (NLM)8]. To reduce noise, empirical mode

decomposition method (EMD) and bidimensional empirical
mode decomposition (BEMD) method were also pro-
posed.9–11

In this paper, a multiresolution technique is introduced to
analyze the input signal at different scales: it makes use of an
automatic reconstruction process that, on the basis of image
quality indicators, is able to evaluate which portion of fre-
quency bands (in the multiresolution framework) can be
suppressed to the aim of reducing the speckle and to preserve
the image contents.
The proposed multiresolution framework is based on the

BEMD procedure and, in particular, it exploits a recently
introduced, modified version of the classical BEMD that
allows multilevel decomposition.12,13 The key idea is to ana-
lyze the reconstructed digital holograms by using the afore-
said multilevel BEMD and then to perform an automatic sub-
band decimation stage guided by speckle index indicators.
This introduces a twofold level of innovation with respect
to state-of-the-art techniques: on the one side, BEMD is
first time used for denoising reconstructed holograms (it
was only already used in DH for fringe pattern denois-
ing14–17). On the other side, it introduces a multilevel strategy
which is able to automatically select the speckle noise sub-
band, making it suitable to be easily exploited when different
acquisition setups are used.

2 Bidimensional Empirical Mode Decomposition
BEMD is a two-dimensional (2-D) extension of the classical
EMD. In general, EMD18 is a fully data-driven method used
to remove the noise produced in transform process without
making any assumptions on the initial data. Since it provides
more advantages when processing complex signals, EMD
has been used in a wide range of fields, including biology,19

geophysics,20 radar,21 and medicine.22
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EMD method decomposes, by a sifting process, any com-
plex dataset into a finite and often small number of compo-
nents, i.e., a collection of intrinsic mode functions (IMFs).
An IMF represents a generally simple oscillatory mode
with the same number of extrema and zero crossings,
with its envelopes being symmetric with respect to zero.
This decomposition method, operating in the spatial

domain, is adaptive and highly efficient. Since the decompo-
sition is based on the local characteristic timescale of the data,
it can be applied to nonlinear and nonstationary processes.

2.1 Empirical Mode Decomposition

Given a signal xt), the effective algorithm of EMD can be
summarized as follows:23

1. Identify all extrema of xðtÞ;
2. interpolate between minima (resp. maxima), ending up
with some envelope eminðtÞ (resp. emaxðtÞ);

3. compute the mean: mðtÞ ¼ ðeminðtÞ þ emaxðtÞÞ∕2;
4. extract the detail dðtÞ ¼ xðtÞ −mðtÞ;
5. iterate on the residual dðtÞ.
In practice, the above procedure has to be refined by a

sifting process which amounts to first iterating steps 1 to
4 upon the detail signal dðtÞ, until this latter can be consid-
ered as zero-mean according to some stopping criteria. Once
this is achieved, the detail is referred to as an IMF, the cor-
responding residual is computed, and step 5 applies.
Considering the good effect of EMD in processing one-

dimensional (1-D) signals, the same processing scheme was
extended to the field of image processing,24 and it has been
referred to as BEMD that is detailed in the next subsection.

2.2 Extension to Bidimensional Signals
(Bidimensional Empirical Mode Decomposition)

The sifting procedure for 2-D extension can be summarized
as depicted in Fig. 1.
In first step of sifting process, after read-in data array, an

algorithm returns the maxima and minima elements of the
matrix considering the peaks through all columns of matrix.
Next, a function estimates a surface on a 2-D grid, based on
scattered data. Each cell in the grid is splitting into a triangle,
and then a linear interpolation is made inside each triangle.
When upper and lower envelopes are obtained, mean

plane is computed by averaging them.
The original image can be recovered by

I ¼
X
j

IMFj þ R: (1)

The first IMF contains the highest spatial frequencies, the
other IMFs contain frequencies progressively smaller, and
the residue R represents low-frequency information in the
source image.
The denoising process, in BEMD, is accomplished by

means of the removal of the high-frequency oscillation
modes.

Imod ¼ I − IMF1; (2)

where Imod is the denoised image.

3 Proposed Method
This section describes a modified version of the classical
BEMD method introduced above. In particular, the sifting
process will be first applied to the image and then to each
IMF obtained from the first process as shown in Fig. 2.
One of the major drawbacks of the original BEMD is the

frequent appearance of mode mixing, which is defined as
either a single IMF consisting of signals of widely disparate
scales, or a signal of a similar scale residing in different IMF
components. Mode mixing is often a consequence of signal
intermittency.
To solve this problem, several approaches have been

introduced to improve the sifting process,11 to match
BEMD and median filter,25 to modify EMD with a new
noise-added signal analysis method,26,27 and to create a
multidimensional ensemble EMD, or to use a multivariate
empirical mode decomposition.23

The idea is that by decomposing the IMFs may also avoid
this problem. If an IMF contains both data and noise, by con-
sidering this IMF as a noised image and applying to this IMF
the sifting process, it may be possible to separate data
and noise in different IMFs. Furthermore, usually in the lit-
erature, denoising techniques that make use of BEMD
algorithm cancel out the first IMF component from the
decomposition and reconstruct the image with a good
approximation of noise removal. Unfortunately, for digital
holograms this is not applicable, since speckle noise occurs
in portions of other extracted IMFs as also experimentally
found. To this aim, the proposed technique makes an auto-
matic selection of the IMF to be deleted based on a numerical
indicator that will be introduced below.

Fig. 1 The classical BEMD process for the extraction of intrinsic
mode functions.
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In the standard sifting method proposed by Huang,23 the
stop of sifting process is performed according to standard
deviation from two consecutive IMFs, that is: if this value
is between 0.2 and 0.3, the process is stopped. Since this
step could require a long time to complete the decomposition
process, in the proposed approach, where a multilevel
decomposition is performed, the choice to generate 4
IMFs at each level has been made: this has been experimen-
tally demonstrated (see Sec. 3) to be a good compromise
between the above stopping criteria and the use of a fixed
number of iterations into the sifting process.28 In fact, for
the iterative nature of the algorithm, it is better to achieve
a lower number of IMFs but to get them through a complete
sifting process in order to assure their high quality (in terms
of description of the oscillatory behavior of the data).
In the BEMD approach, the input image I is represented

by a linear combination of several extracted IMFs (plus
residuals).
Consequently, in the proposed approach, the first decom-

position level leads to

Ifirst level ¼
X3
i¼1

IMFi0 þ R; (3)

whereas the second decomposition level leads to the follow-
ing description of the image I:

Isecond level ¼
X3
i¼1

X3
j¼1

IMFij þ R; (4)

After decomposition, by taking away one of the generated
IMFs (desirably the IMFij containing the most of the noisy
components in the acquired image), it is possible to get the
image Imodi;j

:

Imodij
¼ I − IMFij: (5)

This reconstructed image is finally smoothed by a Frost
filter:

IFmodij
¼ FrostðImodijÞ: (6)

This filter is adaptive and, in general, it preserves both
edges and features,29 and it has been already effectively
used to reduce speckle effects in SAR30 and holographic
images.31

The Frost filter replaces the pixel of interest with a
weighted sum of the values within the n × n kernel. The
weighting factors decrease with distance from the pixel of
interest. The weighting factors increase for the central pixels
as variance within the kernel increases. This filter assumes
multiplicative noise and stationary noise statistics, and its
impulse response is obtained by minimizing the mean square
error between the observed image and the scene reflectivity
model, which is assumed to be an autoregressive process.
The resulting filter, after some simplifications, can be written
as mðtÞ ¼ e−KC

2
s ðt0Þjtj, where K is a constant controlling the

damping rate of the impulse response function, t0 denotes the
pixel to be filtered, and Cs ¼ σs∕μs is the local statistics
computed within the filter window ηs. The factor K is chosen
such that: when the filter operates in a homogeneous region,
KC2

s approaches zero, yielding the mean filter output; at an
edge, KC2

s becomes so large that filtering is completely
inhibited. In other words, the smaller the K value, the better
the smoothing ability and filter performance (at the expense
of the preservation of the edges). In this paper,K has been set
to 1 since no a priori knowledge was available about the
informative content of the image, i.e., it was not possible
to know a priori the signal.
The best kernel size, of course, depends on the (subjec-

tive) speckle size that is correlated, among all, also to the
focal length and the aperture size of the imaging lens.
The right computation of the noise statistics is, however,
not trivial and, for some aspects, still under investigation
(especially for particular acquisition setups such as the
one used in some of the experiments reported in Sec. 4).
For these reasons, in order to properly finalize the evaluation
of the proposed approach, in this paper, the experimental
selection of the kernel size was pursued, i.e., different kernel
sizes were tested and the one giving the best denoising
results (i.e., the best increasing of the PSNR) was chosen.
Since speckle may reside in one of the extracted IMFs, the

cancellation of each of them may reconstruct the image with
a good denoising approximation, but also controlling the
trade-off of removing important structure contained in
the image.
To this purpose, two indicators of speckles are considered

in the following.

Fig. 2 A first sifting process decomposes the original image in three
IMFs and then, each of them is further decomposed by a second sift-
ing process.

1
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3.1 Evaluate the Speckle

Generally, a speckle index31 is chosen as the metric to evalu-
ate the reduction in speckle.
Speckle index is a measure of the level of noise in the

image: it is computed on a uniform region of the image
in order to assure that every observed deviation from the
expected reference value in the pixels is due to noise.
Since, it is obvious that the lower the index, the less
noisy is the image, and in particular, in an ideally uncor-
rupted image the speckle index value is zero.
From the computation point of view, the speckle index

value is, generally, computed as

SI ¼
ffiffiffi
σ

μ

r
; (7)

where σ and μ are standard deviation and the mean, respec-
tively (computed in the considered uniform region). The
smaller the speckle index, the less speckle noise is left in
the images.
The same metric, but applied to the whole image, is also

often considered as a measure of the image quality:32 in this
case, the impact of the denoising process is measured not
only where there is no signal (as in the aforesaid uniform
area), but also where the noise is added/multiplied with
the signal.
In other words, in this way, a rough evaluation of how the

denoising process also impacts the signal is performed: the
lower the contrast, the higher the (expected) image quality,
since a lower contrast indicates that, most probably, the
denoising has reduced the standard deviation (in general
characterized by the noise) much more than the mean (to
which mainly contribute the signal components) of
the image.
Given the above metrics, in order to correctly choose the

level that provides the best denoised reconstructed digital
hologram, it has been necessary to define a unique parameter
to evaluate both the speckle index for the area of the whole
image SIðwÞ and for a uniform area SIðuaÞ. Since an ideal
image is not available, the uniform area has to be manually
selected in the holographic image and has to correspond to
any of the object regions having homogeneous appearance.
Let us, then, define a global index to take into account of

the minimum value obtained in each level:

SIðtotÞi;j ¼ ½SIðwÞi;j −minðSIðwÞÞ� þ ½SIðuaÞi;j −minðSIðuaÞÞ�;
(8)

where is the total speckle index for the reconstructed image
at level ij, while SIðwÞi;j is the speckle index for the whole
image, minðSIðwÞÞ is the lowest value for the whole image
among all the reconstructed images, SIðuaÞi;j is the speckle
index in the uniform area for ij level, and minðSIðuaÞÞ is
the smallest value of the speckle index in the uniform
area among all the reconstructed images.
The reconstructed image to be retained is finally selected

as the one corresponding to the indexes ðī; j̄Þ for which a
minimum value of is obtained, i.e.,:

ðī; j̄Þ ¼ arg min
i;j

ðSiðtotÞi;jÞ: (9)

This means that the retained image will be the one recon-
structed without the contribution of the IMFij, i.e., the IMF at
level (i; j) in Fig. 2 and then filtered using Frost kernel, i.e.,
according to Eq. (6)

IFmodij
¼ FrostðI − IMFijÞ: (10)

4 Experimental Results
The effectiveness of the proposed approach was prelimi-
narily simulated on the popular “Lena” image, on which
speckle noise was artificially added, and then numerical eval-
uations and quantitative information of the denoising capa-
bilities were achieved by comparing ideal and denoised
images.
In Fig. 3, the ideal and noisy “Lena” images are reported.

In Fig. 4, instead, the first row reports the first two IMFs
obtained after the “first-level” sifting process on the above
noisy “Lena” image, whereas in the second row, the images
obtained by subtracting from the ideal “Lena” image and the
one reconstructed by eliminating the above corresponding
IMF are shown.
From Fig. 4, it is quite evident that in the “first-level”

IMFs, the noise and the informative content were mixed,
even choosing a very small stopping parameter (as actually
done). Given that, there was no way to achieve an effective
denoising by simply discarding one (or more) IMFs at this
level: this is clearly demonstrated by the difference between

Fig. 3 Ideal (a) and noisy (b) “Lena” images.
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ideal and reconstructed images that present a large number of
nonzero pixels (respectively 12.35% in the case of recon-
structed image discarding IMF1;0 and 16.20% in the case
of reconstructed image discarding IMF2;0).
Noisy components can be, instead, very well isolated

using the proposed multilevel decomposition. To clarify
this, in Fig. 5, some IMFs obtained after the second-level
decomposition of the IMF10 are shown, in particular,
IMF13 mostly contained noisy components and then, by
eliminating it, the reconstruction process leads to an effec-
tively denoised image. The ideal image is then compared
with the reconstructed one in Fig. 6 (first row) and the cor-
responding results of the subtraction between ideal–noisy
images (second row, left) and ideal–reconstructed images
(second row, right) are reported. From Fig. 6, it is quite evi-
dent the effect of the noise and the effectiveness of the
denoising process: the difference between the ideal and
noisy images led, in fact, to a cloud of nonzero points
(37.19% on nonzero pixels), where most of those disap-
peared in the difference between ideal and reconstructed
images obtained by removing IMF13.
Reconstructed images are much more similar to the ideal

than the noisy one: all the effect of the noise has been

cancelled out and the images slightly differ only around
the edges (9.35% on nonzero pixels).
During this experimental phase, different strategies were

considered to estimate a surface on a 2-D grid. The interpo-
lation method is, in fact, an essential part of BEMD, and then
it is well known that different interpolation algorithms could
lead to different results, in terms of both achieved decompo-
sition and computational loads.
In particular, four different interpolation strategies were

considered: triangle (each cell in the grid is splitting into
a triangle, then a linear interpolation is made inside each tri-
angle), bilinear, bicubic, and nearest.
In light of the experimental outcomes on Lena image,

however, different interpolators led to similar denoising
results [in terms of PSNR that increased from 26.70 dB
of the noised image to about 28 dB (for nearest interpolator)
and to about 30 dB (for triangle, bilinear and bicubic inter-
polators] in the reconstructed image but in face of different
computational loads (bilinear þ9% and bicubic þ10% with
respect to the triangle interpolator). As a consequence, the
triangle interpolator was definitely chosen, and the reported
denoising results are only those obtained by using it to
build IMFs.

Fig. 4 First row: first two IMFs obtained in the first-level sifting process (IMF10 on the left and IMF20 on
the right). Second row: images obtained by subtracting from the ideal “Lena” image the one reconstructed
by eliminating the above corresponding IMF.

Fig. 5 Some of the IMFs obtained at the second level of decomposition2 .
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Finally, the PSNR value was used to estimate the share of
EMD and Frost filtering in the image quality enhancement.
The plot in Fig. 7 reports the effects of the different algorith-
mic steps on the image quality enhancement. Both multilevel
BEMD decomposition and Frost filtering contributed to the
increasing of the PSNR, but the best results can be achieved
if the two techniques are combined as proposed in this paper.
After the above preliminary evaluation, the proposed

algorithm was exploited to reduce speckle effects on a holo-
graphic image of the Perseus statue.
Concerning the experiment on the holographic image, it

was captured at long wavelength infrared (IR) range
(10.6 μm) in off-axis Fourier configuration. A Miricle
Thermotekni×307 k, (640 × 480 pixel resolution) and
25 μm pitch was used.33,34

In Fig. 8 left, a photo of the Perseus statue is shown,
whereas on the right, a corresponding holographic image
is reported. The white rectangle on it locates the uniform
area used for speckle index computation.

The implementation of the described algorithm produced
three first-level and nine second-level IMFs, from which 12
denoised images were then reconstructed and analyzed in
order to detect the one having the maximum index value
defined in Eq. 9. The relative index values SiðwÞ, SiðuaÞ,
and SiðtotÞ (introduced in Sec. 3.1) are reported in Table 1
from which it is possible to observe that smallest speckle
index is, in this case, relative to the image reconstructed
after the discarding of the IMF32, i.e., the image reported
in Fig. 2 as

Imod32
¼ FrostðI − IMF32Þ: (11)

4.1 Comparison with Other Different Filters

In order to test the validity of the proposed technique, a com-
parison with some of the leading denoising techniques (in the
field of digital holography) was also performed. To this aim,
six approaches were compared in terms of speckle index
computed on both the whole image and a quasiuniform
area. The six filters are: median filter,3 discrete Fourier filter,7

NLM filter,8 Lee filter,6 Frost filter,5 and BEMD.9,11 Table 2
shows the reported indexes for comparisons.
The parameters used for the comparing filters were the

following: window size of the median filter (3 × 3), cut-
off distance (40), filter type (butterfly), filter order (2),
and number of iterations (4) for the discrete Fourier filter;
search window (50 × 50), similarity window (9 × 9) and
degree of filtering (h ¼ 6) for NLM; window size (3 × 3)
for the Lee filter; window size (5 × 5) and damping rate
(1) for the Frost filter, and finally, in the BEMD approach,
the first IMF was removed after the generation, making use

Fig. 6 First row: (a) ideal and (b) reconstructed (removing IMF13) “Lena” images. Second row: frame
differences between (c) ideal-noisy and (d) ideal-reconstructed images.

Fig. 7 The effects of the different algorithmic steps on the image qual-
ity enhancement for “Lena” image.

3
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of the stopping criteria based on the standard deviation of
two consecutive IMFs ð0.2 < SD < 0.3Þ.
The analysis of Table 2 shows that, by the proposed

method, it was possible to achieve the lowest SiðuaÞ value
and the second lowest value also for SiðwÞ. In particular,
regarding the parameter computed on the entire image, it
seems that the NLM method slightly outperforms the pro-
posed one. Anyway, the above quantitative analysis is, in
general, not sufficient to actually assess what is the best
speckle denoising technique since a low SiðwÞ may also
occur in case of strong smoothing effect that can compromise
the signal preservation. For these reasons, a qualitative visual
comparison, in addition to the above metrics, is desirable.

To this end, in Fig. 9, the outcomes of the proposed
approach have been qualitatively compared with those
obtained using the the most used denoising techniques in
the field of DH.
The visual comparison of the denoised images in Fig. 9,

among all, demonstrates that the scores, achieved by the
different approaches in terms of the blind metrics in
Sec. 3.1, do not match the quality perceived by visual inspec-
tion. In particular, in the denoised image obtained by NLM
filter [Fig. 9(d)], it is possible to note that some details of the
object are lost due to an excessive smoothing effect depend-
ing on the high spatial variations in the appearance of the
object that make unreliable the estimated nonlocal statistics
(even in the case of reduced size of the searching window).
In fact, the NLM filter removes most of the speckle but,

unfortunately, also destroys important object features. This
becomes clearer using the alternative visualization in
Fig. 10 where the gradient magnitude, after a 5 × 5 Sobel-
edge finding operation, is reported for both the image

Fig. 8 (a) A photo of the Perseus statue and (b) a recorded and reconstructed holographic image. White rectangle includes a (quasi)uniform region
used for speckle index computation.

Table 1 Speckle index values obtained for the 12 reconstructed
images4 .

Reconstructed image SiðuaÞ SiðwÞ SiðtotÞ

IðmodÞ1 0.85626 0.44877 0.12850

IðmodÞ2 0.87147 0.49610 0.19104

IðmodÞ3 0.84531 0.41476 0.08354

IðmodÞ11 0.85681 0.45355 0.13383

IðmodÞ12 0.86136 0.41947 0.10430

IðmodÞ13 0.86152 0.42530 0.11029

IðmodÞ21 0.87524 0.50300 0.20171

IðmodÞ22 0.85953 0.41753 0.10053

IðmodÞ23 0.86396 0.42715 0.11458

IðmodÞ31 0.84885 0.43981 0.11213

IðmodÞ32 0.85659 0.40283 0.08289

IðmodÞ33 0.86065 0.43598 0.12010

Table 2 Speckle indexes for the compared denoising approaches.

Method Si(ua) Si(w)

Original 0.85 1.04

Median filter 0.69 0.93

Discrete Fourier 0.82 1.23

Nonlocal mean 0.48 0.84

Lee Filter 0.58 0.89

Frost 0.54 0.87

BEMD 0.50 0.95

Proposed method 0.40 0.86
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denoised by NLM, Fig. 10(a) and Fig. 10(b), by the proposed
approach.
It is noticeable that NLM severely smoothes important

structures contained in the image, which results in a lower
image quality, although the speckle index in the whole
image is the lowest among the compared techniques.
In addition to the above, from Fig. 8, it is also clear that

the remaining compared filters supplied lower-quality
images with respect to the one obtained by the proposed
approach. In fact, on the one side, median filter and discrete
Fourier filter completely destroyed the arm that supports the
head of Medusa. On the other side, Lee filter and classical
BEMD denoising were not able to effectively reduce the
speckle noise that is noticeable in the face and the helm
regions. Finally, the Frost filter completely blurred the
upper area of the image.
To give a further evidence of the denoising capability of

the proposed method, an additional experiment was per-
formed on the digital hologram reported in Fig. 11(b).
The image (resolution 1024 × 1024 pixels) is relative to
the astronaut puppet reported in Fig. 11(a) and was acquired
with visible laser, with a recording distance d ¼ 790 mm, by
using a CCD camera with pixel size 4.4 × 4.4 μm.35

For this hologram, the homogeneous area, chosen for
metrics computation, was placed on left arm. After running
the algorithm and comparing the global speckle index score
in Eq. 8, the image reconstructed after removing the second
IMF at the first level of decomposition (i.e., IMF 12 in
Fig. 2) was selected as the best one, and it is reported in
Fig. 11(c), from which is evident the quality increment
with respect to the initial image.
Unfortunately, a flaw of the proposed technique is the

processing time taken for the complete denoising process:
this drawback is due to not only the BEMD procedure,
that is iteratively performed, but also to the Frost filter
that is applied on each reconstructed image.
The denoising procedure, currently implemented in

MATLAB® version R2012a, runs on a commercial laptop
equipped with Intel i7 and 8GB of Ram.
To give an idea of the computational performance, let say

that on the Perseus image (having a spatial resolution of

Fig. 10 Gradient magnitude of reconstructed digital hologram after
denoising by (a) NLM filter and (b) proposed method. The figure high-
lights how nonlocal means severely smooth structures in the resulting
image.

Fig. 9 (a) original image and outcomes obtained by (b) median filter,
(c) discrete Fourier filter, (d) nonlocal means filter, (e) Lee filter,
(f) Frost filter, (g) BEMD, (h) proposed method.
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480 × 250 pixels), the BEMD procedure takes about 40 s,
whereas each Frost filtering takes about 12 s.

5 Conclusion
In this paper, an automatic technique to reduce the noise of a
reconstructed digital hologram image has been proposed.
This technique performs multiscale analysis that provides
different denoising images and automatically identifies the
best among these. Experimental results, in a preliminary sim-
ulation phase and on real holographic images, demonstrated
that the proposed approach might lead to encouraging results
in both qualitative and numerical terms. Future works will
deal with the test on a larger broader set of holographic
images (eventually taken using different setups). In addition,
some modifications to the algorithm will be introduced in
order to reduce the computational load and to increase
IMF quality: one way to achieve these important improve-
ments would be the experimentation of the promising
framework involving the FABEMD algorithm36 or the imple-
mentation of soft-thresholding, adapted to the signal, in the
sifting process.
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