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Abstract: Digital holography is a widely used in many fields for imaging, display and for 
metrology by exploiting its the capability furnish quantitative phase contrast map. The entire 
processing pipeline that permits to achieve phase-contrast images can be obtained by a 
cascade of numerical processing, such as the zero-order and twin image suppression, the 
automatic refocusing, the phase extraction by aberrations compensation and, if necessary, the 
phase unwrapping. In this paper, we propose a new method, based on the Singular Value 
Decomposition (SVD) filtering, to suppress zero-order and twin image in off-axis 
configuration, thus selecting automatically the desired real diffraction order. Actually, we 
demonstrate the proposed approach in the case of lack of knowledge about the reference 
beam’s frequency and curvature, which typically occurs in portable off-axis holographic 
microscope systems for lab-on-a-chip applications. We validate the proposed strategy by a 
comparison with the common Fourier spatial filtering in the case of different experimental 
conditions and for several biological samples.       
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1. Introduction 

Digital Holography (DH) in microscopy is a widely used imaging modality to access to label-
free, full-field and Quantitative Phase Imaging (QPI) of biological samples as well as three 
dimensional (3D) sensing, 3D imaging, 3D Visualization, 3D display and others metrology 
applications [1-4]. In the last decade, several applications have been possible thanks to QPI 
by DH, such as lab on a chip analytical tools [5-7], high-throughput holographic 3D particles 
tracking [8,9], optical tomography [10-13], sick cells and diseases identification [14-16], just 
to name a few. In all of these applications, it is required to process recorded digital holograms 
to extract the quantitative phase information. The entire processing pipeline that permits to 
achieve phase-contrast images can be obtained by a cascade of numerical processing, such as 
the zero-order and twin image suppression, the automatic refocusing, the phase extraction by 
aberrations compensation and, if necessary, the phase unwrapping. All of these steps are 
widely investigated and very impressive amount of scientific contributions has been 
published in the last decade. In particular, zero-order and twin image suppression approaches 
in off-axis DH are typically based on suitable spatial filtering to be applied on the image of 
the Fourier transform of digital holograms [17-20]. This process aims to remove the carrier 
frequency of the reference beam used in the off-axis DH recording, thus demodulating and 
extracting the desired diffraction order term. The automatic focusing in DH consists in 
searching global extrema of suitable amplitude or phase sharpness metrics [21-23]. After the 
refocusing step, the phase reconstruction can be calculated from the complex amplitude and a 
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processing step concerning the aberration compensation is employed [24-26]. Finally, the 
phase reconstruction can need to be unwrapped if the recorded object provides over 2π phase 
variation [27,28]. Recently, all of these processing steps have been addressed by using the 
deep learning-based methods [29-32]. which provide accurate results but they are limited to 
the trained model, i.e. they work efficiently only for digital holograms recorded in the same or 
at most similar configuration of ones using for training the neural network. Since all of the 
aforementioned processing steps work in cascade, the overall quality and accuracy of one 
process is strictly related to those of previous one, thus making the zero-order and twin image 
suppression the fundamental step to assure high quality holographic reconstructions. 

Here, we propose a general and robust approach to the zero-order and the twin image filtering 
out, thus providing accurate results for several off-axis holographic microscopy recording 
configurations and without any a priori knowledge about the reference beam aberrations, i.e. 
the carrier frequency used to implement the off-axis recording neither the beam curvature.  

The proposed method provides an exact calculation of the carrier frequency of the reference 
beam by identifying the back focal plane (BFP) of the Microscope Objective (MO) exploiting 
the sparsity property of digital holograms [23]. Then, a Singular Value Decomposition (SVD) 
based filtering is applied on the Fourier transform of a digital hologram and the desired 
diffraction order is completely demodulated by subtracting the carrier frequency and by 
masking the Fourier spectrum with the SVD filter. It is important to note that, we consider the 
general case of different curvatures between object and reference beams, which typically 
occurs in field-portable holographic microscope devices for application at the lab-on-a-chip 
scale in which only one MO on the object beam is used. We validate the proposed approach 
in different experimental cases and compare it with the classical no-reference Fourier filtering 
strategy.  

  

2. Proposed method 

We consider digital holograms recorded in an off-axis digital holography microscope in 
which no information about the reference beam employed during the recording are available. 
In other words, the carrier frequency employed to implement the off-axis configuration, along 
with the beam aberrations, are unknown. The proposed approach for the automated extraction 
of the desired diffraction order consists of two main steps. The first one concerns the 
calculation of such carrier frequency, while the second step is devoted to the design of the 
optimal mask to extract the desired diffraction order. In the following two sub-sections, the 
detailed description about such two steps is reported.    

 

2.1 Recovering the reference beam’s carrier frequency 

The carrier frequency in the digital holography in off-axis configuration is established by an 
appreciable angle between the object and reference beams. It can be easy to recover the real 
diffraction order if beams interfere having the same wavefront’s curvatures. In fact, the 
amplitude Fourier spectrum provides three spatial frequencies with higher intensities, 
corresponding to the carrier frequencies of the three diffraction orders. Therefore, by selecting 
the desired one, it is possible to demodulate the digital hologram by shifting the real order’s 
spectrum in the image center of the related Fourier spectrum. Then, by applying a circular 
mask, with a radius equal to the spectrum band, it is possible to select the real order. 
In our investigation, the difference in wavefront’s curvatures causes a defocusing of both real 
and twin spectrums, thus making unfeasible the demodulation process. An example of these 
two situations is reported in Fig.1, i.e. when wavefront’s curvatures match (Fig.1a) or not 
(Fig.1b).  



 
 
Fig. 1. Amplitude Fourier spectrums show the three diffraction orders appearance in the case of object and reference 
wavefront’s curvature matched (a) and not (b). The inset figures report the corresponding digital holograms and the 

red arrows indicate the desired real diffraction orders.  
 

The recovery of the carrier frequency for the example reported in Fig.1b, as well as for all 
digital holograms having defocused real and twin Fourier spectrums, can be obtained by an 
automatic process consisting of the search of the Back Focal Plane (BFP) of the microscope 
objective used in the recording setup. In fact, the BFP corresponds to the hologram’s 
reconstruction plane proportional to the Fourier spectrum. Therefore, the BFP’s 
reconstruction distance, to be used in the numerical diffraction Fresnel propagation integral, 
needs to be calculated. In ref. [23] it has been demonstrated that the BFP can be calculated by 
maximizing a suitable image contrast metric, such as the Tamura Coefficient (TC), defined as 
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where Ad is the amplitude reconstruction calculated at distance d, σ(.) and µ(.) are the 
standard deviation and average operators, respectively.  

 
Fig. 2. BFP recovery by TC maximization. (a) the TC trend shows the global maximum at distance d=163µm, 
corresponding to the BFP reconstruction in (b). The coordinates (XBFP ,YBFP) highlight the calculated carrier 
frequency. 



By applying this approach to the digital hologram in Fig.1b we obtain the BFP reconstruction. 
In Fig.2a the trend of TC varying the reconstruction is shown and the distance corresponding 
to the maximum TC is used to reconstruct the BFP (see Fig.2b). Then, coordinates (XBFP 
,YBFP) measure the carrier frequency, thus permitting the hologram demodulation. 
   

2.2 Singular Value Decomposition based filter 

The carrier frequency, calculated by implementing the process in the section 2.1, is used to 
shift the desired diffraction order in the image center. Therefore the input of the proposed 
SVD-based filter is the shifted amplitude of the Fourier transform of the digital hologram, 
which will be indicated with I in the follow (see Fig.3a). The purpose of the algorithm is to 
automatically extract the quasi-rectangular shape of the centered diffraction order, preserving 
the main features of the recorded digital hologram, i.e. without losing informative frequencies 
with too small filter sizes and at the same time without introducing noisy frequency 
contributions in case of too large filter sizes. 

 
 
Fig. 3. SVD-based filtering strategy. (a) is the Fourier spectrum in Fig.1b after the demolution using the BFP-based 
carrier frequency calculation. (b,c) are the 1st and the 2nd singular value reconstructions, obtained by Eq. 2 and (d) is 
the histogram of the pixel values of (c). 
 

The filtering step consists of the Singular Value Decomposition of I [33]: 
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Where ui, si and vi are the ith column of U, the ith singular value and the ith column of V.  
Rank-1approximations of the image can be obtained by separately considering each 



contribution of the sum introduced beforehand, as shown in Fig.3, where the first (Fig.3b) and 
the second (Fig.3c) singular values and vectors are exploited to reconstruct an approximation 
of I [34]. 
Then, the rank-1 approximation obtained by the second singular value I2 = u2 s2 v2

T is 
computed and normalized in the range [0,1].  
This signal can be effectively used to extract the rectangular-shaped filter for demodulating 
the hologram with a thresholding operation, so that the filter F can be defined in the following 
way:  
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where (l ,k) are the image pixels coordinates and τ is the threshold. Looking at the Fig.3c, the 
filter should be determined preserving the yellow rectangular shape in the middle of the 
picture and switching off all the other pixels. The threshold ߬ is dynamically determined on 
the histogram of ܫଶ  with an heuristic search, founding a local minimum of the smoothed 
histogram in the range [0.5, 0.85], thus avoiding the use of a static value. An example of this 
heuristic search is reported in Fig.3d, in which ߬ lies in the abovementioned range. 
Fig.4a represents the filter F after the thresholding step and the results of a morphological 
blob analysis performed to filter out noisy portions of the image. This step is needed to detect 
the best binary mask. The task is performed in two steps: first, let AMax be the area of the 
largest blob identified on the image, all the blobs with an area value less than AMax/10 are 
filtered out; second, among the remaining blobs, only the one with the centroid closer to the 
center of the image is considered, while all the other contributions are set to 0. Finally, the 
output filter F is optionally dilated with a disk of radius ρ, as shown in Fig.4b. Let r be the 
maximum dimension of the bounding box of the blob, the radius of the disk is set to ρ=α⋅r 
(here α=0.05). 

 
 
Fig. 4. SVD-based filter correction. (a) is the binary mask obtained after the thresholding procedure in Eq.3. The 
residual errors highlighted in the zoomed inset are removed a second step of filtering along with an optionally dilated 
step, obtaining the SVD filter (b). In (c) the phase reconstruction of the digital hologram in Fig.1b, after applying the 
SVD filter in (b) is reported.  
 
The SVD filter calculated in Fig.4b is used to perform the numerical reconstruction of the 
digital hologram displayed in the inset of Fig.1b. The resulting phase reconstruction is shown 
in Fig.4c, demonstrating a remarkable visual quality. Of course, in the next section, we 
evaluate such quality by quantifying the performance of the proposed SVD based filtering 



through a comparison with the classical blind square masking, used on the Fourier spectrum 
when no information about the reference beam are available. 
 

3. Experimental results 

To validate the robustness of the proposed approach, we consider five different digital 
hologram recording conditions by varying the MO magnification and the resolution and 
pixels sizes of the CCD sensor. Moreover, we compare the performance of the SVD filtering 
by a comparison with the classical Blind Fourier Filtering (BFF). Since no a priori 
information about the reference beam are available, BFF provides a squared binary mask with 
the side L given by the following rule 
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where M,N are the image sizes and (XC ,YC) are the coordinates of the image center. The 
comparison is performed on wrapped phase reconstructions obtained by using the BFF and 
SVD filters, i.e. by evaluating the effect of such filters on the entire reconstruction process. 
Specifically, after the spectrum filtering, the refocusing criterion based on the TC is applied to 
calculate the in-focus distance [23], with a scanning step equal to 0.5 μm, then the phase 
information is extracted from the refocused complex reconstructions. These phase image are 
affected by aberrations, therefore a 2D quadratic fitting is used to remove them. Different 
filtering strategies may change the position of the in-focus plane, the aberration compensation 
process, causing residual aberrations, and the noise level on the wrapped phase 
reconstructions. Therefore, we consider two metrics ro evaluate the phase images quality, i.e. 
the Focus Variation (FV), calculated as the absolute difference between calculated distances 
in the two cases, i.e. dSVD - dBFF: 

BFFSVD ddFV −=                                                   (5) 

and the Noise Level Reduction (NLR), evaluated by the following formulas: 
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where std(.) is the standard deviation operator and ΦSVD and ΦBFF are the wrapped phase 
reconstructions for the two filtering strategies. Finally, the residual aberrations can be simply 
detected by visual inspection. In Table 1 we summarize the experimental cases analyzed for 
the comparison, along with FV and NLV. Finally, Fig.5 reports the BFF and SVD filters used 
in the experiments and the corresponding wrapped phase reconstructions.  

 
 

Table 1. Experiments’ details and performance metrics evaluation  

Exp: MO, pCCD, Hologram sizes FV (µm) NLR (%) Residual Aberrations 

Fig.5(a-c): 20x; 7.6µm; 1024x1024  1.0 -40.7 NO 

Fig.5(d-f): 20x; 5.5µm; 2048x2048 2.5 --- YES 

Fig.5(g-i): 50x; 6.45µm; 1024x1024 0.5 -32.6 NO 

Fig.5(j-l): 60x; 5.5µm; 2048x2048 2.0 --- YES 

Fig.5(m-o): 100x; 6.7µm; 1024x1024 1.0 --- YES 

       



 
 

 
 
Fig. 5. Comparison between BFF and SVD filtering. (a,d,g,j,m) are the Fourier transform of the corresponding digital 
hologram. The pairs (b,c), (e,f), (h,i), (k,l) and (n,o) report the BFF and SVD filter applied to shifted spectrums, 
obtained by using the calculated carrier frequencies, along with the corresponding wrapped phase reconstructions. 
The black squares within the wrapped phase images in (b,h) highlight the regions used to evaluate the NLR.   
 
 

In all testes, a small change in the focusing plane is observed (second column of Table 1), 
while residual aberrations occur for phase reconstructions in Fig.5 e,k,n when the BFF is 
used. Instead the corresponding images in Fig.5 f,l,o seem to be free form residual 
aberrations. Finally, the NLR has been evaluated just in cases of the aberrations compensation 
works efficiently, i.e. for the cases in Fig.5 b,c and Fig.5 h,I, since the NLR can be evaluated 
only in flat regions. The black squares in Fig.5 b,h highlight regions in which the NLR is 
calculated, showing a remarkable noise reduction in both cases (see Table 1). 
Definitely, in all cases, the SVD filtering is efficient enough to guarantee high quality phase 
reconstructions, as reported in Fig.5 c,f,i,l,o.    



 

4. Conclusions 

We have proposed a new approach, based on the SVD filtering, for the effective and 
automatic suppression of the zero-order and the twin image in digital holographic 
reconstruction, in cases of any off-axis configuration recording.  Moreover, we have shown 
that, the proposed approach does not require a priori information about the reference beam’s 
curvature, neither about the off-axis angle (i.e. the spatial carrier frequency). The method has 
been validated by comparing it with respect to the common BFF in various cases of 
experimental conditions and for several biological samples. Hence, we demonstrated that, the 
method is general and robust and it is effective for filtering out to the zero-order and the twin 
image, also by providing an exact calculation of the carrier frequency of the reference beam 
through the identification of the BFP of the MO exploiting the sparsity property of digital 
holograms.  
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