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ABSTRACT 

 

 

Great progress has been made in biological and biomedical imaging through the last 

centuries and especially in latest years a variety of optical technologies have been 

developed and advanced in order to provide diagnostic tools at the services of medicine 

and biology. However, the penetration depth of conventional optical imaging 

techniques is limited because of the light scattering. Therefore, scientists require new 

optical techniques which can image deeper in tissue non-invasively by combining the 

already existing methods with computational techniques. Moreover, three dimensional 

imaging can improve significantly imaging methods and give a more accurate depiction 

of the sample.  

When light propagates through a diffusing layer to illuminate a sample, the phase 

information of the recorded image is scrambled seeming information-less and 

resembles a diffuse halo. However, due to the angular memory effect the diffuse image 

includes speckle correlations that can help to recover the scrambled phase and 

reconstruct the hidden object. It can be proven mathematically that the autocorrelation 

function of the recorded image is equal to the autocorrelation of the hidden object. In 

fact, only an inversion of the autocorrelation is required in order to achieve a 

reconstruction of the object. Phase retrieval algorithms are iterative algorithms that can 

recover the Fourier phase of the image by exploiting simple Fourier theory. These 

algorithms can reconstruct perfectly the object of interest, but they are not able to 

retrieve its position. We developed a phase sensitive algorithm to reconstruct an object 

hidden behind an opaque layer experimentally from images acquired from our lab setup, 

by exploiting the correlations in the speckle pattern. The angular memory effect 

provides information for the field of view and the magnification of this imaging 

technique. We achieved to reconstruct objects of size from 80μm to 160μm that are 

hidden behind a scattering medium at a distance of 0.6cm to 5cm. In addition, we 

achieved to detect the movement of the hidden object and quantitatively predict the 

direction of its shift. The displacement is estimated by the speckles’ shift divided by 

the magnification of our imaging system. The estimated shift is in agreement with the 

real displacement of the object from our experiments for horizontal and vertical 

movements. Therefore, here we present a method to image an object hidden behind a 

scattering medium and estimate if it has changed position at a specific span of time. 

The goal of this study was to develop a three dimensional non-invasive imaging 

technique through opaque media. Optical Projection Tomography is a well-established 

technique for three dimensional imaging, ideal for semi-transparent samples when 

scattering is not intense. The specimen is rotated 360 degrees to acquire the projections. 

The main drawback of this method is that the rotation axis should be always centered 

on the image camera plane. However, mechanical instabilities usually lead to 

misaligned projections resulting to an inaccurate reconstruction. Here we developed a 

new technique to register the projections by exploiting phase retrieval algorithms, and 

more specifically the feature of the autocorrelation to be always centered, insensitive to 

the object’s position. The autocorrelation of each projection is always at the center, 

therefore, the back-projected autocorrelation can be used as an input at a phase retrieval 
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algorithm to reconstruct the object. This technique improves the imaging capability of 

the Optical Projection Tomography by correcting for the misaligned projections. We 

used the phase retrieval algorithms combined with OPT to successfully reconstruct a 

two dimensional Shepp-Logan phantom from a perturbed stack (sinogram) of 

projections. In order to image an object hidden behind a scattering layer, the 

combination of optical projection tomography with a phase sensitive algorithm seems 

ideal, under the conditions of the angular memory effect. 

In this project we combined Optical Projection Tomography with phase retrieval 

algorithms in order to achieve a three dimensional reconstruction of an object 

embedded between two scattering mediums. The method we developed seems 

promising for visual representation of complex biological samples in-vivo. Light 

scattering limits the penetration depth of the current optical techniques, but phase 

retrieval algorithms can recover the missing information in order to achieve a perfect 

reconstruction. New three dimensional non-invasive optical imaging implementations 

are required to improve biomedical imaging, and especially to find applications to 

studies for the human evolution and diseases. 
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INTRODUCTION 

 

  

The fundamental tool for biological imaging has been for centuries optical 

microscopy, however, the penetration depth of conventional microscopy was limited at 

about 10μm.  Light scattering is the main problem of in vivo tissue imaging that impairs 

our ability to see deeper than conventional microscopy. As light propagates through an 

average tissue, it starts to diffuse until the scattering is severe and we are not able to 

image further. Confocal and multiphoton 

microscopy were developed to image 

samples thicker than the penetration 

limit of conventional microscopy. At 

regions where scattering becomes more 

intense biomedical imaging was relying 

on non-optical approaches such as X-ray 

computed tomography (XCT) and 

magnetic resonance imaging (MRI). 

However, in vivo imaging requires non-

invasive optical methods to image 

beyond the limits of conventional 

microscopy. Recently, many methods 

have been developed for this purpose. 

According to Ntziachristos (2010) [1], 

we can classify these methods depending 

to their penetration depth into 

microscopy, mesoscopy and 

macroscopy. In microscopic regimes many methods have been developed and 

advanced, providing high resolution images at depths typically smaller than 0.5mm-

1mm where light scattering exists but is not severe. Confocal and multiphoton 

microscopy, optical projection tomography (OPT), selective plane illumination 

microscopy (SPIM) and optoacoustic microscopy are the most known techniques. On 

the other hand, optical macroscopic techniques refer to those imaging modalities that 

allow to image human tissues or entire animals in regions deeper than 1cm. In this 

regime the scattering is intense and usually the techniques developed for this field are 

combined with MRI or XCT to achieve higher resolution. The techniques that are 

applied for this regime are the hybrid fluorescence molecular tomography (FMT), 

usually combined with XCT and the multispectral optoacoustic tomography (MSOT). 

In vivo imaging in mesoscopy regime (0.5mm-1cm) is still a challenge for the scientific 

community and until now it is usually limited to naturally transparent samples or in 

postmortem histology. Macroscopic techniques are not always suitable for this region 

as higher resolution and smaller field of view are required. The most known techniques 

are mesoscopic fluorescence tomography (MFT) and mesoscopic optoacoustic 

imaging. The current state of the art for the most known optical imaging techniques in 

Figure 1: Illumination of a human hand. The 

light passes through the hand but we are not 

able to see the bones or cells, due to light 

scattering. 
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terms of resolution and penetration 

depth is depicted in Figure 2 from 

Ntziachristos’ paper [1].  

Biological imaging usually uses two 

dimensional visualization methods to 

image samples. However, recently, three 

dimensional visual representation 

methods have improved the capabilities 

of biomedical imaging. For instance, 

tomographic reconstructions, which rely 

on computational techniques to 

reconstruct the object of interest, are 

suitable for this purpose. Optical 

projection tomography [1], a different 

approach of X-ray computed 

tomography exploiting visible light 

propagating through tissues, is a well-

established technique for three 

dimensional imaging of biological 

samples. The specimen is rotated 360 

degrees and an image is acquired for each angle, a filtered back projection algorithm is 

usually used to reconstruct the three dimensional depiction of the object. The key to 

achieve a satisfying reconstruction is that the projections have to be aligned. This is not 

always feasible because eventual mechanical instabilities while rotating the object will 

lead to misaligned projections resulting in poor reconstruction abilities. Optical 

projection tomography is ideal for imaging quasi transparent biological specimen 

assuming scattering to be negligible, but it has a limited penetration ability for turbid 

samples. In fact, optical imaging through complex samples, such as biological 

inhomogeneous tissues that diffuse light, is a challenge for the scientific community 

due to the numerous random scattering events. The majority of the techniques 

developed to overcome this problem are invasive.  

However, recently Bertolotti et al. [2] achieved non-invasive imaging reconstruction 

for a fluorescent sample hidden behind a scattering curtain by exploiting phase sensitive 

iterative algorithms [3], as it is depicted in Figure 3. These algorithms can recover the 

phase information associated with the Fourier transform of an image to retrieve the 

object. Those methods are based on iterative Fourier transformations between the 

Fourier and object domain until the phase information is restored. The image that the 

Figure 2: The penetration depth and 

resolution of optical imaging techniques. For 

tissues, the methods at the left are limited by 

the scattering of light, whereas the techniques 

that can image deeper in tissue are limited by 

absorption and scattering of the light [1]. 

Figure 3: Non-invasive imaging technique through turbid layers. A fluorescent sample is 

illuminated through a scattering layer and the camera intensity is recorded from the 

front. At the left we can see the reconstruction from a phase retrieval algorithm.  
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camera records when a sample 

hidden behind a diffuser is 

illuminated with incoherent 

light, is called speckle pattern. 

In order to reconstruct the 

hidden object, they exploited 

the angular correlation 

information contained in the 

speckled image due to the 

memory effect. This effect 

states that if the illumination is 

tilted for small angles, the 

speckle pattern obtained is the 

same but shifted [4]. In 

addition, Katz et al. [5] with the 

same technique achieved to 

depict a sample embedded between two diffusers with a single high resolution camera 

image, see Figure 5, and image through a biological tissue such as chicken breast tissue.  

Despite many recent advances, no current method can perform three dimensional 

non-invasive optical imaging through complex biological structures. For example, a 

model organism such as the Drosophila fly at the pupae stage of its lifecycle is protected 

by an optically opaque cocoon. This highly scattering shield is the curtain through 

which we want to acquire an image non-invasively without compromising its structural 

integrity. In this project we were able to develop all the tools required to achieve a non-

invasive three dimensional optical imaging method through opaque mediums. We 

exploited phase retrieval algorithms to acquire images of the hidden object and we dealt 

with the misalignment obstacles that optical projection tomography has for the three 

dimensional reconstruction because of mechanical instabilities. The combination of 

these two techniques can then be used for a straight three dimensional implementation 

to image in presence of a scattering layer. In addition, we achieved to predict the 

movement of the hidden object by exploiting the angular correlations at the speckle 

pattern due to the memory effect.  

First of all, when incoherent light propagates through a scattering layer to illuminate 

an object hidden behind, the raw camera image results in a diffuse halo which seems 

random [2] [5]. However, this image encodes all the necessary information to 

reconstruct the hidden object owing to the angular ‘memory effect’ for speckle 

correlations. It can be proved, in fact, that the autocorrelation of this scattered light 

image is identical to the autocorrelation of the hidden object. Afterwards a phase 

retrieval algorithm [3] uses as an input this autocorrelation to recover the phase of the 

image, which contains the most important information and details to reconstruct the 

hidden object. These iterative algorithms were first used in astronomy, where stars are 

the objects and the atmosphere is the diffuser. A drawback of this technique is that the 

autocorrelation is always centered regardless the object position, which imply that the 

reconstruction location is random in the image plane. As part of this project we acquired 

experimentally images of a two dimensional hidden object and we successfully 

obtained reconstructions of samples of different size, developing our own phase 

retrieval algorithm for hidden imaging. The next step of our study was to check if this 

imaging technique can detect the movement of the hidden object. Indeed, we 

accomplished to track the shift of our target behind the scattering layer and 

quantitatively predict the real displacement of the object with only knowing the 

Figure 4: Angular memory effect: By tilting the 

illumination, the speckle pattern does not change, 

but the speckles are only shifted [4]. 
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magnification of our imaging technique. All the algorithms were implemented in 

Matlab and run on an NVIDIA graphics processing unit (GPU) to take advantage of the 

parallel programming in order to converge to a solution faster.  

On the other hand we found that the weakness of this technique (i.e. the fact that 

being the autocorrelation always centered results the loss of the information regarding 

the position of the object) can be exploited to our advantage to correct for 

misalignments of the rotating stage while performing OPT measurements. In fact, 

calculating the autocorrelation for each of the OPT projection results in a perfectly 

aligned sinogram that can be back-projected to reconstruct the three dimensional object 

autocorrelation. The object is then imaged by a phase retrieval algorithm that, by its 

nature, it is not affected by misalignment artifacts. Consequently, imaging an object 

with the scattering layer is a direct application of the same procedure under the required 

conditions of the memory effect, as the autocorrelation of the object is identical to the 

autocorrelation of the speckle pattern. This technique, then, finds its natural application 

to image biological samples hidden by scattering curtains, as well as for three 

dimensional imaging registration technique to enhance the OPT reconstruction abilities.  

In this comprehensive work we describe the memory effect, the phase sensitive 

algorithms and the optical projection tomography principles in details. Moreover, the 

results of our study are presented discussing in detail their implementations. We show 

how to depict an object embedded between two scattering mediums and how to detect 

its movement. In addition, we describe the procedure required to automatically register 

the projections for the optical projection tomography combined with the phase retrieval 

algorithm in order to achieve a better reconstruction. By combining all these techniques 

appropriately, a three dimensional non-invasive imaging technique for objects 

embedded between two opaque layers is available.   

 

 

Figure 5: Non-invasive imaging through scattering medium by 

speckle correlations and phase retrieval algorithms with a single 

shot image [5]. 
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THEORY 

 

 

SCATTERING AND MEMORY EFFECT 
 

Seeing through a scattering medium is a challenge that concerns the scientific 

community. Recently great progress has been made in biomedical imaging to see 

through opaque biological structures non-invasively by exploiting the properties of 

visible light. In order to image what is embedded in a turbid layer light scattering which 

seemingly acts detrimentally, offers a significant amount of information that helps us 

to obtain the hidden object. This can be explained by the memory effect that is presented 

in the following paragraphs.  

First of all, we have to make a reference to what light is and how it propagates in 

tissues. Light is absorbed and emitted in small particles of electromagnetic radiation, 

the photons [6] which are stable, massless, without electric charge. A photon can be 

observed only at the moment it is created or exterminated and the most times they are 

absorbed and emitted by electrons. Illumination sources can be divided into coherent 

and chaotic (incoherent), which depends on the distribution of the photons that an ideal 

detector, located at any arbitrary position, is able to record. A monochromatic plane 

wave is considered as a coherent source of light, whereas a star or a light bulb produce 

incoherent illumination.  

When a biological tissue is illuminated, the light can be absorbed, emitted or 

scattered [7].  The molecules of a tissue that are in the propagation path of the incident 

light interact with the electromagnetic radiation at all levels. Light can be absorbed by 

molecules and in some cases this energy can be re-emitted as visible light. Scattering is 

the interaction of light with matter without losing any energy. The scattering of light 

changes its propagation, polarization and phase, whereas light absorption from a 

medium converts this energy into light of different wavelength (e.g. fluorescence) or 

into vibration or induces a chemical reaction. 

 When the incident light interacts with matter, some energy will be first transferred 

to the atoms, and as a result there will be a charge displacement. Then a dipole moment 

is created and starts to vibrate resulting to the generation of secondary radiation. A part 

of this energy is absorbed and the rest of it will be re-emitted by the medium. Light 

absorption [7] depends on the molecules a medium consists of. Each molecule has 

different excited states which can be reached when electrons are forced to abandon their 

ground orbits to settle to a different orbital in the excited state. The amount of energy 

required for this process is absorbed by the medium from the incident light in order to 

maintain the excited orbital state.    

Scattered light [7] is created from the secondary radiation which is re-emitted when 

light interacts with matter and has the same frequency as the incident radiation. The 

molecules of a tissue are in random positions, therefore light changes propagation 

direction as it interferes with them. The scattering of light describes the processes of 

transmission, reflection and refraction of the light in a macroscopic point of view [8]. 

As the light propagates through a medium, the molecules scatter the incident light in 
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many directions and the resulting light will reach at a lateral point with different phase 

from the initial one.  

In biological imaging going deeper in tissue is restricted by the scattering of the light. 

In this case scattering is related to the change of photon direction [1]. The mean free 

path (MFP) of a photon is a physical parameter which represents the average distance 

a photon can propagate between two scattering events. The MFP is inversely 

proportional to the scattering strength of the tissue, and it is described by 
1

s

MFP


 , 

with s being the tissue’s scattering coefficient. Another important parameter is the 

transport mean free path (TMFP), which describes the average distance that a photon 

can cover without losing the correlation to the initial propagation direction. The TMFP 

is equal to 
1

s

TMFP





, where  1s s g     and g is the anisotropy function 

characterizing the degree of forward scattering. In biological tissues g  is 

approximately 0.8-1. The relation between the MFP and the TMFP is: 

 1MFP TMFP g  , therefore the higher the g, the lower the MFP is, so it is more 

possible for a photon to get scattered within this area. In tissues the MFP is usually 

100μm, however it depends on the tissue type. On the other hand, the TMFP could 

express an upper limit on how deep the microscopic techniques might go in biological 

imaging without being invasive. Figure 6, which is available in Ntziachristos review 

[1], depicts the MFP and the TMFP schematically and shows how the light diffuses 

while propagating through an average tissue. 

 

A diffuser, the barrier that obscures the object of interest, is the optical element 

which provokes multiple scattering of light. When light passes through a diffuser the 

image that is recorded seems random, and the fluctuations in the resultant intensity are 

called speckles. A speckle pattern is produced from the interference of waves with the 

same frequency, but different amplitude and phase. When the light goes through the 

Figure 6: (a) Depiction of MFP and TMFP, (b) Diffusion of 

light while propagating through an average tissue 
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surface of a medium, each point of the surface acts as a source for secondary spherical 

waves. If the surface is not smooth the intensity of the light after the medium seems to 

vary randomly. However under certain conditions, it is possible to extract from these 

speckles the information that is encrypted. The human eye is able to see only a diffuse 

halo, because all the spatial information is ostensibly lost. Nevertheless, the fluctuations 

of the intensity in different points of the speckle pattern are correlated. The angular 

correlations that exist in a speckle pattern is known as the memory effect, which states 

that the tilting of the incident illumination over small angles   does not change the 

resulting speckle but it only shifts its pattern [2]. When the angle is quite large the 

speckle pattern is changed and the correlation with the initial speckle pattern is modified 

accordingly to: 

 

 
 

2

sinh

k L
C

k L






 
   

  

    Eq. 1 

                                                                      

where L  is the thickness of the scattering layer and 
2

k



 is the wavenumber. The 

effective thickness is expected to be equal to L TMFP , since the light will propagate 

at least one TMFP before it starts to diffuse [9]. When the TMFP is quite larger than 

the wavelength the effective thickness could be estimated by fitting the experimental 

data to the previous Eq.1 [10] [2] [9] [5]. 

If an object is hidden behind a scattering layer at a distance u, it is possible to depict 

it by exploiting the memory effect [2] [5]. For incoherent illumination (which includes 

fluorescence emission), the intensity is described by the next equation: 

 

  2( ) ( ) ( )I O r S r r r O S 




    d    Eq. 2 

                                                       
 

where ( )O r  is the object’s fluorescent emission, ( )S r  is the speckle intensity, r  is the 

vector for the spatial coordinates and   is the symbol describing the convolution 

product. ( )I   is the intensity that can be measured from the camera image and r  is 

the shift of the speckle pattern. The autocorrelation of a function f  is given by: 

 

( ) ( )f f f u f u u




 ★ d     Eq. 3 

                                                                         
 

where ★  is the symbol describing the autocorrelation. Therefore, the autocorrelation 

of the measured intensity, by exploiting the convolution theorem is: 

 

           I I O S O S O O S S                ★ ★ ★ ★   Eq. 4 
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Given that the autocorrelation of the speckle pattern  S S★  is a sharply peaked 

function [2] [5], from Eq.4 it is obvious that the autocorrelation of the raw camera image 

is equal to the autocorrelation of the hidden object. 

For a circular illumination beam of width W , the autocorrelation of the image becomes 

[2]: 

 

 
 

 
 

2 2

12

sinh

J k W k L
I I O O

k W k L

 
 

 

    
                         

★ ★  Eq. 5 

              
 

where 1J  is the first order Bessel function of the first kind, L  is the thickness of the 

scattering layer and k  is the wavenumber. The average speckle size, represented by the 

term 
 

2

12J k W

k W





 
 
 
 

, could be very close to the diffraction limit when W  is increased. 

The last term  
 

2

sinh

k L

k L





 
 
  

 actually implies that when the angle that we rotate the 

incident beam is quite large the speckle pattern that is created starts to lose the 

correlations with the initial speckle pattern. Eventually, the memory effect range is 

limited, and the calculated field of view is given by the next formula [5]: 

 

u
FOV

L




        Eq. 6 

                                                                                              
where u is the distance between the diffuser and the sample and  is the wavelength of 

the illumination.  

Consequently [5], specific points on the object that are in a distance x , within the 

memory effect field of view, create almost the same speckle patterns on the camera. 

The only difference is that they are shifted with respect to one another by a distance

v
y x

u
    , where v is the distance between the camera and the diffuser and 

x

u



   

Therefore, it is rational to say that the scattering layer with the specimen illuminated by 

an incoherent source is a system with a point spread function (PSF) which is 

independent from translations and it is equal to the random speckle pattern [5]. As a 

result, the magnification of this system is equal to: 

 

v
M

u
        Eq. 7 

                                                                                                    
It is evident from Eq.4 and Eq.5 that the autocorrelation of the camera image is 

actually equal to the autocorrelation of the object as it would have been imaged without 

the diffuser plus a constant C  due to the background of the speckle pattern. As a result, 

this correlation does not depend on any information about the scattering medium, so we 

are able to measure the autocorrelation of the hidden object by only calculating the 

autocorrelation of the measured intensity. An important feature of the autocorrelation 
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of a real object is that it is always at the center and symmetric. Nevertheless, it contains 

only information about the shape of the object but it is not possible to image the whole 

object and define its position. In order to obtain an image, an inversion of the 

correlations is needed. With a phase retrieval algorithm [2] [5] [3] it is possible to 

achieve a reconstruction of the hidden sample. 

We have explained why the autocorrelation function constitutes an important factor 

of our study. The autocorrelation function can be computed, not only by calculating the 

integral in Eq.3, but also by exploiting the Wiener-Khinchin theorem. First of all, the 

cross correlation of f  with g  satisfies the next equation, analogous to the convolution 

theorem: 

      FT f g FT f FT g


 ★   

where the asterisk indicates the complex conjugate.                                                                 

So if f g we have: 

 

  21f f FT FT f★      Eq. 8 

                                                                          

For the camera image  ,I x y the autocorrelation is given by the following equation: 

 

       
2

1, , ,I x y I x y FT FT I x y★    Eq. 9 

                                                     

The Wiener-Khinchin theorem states that the object’s power spectrum  ,x yS k k  is the 

Fourier transform amplitude of its autocorrelation. So the hidden object’s power 

spectrum is equal to: 

 

    , ,x yS k k FT R x y      Eq. 10 

                                                                        

where      , , ,R x y I x y I x y ★ , as the autocorrelation of the camera image is equal 

to the autocorrelation of the object. The last form is the input in the iterative phase 

retrieval algorithm [3] that will reconstruct the hidden object. 

This imaging technique can be used for super-resolution imaging [11] and it has 

infinite depth of field as long as the whole specimen is illuminated within the field of 

view. The specific approach described before is also known as the tilt-tilt correlation. 

Complementary to the tilt-tilt is the shift-shift correlation, which refers to the case that 

the illuminating beam is shifted instead of rotated [12]. Another application of the 

memory effect is when the illumination beam is stable but the object is translated or 

rotated [13]. Moreover the rotational memory effect in a multimode fiber which is 

presented by Amitonova et al. [14] states that the rotation of the incident wavefront 

around the axis of the fiber core results to the rotation of the speckle pattern at the fiber 

output which remains highly correlated with the initial speckle pattern. Furthermore, 

the shower-curtain effect [15] is related to the memory effect as it is considered to be 

the near-field counterpart of it, as the first one exploits the correlations between the 

front and the back side of the diffuser by rapidly rotating the turbid media. 
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PHASE RETRIEVAL ALGORITHMS 
 

In the previous paragraph it is proven that the autocorrelation of the hidden object is 

equal to the autocorrelation of the speckle pattern and the object’s power spectrum is 

equal to the magnitude of the Fourier transformed autocorrelation. In order to 

reconstruct the image of the hidden object it is essential to recover its phase information, 

which is lost through the turbid media creating the speckle pattern. A phase retrieval 

algorithm can be used even with a single intensity measurement for this purpose. The 

most common and well-known algorithm is the Gerchberg-Saxton algorithm and the 

algorithms derived from this [3]. These algorithms are based on iterative Fourier 

transformations between the Fourier and object domain and exploit specific constraints 

in both regions. It is proven that it is possible to retrieve the lost phase information 

uniquely when the dimension of the problem is higher than one. These phase sensitive 

algorithms were initially applied to astronomy [16], where the objects are stars which 

can be assumed as optically incoherent sources and the atmosphere diffuses the light. 

The phase of an image is particularly important, as if someone isolates the Fourier phase 

of the image and its amplitude, and then inverse Fourier transform after mixing them 

up with the Fourier phase and magnitude of another image, can notice that the most 

important information of the image is contained in the phase. This fact is apparent in 

the Figure 7 which is available at reference [16]: 

 

First of all, here we will present the two dimensional case of this problem, let’s 

consider that ( , )O x y  is the object that we want to recover. In order to have simpler 

forms we will consider that ( , )z x y  is the spatial coordinate and assuming square 

arrays with dimensions N N  the Fourier transform of the object is: 

 

   

 

( ) ( ) ( ) exp

( )exp 2

F FT f z F i

f z i z dz

   






    

  
   Eq. 11                 

 

Figure 7: Significance of Fourier phase. By inverse Fourier transform the two 

images with the mixed Fourier phases, the importance of the phase is made 

apparent for the image. 
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where ( , )u v   is the two dimensional spatial frequency coordinate. So the problem is 

to recover ( )   from a single measurement of the intensity given the constraint that 

( )f z  has to be real and non-negative. 

 

The Gerchberg-Saxton algorithm [3] can be described in four simple steps for the kth 

iteration: 

1. Fourier transform an estimate of the object, which usually is a random guess 

or a known estimate of the sample from another technique: 

           

             ( ) ( ) exp ( ) ( )k k k kG G i FT g z        Eq. 12 

                                                   
2. Replace the magnitude with the measured Fourier modulus, in our case it is 

equal to the square root of the Fourier transform of the autocorrelation [2] 

[5], in order to form an estimate of the Fourier transform: 

           

          
   

   

' ( ) ( , ) exp ( )

( , ) exp ( )

k k

k

G FT O x y i

FT R x y i

  

 




   Eq. 13 

           
3. Inverse Fourier transform: 

           

           ' ' ' 1 '( ) ( ) exp ( ) ( )k k k kg z g z i z FT G       Eq. 14 

 

4. Replace the modulus of the resulting image with the measured object 

modulus to form an estimate for the object: 

           

          '

1( ) ( ) exp ( )k kg z f z i z
        Eq. 15 

 

This algorithm is used more often when two intensity measurements are available.  

A generalized version of this algorithm is the error reduction. This algorithm has the 

same three initial steps, but the last one is given by: 
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     Eq. 16 

 

where   is the set of points at which ' ( , )kg x y  does not satisfy the object domain 

constraints, in our case wherever it is negative, complex or it exceeds the support of the 

object. The support of the object includes the sets of points over the object is nonzero 

and can be defined by the autocorrelation function of the camera image. In this case the 

minimum changes that are required in ' ( , )kg x y  are made in order to satisfy the 

constraints in object domain and create a new estimate of the object. The iterations of 

the algorithms continue until all the constraints at both, Fourier and object domains are 

satisfied. The error reduction algorithm is called like that because the error decreases at 

each iteration or at least stays the same. The accuracy of the technique, therefore the 
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convergence of the algorithm [2] [3], can be calculated by the squared error between 

the autocorrelation of the reconstructed image with the measured one: 

 

    
2

2 '

k kE FT g FT O      Eq. 17 

 

with    ( , )FT O FT R x y . Usually, the error reduction algorithm diminishes the 

error fast for the first iterations and then the reduction slows down. In the case of two 

intensity measurements the algorithm converges faster, but it is significantly slower for 

the single intensity measurement. 

A variant of the error reduction algorithm is the hybrid input output version. Again 

the first three steps are exactly the same as the Gerchberg-Saxton algorithm but the 

fourth step is given by the next equation: 
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  Eq. 18 

 

where   is a parameter that controls the convergence of the algorithm, which is usually 

between 0 and 2 and   is the same set as described at Eq.16. The hybrid input output 

algorithm converges much faster than the error reduction and any other version of the 

phase retrieval algorithm for both the problem of two intensity measurements and the 

problem of a single intensity measurement. In this class of algorithms the input should 

not be considered as an estimation of the object but as a driving function for the next 

output. The basic input output algorithm gives as an output the next logical input of the 

algorithm with the following formula: 
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  Eq. 19 

 

Another version of this algorithm is the output-output algorithm with  
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  Eq. 20 

 

It is obvious that the last algorithm is exactly the same with the error reduction when

1  . The hybrid input output is a combination of the last two algorithms and it is the 

algorithm that converges faster and more accurate to a solution. An important feature 

of the hybrid input output algorithm is its power to avoid local minimum of the error, 

which leads to stagnation problems, and converge to a unique solution. At Figure 8 the 

scheme of the general phase retrieval algorithm is depicted (Supplementary Information 

at reference [2]): 
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The most reasonable strategy to have a faithful reconstruction of the object is to use 

a combination of the hybrid input output algorithm with the error reduction. The first 

one converges very fast to a fine estimate of the object and the second one reduces the 

error. With this approach, which is called a cycle of iterations, the final result is usually 

very satisfying. A solution from the phase retrieval problem is considered acceptable 

when it resembles the object that someone wants to reconstruct even though it is flipped 

and mirrored. The algorithm converges even faster when the feedback parameter   of 

the hybrid input output is not constant, but it changes every some steps of the algorithm. 

Concerning the initial estimate of the object, it should be random in order to have an 

unbiased input for the algorithm.  

The phase retrieval algorithms may be very useful and can lead to a good 

reconstruction but they have some stagnation problems that might lead to a not 

acceptable solution of the problem [3] [17]. There are three types of stagnation 

problems pertinent to these algorithms:  

1. Simultaneous twin images 

2. Stripes superimposed on the image 

3. Partial reconstruction of the image 

The first stagnation problem, the twin images, is an annoying side effect of the phase 

retrieval problem that results from the fact that an object and its complex conjugated 

rotated by 180 degrees have the same Fourier amplitude. In addition, when the support 

of the object is symmetric, the twin images have also the same support. As it is 

mentioned before, the algorithm starts with an initial random guess, therefore there is a 

chance that features of both objects appear simultaneously. The algorithm unable to 

ignore one of them tries to reconstruct both of them and it does not converge to a 

solution. A method to overcome the twin images is to run a few extra cycles of iterations 

with a different temporary mask support which is not centrosymmetric in order to 

converge to one of the two images, and afterwards the temporary support should be 

replaced with the correct one [17]. 

The second stagnation problem, the striped images, is an image similar to the correct 

solution but with stripes superimposed on it. The stripes are sinusoidal in one direction 

and constant on the perpendicular. Sometimes, they are of low contrast but even then 

the result is not acceptable. The striped images is a result of stagnation of the algorithm 

at a local minimum of the error metric and it has a significant complexity to overcome 

this phase error that causes the stripes. Many methods have been invented to overcome 

this stagnation problem [17], such as the voting method, the patching method, etc. 

These methods suggest to run the algorithm many times with different initial phase 

Figure 8: Phase retrieval algorithms 
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every time, so that the stripes have different orientation and then try to register all of 

them in order to make an image and feed the algorithm with this image as the input. 

Sometimes, as in the patching method, it is essential to exploit the support of the image 

to isolate the stripes in order to determine the area of the Fourier domain that contains 

the localized phase error.  

The third stagnation problem, the truncation of the image, appears when the support 

constraint is inconsistent with the partially reconstructed image of the algorithm. Let’s 

consider that ( )f z  is the object. Then the object with 0( )f z z  have the same Fourier 

modulus, so while the algorithm is running, the reconstruction might not be in 

registration with the support. In order to avoid the truncation, the support or the image 

should be translated dynamically.  

Overcoming the ambiguities of the stagnation problems, the solution of the phase 

retrieval problem is considered unique, therefore the algorithm can be applied to many 

scientific fields [18]. Beam shaping, optical encryption, optical communication, 

antireflection coatings are some areas in which the phase retrieval algorithms have a 

significant role in order to synthesize their basic features. In addition, these algorithms 

can be useful to reconstruction problems, like in wavefront sensing for radio antennas 

or for optics, blind deconvolution, tomography, frequency resolved optical gating, 

lensless imaging and x-ray coherent diffractive imaging. 

Another type of Gerchberg-type algorithm was proposed by Yilmaz et al. [11] 

retrieving uniquely the Fourier phase of the object by exploiting the low frequency 

phase information of the phase in the Fourier domain of the algorithm. In other words, 

additionally to the image domain constraints (that ensure that the reconstruction is real 

and non-negative), constraints are applied to the Fourier domain too. In such a way the 

reconstruction is retrieved at the correct position with the right shape and orientation 

discarding any translations or flips. The algorithm in each iteration, combines the low 

pass filtered Fourier phase of a standard resolution image of the object with the high 

pass filtered retrieved phase to form the next estimation of the object. The extra 

information is the low spatial frequency phase information of the image, which ensures 

that the ambiguities such as flips or translations are removed. In this case the 

autocorrelation of the image is not necessary as it uses, instead, the magnitude of the 

camera image.  

To conclude, the phase retrieval algorithms have been very beneficial and great 

progress has been made since 1978 that they were conceived. They were used in 

combination with many other techniques, for instance, with X-ray diffraction and 

oversampling, the field of coherent diffractive imaging (CDI) was conceived [16]. They 

were also used in speckle interferometry in order to obtain information beyond the 

diffraction limit. However, it still remains a difficult problem because of their 

stagnation problems and the lack of an absolutely unique solution, as the reconstruction 

is acceptable even if the object is retrieved at another position or flipped and translated. 

Nevertheless, these iterative algorithms are useful to many fields of research. 
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OPTICAL PROJECTION TOMOGRAPHY 
 

Optical Projection Tomography (OPT) is a three dimensional biomedical imaging 

technique for deep tissue microscopic imaging by using only visible light to illuminate 

the specimen [1]. Like all imaging techniques in tissues, it is affected by light scattering. 

In transparent organisms the visualization is very successful and it acts like the X-ray 

tomography. The specimen is rotated 360 degrees and for each angle a picture of the 

sample is acquired. These images are the projections, the raw data that will become an 

input for three dimensional reconstruction algorithms like those used in X-ray 

tomographic imaging. The optical projection tomography is ideal for obtaining three 

dimensional imaging of small animal organs. The main difference with X-ray 

tomography is that visible light sustains scattering, diffraction or refraction, so this 

technique uses a combination of lenses to focus the light on the specimen and it is more 

accurate to transparent or semi-transparent organisms.  

This technique is appropriate for both emission (fluorescent) and transmission of 

light [19]. In transmission mode the sample is illuminated with a light source and the 

images acquired represent linear projections of the sample. As far as the emission mode 

is concerned, there is a wide range of fluorescent dyes staining biological tissues that 

are excited to specific wavelengths of visible light. In optical projection tomography 

the excitation is recorded for each angle while rotating the sample to acquire the 

projections. Usually, the wavelengths close to the infrared light provide better quality 

of the images acquired for more opaque samples, because shorter wavelengths penetrate 

less efficiently into the tissue [19]. For both modes of this technique the sample is 

usually in a bath with a refractive index matching liquid in order to reduce the scattering 

which is the main obstacle of optical projection tomography, and avoid any alterations 

at the refractive index in the entire sample. In this way photons pass through the sample 

in approximately straight lines and it is easy to reconstruct with a filtered back 

projection algorithm. The key to have a high resolution reconstruction is to align the 

axis of the rotation stage to be perpendicular to the optical axis. 

The penetration depth of this imaging technique is limited by the scattering of light 

and any other changes at the straight propagation of light [1]. Another factor that might 

influence scattering, therefore the penetration depth, is the sample size. Optical 

projection tomography can image as deep as conventional microscopy, i.e. 

approximately 0.1-0.2 mean free path ( MFP ). For semitransparent samples, where 

scattering is more influent, the penetration depth is limited at 10-20μm before scattering 

becomes detrimental. Although OPT has been applied even deeper in tissues in vivo, 

the images were blurred and of lower resolution. At scattering samples, phase retrieval 

algorithms could be really useful in order to reconstruct the desired organ or tissue. For 

example, a great application would be imaging the Drosophila at the pupae stage of its 

lifecycle, the cocoon can be considered as the scattering curtain and the Drosophila can 

be depicted with the help of these iterative algorithms, without compromising its 

structural integrity. By combining the phase retrieval algorithms with the optical 

projection tomography, a new non-invasive technique for three dimensional imaging 

will be available. 

The algorithms that are used to reconstruct the three dimensional sample are the 

same that are available for the X-ray tomography. The most common algorithm is the 

filtered back projection, however, there are some iterative algebraic algorithms that can 

be used for this purpose, too. The first algorithm is an accurate and fast implementation 

and its main characteristic is that it exploits the Fourier Slice Theorem [20], which will 

be mentioned thoroughly below. The idea of this algorithm is that each projection 
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represents an independent depiction of the object. The algebraic reconstruction 

algorithms [21] are iterative and their main idea is that they first assume an image and 

by exploiting algebraic equations based on the measured projection data, they can 

reconstruct the object. The disadvantage of these algorithms is that they are not as 

accurate as the filtered back projection and their speed is much slower. However, they 

can be applied to situations that the available projections of the sample are not 

uniformly acquired over 180 or 360 degrees. 

The iterative reconstruction algorithms that are most commonly used for the optical 

projection tomography are Algebraic Reconstruction Technique (ART), Simultaneous 

Algebraic Reconstruction Technique (SART) and Simultaneous Iterative 

Reconstruction Technique (SIRT) [21]. A significant advantage is that additional 

constraints can be easily applied to the reconstruction process. Usually, a projection 

term is used to illustrate the sequence of image reconstruction at a certain angle  . 

Considering that ( , )f x y  is the image that we want to depict, let jf  be the value of the 

image in the j -th cell and N  the total number of cells. A ray will be called a line 

through the ( , )x y  plane and a ray-sum is a line integral. If ip  is the ray-sum for the i -

th ray, then the equation that connects ip  and jf  is: 
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      Eq. 21 

 

where M is the total number of rays and ijw is the weighting factor expressing the 

influence of the j -th cell to the i -th ray. If M and N  are quite large the iterative 

methods mentioned before are appropriate to reconstruct the object. The first guess that 

is the input of the algorithm, 
(0)

f , a N  dimensional variant, is sometimes a zero vector. 

This guess is projected to the plane of the Eq.21 for 1i   in order to produce the next 

guess, 
(1)

f , and then again the same happens, 
(1)

f is projected to the plane that is 

created from Eq.21 for 2i   to produce 
(2)

f . This procedure goes on and the sequence 

that is produced is given by the next equation: 
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    Eq. 22 

 

with  1 2, ,...,i i i iNw w w w .  Finally, 
( )M

f  is calculated and then this one is projected to 

the plane of Eq.21 for 1i   and the one produced is projected to the next plane, until 
(2 )M

f  yields and so on. If a unique solution of the system at Eq.21 exists, let it be sf , 

then  
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       Eq. 23 

 

If M N  and 1 2, ,..., Mp p p  is depraved by noise, there is not a unique solution of the 

system. On the other hand, if M N , there is an infinite number of solutions. 
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Many variants of the method presented before have been suggested by modifying 

slightly Eq.22  [21]. For example, the sequence of the potential guesses might be given 

by: 
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Which can be rewritten as: 
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   Eq. 25 

 

For the ART algorithm, the weighting factor is usually 0 or 1, determined by the 

image cells that are within the range of rays. This assumption makes the implementation 

faster because it does not consume much computational time. Then Eq.25 becomes: 
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       Eq. 26 

 

where iN  is the sum of the squared weighting factors for each ray. Another 

modification could be: 

 
( 1)

( )

i

i i i
j

i i

p f w
f

L N




        Eq. 27 

 

and iL  is the length of the i -th ray. Reconstructions from this algorithm usually suffer 

from salt and pepper noise, therefore the result is a poor approximation of the object. 

SIRT produces better reconstructions of the object but the algorithm is slower [21]. 

The equation used for the correction at the j -th cell is the same as the ART algorithm, 

so it is equal to Eq.26 or Eq.27, although the correction is not applied at the same time 

as for the ART algorithm. Before any changes are made, the algorithm goes through all 

the equations and at the end of each iteration the cell correction is applied. Even SIRT 

suffers from inconsistencies, but the reconstruction is smoother than the one form ART. 

SART is a combined technique of ART and SIRT [21]. In this algorithm, firstly, 

bilinear elements are used instead of the traditional pixel basis to reduce the errors. The 

correction term is applied to all rays in one projection at once. By this technique, the 

reconstruction can be calculated in only one iteration with great accuracy. 

The back-projection is the most common algorithm to reconstruct the sample from 

the projections of the object. Let ( , )f x y  be the object and ( , )t  be the two 

dimensional parameters for the line integrals. The projections then will be described 

by: 
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( , ) ( cos sin )
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P t f x y ds
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   Eq. 28 

 

where ( , )x y  is the delta Dirac function which is zero for all ( , ) (0,0)x y  and infinite 

for ( , ) (0,0)x y  . The function ( )P t  is known as the Radon transform of ( , )f x y . A 

projection is a set of parallel line integrals for a constant angle  . A useful feature of 

the Radon transform is its linearity. The Radon transform data is usually called a 

sinogram, because its distribution looks like a sine wave.    

First of all, we should mention the Fourier Slice Theorem, from which the back-

projection algorithm is derived. This theorem states that [20]:  

“The Fourier transform of a parallel projection of an image ( , )f x y  taken at angle   

gives a slice of the two dimensional transform, ( , )F u v , subtending an angle   with the 

u -axis.” 

In other words, if we consider the Fourier transform of the projections: 
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        Eq. 29 

 
( , )t s  is the rotated coordinate system of ( , )x y : 
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      Eq. 30 

 

Then  
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         Eq. 31 

 

and Eq.29 becomes: 
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   Eq. 32 

 

by exploiting the Eq.30 and Eq.31. At the last form, if we consider cosu w   and 

sinv w  , we take 

 

( ) ( , ) ( cos , sin )S w F u v F w w        Eq. 33 
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This last equation is exactly the Fourier Slice Theorem. It is obvious that from the 

projections of the object, the Fourier transform of the object can be recovered and then 

by inverse Fourier transforming, the sample can be reconstructed. 

The filtered back-projection algorithm consists of two steps, the filtering and the 

back-projection [20]. The first part is about weighting each projection in the frequency 

domain to estimate the Fourier transform of the object. A simple way to define the 

weighting is 
2 w

K


, where w  is the frequency and K  is the number of projections 

over 180 degrees. The more projections taken, the more accurate the final 

reconstruction will be. The resulting reconstruction is calculated by aggregating the two 

dimensional Fourier transform of each weighted projection. 

Considering parallel ray projections, the object will be given by the inverse Fourier 

transform: 
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       Eq. 34 

 

By taking into account the considerations that we used in Eq.33, it is extracted 

du dv wdwd . 
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34 then becomes equal to: 
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 Eq. 35 

 

It is known from the properties of Fourier transformation, that 

( , 180 ) ( , )F w F w    , so Eq.35 can be written as: 
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      Eq. 36 

 

From the Fourier Slice theorem, we know that the two dimensional Fourier transform 

of the object is equal to the Fourier transform of the projection ( )S w , therefore Eq.36 

will be: 
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      Eq. 37 
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The intermediated integral at the last formula, represents the inverse Fourier transform 

of a filtered projection. The sum of these projections for different angles produce the 

reconstruction of the object. 

In conclusion, optical projection tomography is a well-established technique for 

imaging small biological embryos and tissues in emission or transmission. Great 

progress has been made recently at the reconstruction algorithms in order for the 

implementation to be computationally faster and more accurate. However, the most 

common algorithm is the Radon transform, the filtered back-projection algorithm. The 

major drawback of optical projection tomography is that the rotation axis must be at the 

same position for every projection, so that the reconstruction is precise. This is not often 

possible because of the fact that while rotating the sample, due to misalignments of the 

system, the projection data are not at the exact same position for each angle. The result 

is to have a perturbed sinogram and many artifacts are introduced at the reconstruction. 

In order to overcome this disadvantage, we introduce a new technique by exploiting the 

property of the autocorrelation to be always centered, and the filtered back-projection 

algorithm to achieve a perfect reconstruction of the illuminated object.    
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MATERIALS AND 
METHODS 

 

LAB SETUP 

 

The experimental setup for imaging through turbid layers is presented at Figure 

9Figure 9. We built the whole setup with simple elements from scratch in order to 

perform our experiments. The illumination comes from a bright white Light Emitting 

Diode (LED) and the light passes first through a diffuser (Diffuser 1) and then impinges 

on the sample which is embedded between Diffuser 1 and a scattering layer (Diffuser 

2). The scattering layer is a 120-grit ground glass diffuser from Thorlabs, a completely 

opaque but very thin diffuser (see Figure 10). Therefore, the specimen is not visible 

through the scattering layer. To detect the signal we used a PCO pixelfly camera with 

resolution of 1.4MP, a band pass filter at 533±10nm and an objective lens M Plan Apo/ 

M Plan Apo HR with magnification 5× or 10× with working distance at 34mm. The 

camera with the filter and the objective lens are on a manual stage to control the focus. 

The scattering layer with the sample are as well placed on a stage controlled manually 

in three directions, vertically to the stage or horizontally, lengthwise to be closer to the 

camera or the LED, or widthwise to adjust the position of the object. The whole setup 

is very simple and is consisted of elements that can be found at any laboratory. 

Figure 9: Setup of our lab 

v 
u 
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The illuminated object in our case is a number printed on a United States Air Force 

resolution target (USAF target) from Thorlabs R3L3S1N (see Figure 10), which has a 

set of transparent numbers on a black background. The numbers that we chose are: the 

number five “5” from group four with size approximately 80μm and the numbers four 

“4” and six “6” from group two of the target which are about 155μm, twice the size of 

the five. 

We performed the experiment for many different distances between the scattering 

layer (diffuser 2) and the object. Let’s call this distance u , and the distance between 

the working distance of the objective lens and the scattering layer v . This imaging 

system satisfies the conditions of the memory effect, as we have an incoherent source 

and the light passes through the diffuser before it is recorder by the camera. The raw 

camera images seem to contain no information, but as it was mentioned at the Theory 

chapter for the memory effect, the information about the object is still hidden there. The 

image that is captured (see Figure 11) by the detector is a speckle pattern, so in order 

to reconstruct the hidden object, a phase retrieval algorithm will be performed. The 

field of view of our imaging system is given by the Eq.6 and the magnification by the 

formula of Eq.7. Apparently the field of view is proportional to the distance u .  

Figure 11: Raw data from the camera. Speckle pattern for the object “5” with u 

approximately equal to 1.2cm, with a 5x objective lens 

Figure 10: The left image shows a USAF target. The numbers above the lines indicate the 

group number. We isolated the numbers used as the object for our experiments. The 

right image presents the ground glass diffuser 120 grit from Thorlabs, which is 

completely opaque (Bertolotti et al. 2012 [2]). 
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The effective thickness of the Thorlabs 120 grit ground glass diffuser is equal to 

1.65μm, as it was characterized by Feng [10] [22] by fitting the experimental data with 

the theoretical memory effect curve expressed in Eq.1 [2] [5]. The distance between the 

turbid layer and the USAF target ranged from 6mm to 4 cm. Of course the longer the 

distance u , the bigger the field of view.  

At this point, the acquisition process will be described. At first, we focused the 

camera on the scattering layer so that we can see the scratches on the surface. In order 

to record the speckle pattern, the focal plane of the camera should be transposed a few 

millimeters to the side of the sample or to the side of the camera. Otherwise the speckles 

are not visible and the information of the object is lost. As we move the camera focus 

away from the diffuser, the speckles start to appear and as it diverges the speckles seem 

to become bigger and bigger until they are of very low intensity and resolution. The 

acquisition time for an image is from 3 to 10 seconds to achieve high intensity for the 

speckles, due to the low resolution of our detector. Secondly, we acquired about ten 

images for the same sample so that the calculated autocorrelation is more discrete with 

lower noise. Then, we processed the images to correct for the envelope of the scattered 

light (see Image Processing below).  

As soon as a perfect reconstruction was achieved, the next reasonable question was 

if this imaging system was able to detect any unintentional movements of the sample. 

Consequently, we shifted manually the object horizontally, vertically or crosswise and 

for each new position ten images were acquired as described before, to check the 

autocorrelation and the reconstruction after the sum of the speckle patterns. 

Another implementation was performed with a blue LED instead of the white. In 

this case the filter is not necessary, as we consider the blue LED as a monochromatic 

light source. 
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IMAGE PROCESSING  
 

The raw data are characterized by many intensity oscillations throughout the entire 

image, as a result the envelope of the image has a lot of variations that should be 

corrected [5]. The first step is to subtract the background noise of the image in order to 

keep only the meaningful information. Secondly, to correct the envelope of the speckle 

pattern we divide the image by a low pass filtered version of it, to normalize it. For the 

low pass filtering, a Gaussian kernel is used with sigma equal to 50. Sometimes, 

depending on the size of the illuminated object and the speckles, the sigma that we used 

varied from 30 to 50.  

The two steps described constitute the filtering process. The next step was to crop a 

square window at the normalized image. The initial size of the image in our case was 

1392×1040 pixels and the square window used for the cropping had dimensions ranging 

between 300×300 pixels and 600×600 pixels. The position of the window depends on 

the position of the speckles, where the diffuse halo has its center. Usually, it is at the 

central part of the camera image (see Figure 11). The filtered and cropped image of 

Figure 11 is available at the following figure: 

 

At this point, we have to calculate the autocorrelation of each cropped image which 

is zero padded at the size of 2 1N  , where N N  are the dimensions of the square 

window used for the cropping, after subtracting the mean value of the image.  Then, the 

autocorrelation function is calculated by the inverse Fourier transform of the squared 

magnitude of the Fourier transformed filtered camera image, see Eq.9. The final 

autocorrelation is computed by aggregating the autocorrelations for all the images 

acquired for each position of the object. 

As an input for the phase retrieval algorithm we need the power spectrum of the 

object, which is given by Eq.10, according to the Wiener-Khinchin theorem. The proper 

way is to use a windowing function ( , )W x y  for the autocorrelation and then calculate 

the power spectrum with the next formula: 

 

    , ( , ) ,x yS k k FT W x y R x y     Eq. 38 

 

Figure 12: The filtered image of Figure 11 with a Gaussian kernel of sigma 50, cropped 

with a square windowing function of 300×300 pixels at the center of the speckle pattern. 
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The window that we used is a square of dimensions between 201×201 and 401×401 

pixels. The last step of image processing was to apply a Tukey window, described by 

the equation  
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with 0.5r  at the cropped autocorrelation to smooth out any artifacts from the speckle 

pattern (see Figure 13) and enhance the fidelity of the phase retrieval algorithm. 

Afterwards, we calculated the power spectrum which was the input for the algorithm to 

retrieve the phase of the hidden object. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Autocorrelation of the filtered image at Figure 12, cropped with a window 

201×201 pixels and after a Tukey window was applied. 
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ALGORITHMS 
 

At this point all the algorithms designed for our study will be mentioned in details. 

We implemented the algorithms in Matlab. Whenever it was possible, we ran them on 

an NVIDIA CUDA graphics processing unit (GPU) to achieve faster implementation. 

GPU programming reduces significantly the time the algorithm needs to run, as it uses 

the parallel nature of the GPU to perform computation in applications traditionally 

handled by the CPU. First, the phase retrieval algorithm that we designed will be 

described, the number of iterations that were performed and also the parameters will be 

defined [2] [5]. Consequently, we will present the procedure for the analysis that took 

place for the shift of the object related to the shift of the speckle pattern and the 

translation obtained at the reconstruction. Finally, the last algorithm we designed is the 

combination of the phase retrieval algorithm with the optical projection tomography for 

two dimensional reconstruction of an object, to overcome the problems of possible 

misalignments at the imaging procedure. This was implemented only computationally 

for now. 

 

Phase Retrieval Algorithm: The phase required to reconstruct the hidden object is 

retrieved by the Gerchberg-Saxton type algorithm that was proposed by Bertolotti et al. 

[2] based on the Hybrid Input Output and the Error Reduction algorithms [3]. The initial 

guess for the object is always random in our experiments. Both algorithms were 

implemented by the steps described from Eq.12, Eq.13 and Eq.14. The last step for the 

Hybrid Input Output algorithm is given by Eq.18: 
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This will be the input for the next iteration of the algorithm. At each iteration some 

physical constraints should be applied at the object domain to keep the estimate real 

and non-negative [5].    is the set of points that these constraints are violated and   is 

a feedback parameter to ensure the convergence of the algorithm. The second algorithm 

that we used was the error reduction with the last step described by Eq.16:  
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In our experimental procedure, a few thousand iterations (2000-5000) of the hybrid 

input output algorithm were performed with the beta parameter constant and equal to 

0.9. Another implementation was done with a decreasing   from 2 to 0 in steps of 0.04, 

as Katz et al did [5]. In this case we ran about 40 iterations for each value of beta. The 

last output of the hybrid input output algorithm was the input for the error reduction for 

some hundred iterations (100-500) to attain the final reconstruction. The support of the 

image was the rectangular window with dimension equal to the size of the 

autocorrelation used as an input for the algorithm. The convergence of the algorithms 
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was monitored by the Frobenius norm1 of the subtraction of the new estimation of the 

object from the previous one. We ran the phase retrieval algorithm several times with a 

different initial guess in purpose to ensure that the final reconstruction would be the 

one having the minimum squared error defined by Eq.17. 

 

Analysis for the object’s movement: The available data for this purpose are the 

speckle patterns with the different positions of the object. The analysis for the 

movement of the object was done for translation of the object horizontally at the plane 

of the two dimensional object that we have. For each position we have obtained as well 

the real displacement of the object to compare it with the shift of the speckle pattern 

and the shift of the reconstructed object. As far as the reconstruction is concerned, we 

fed the phase retrieval algorithm with the autocorrelation of the sum of the speckle 

patterns obtained at different positions. The related analysis is described in the 

following steps: 

 

 First, we shifted the speckle pattern of the initial position, let’s call it position 

zero, for 2 to 20 or more pixels and calculated the correlation of the initial 

speckle pattern with the other positions of the object. The graph with the 

correlation versus the displacement of the speckle pattern is the theoretical 

curve that we compared with the experimental data.  

 We correlated the obtained speckle patterns from the setup with the reference 

one, at position zero. Then we calculated the displacement of the speckle 

pattern for each position by shifting the reference speckle pattern at various 

directions, until the minimization of the Frobenius norm for the subtraction 

of the shifted initial speckle pattern from the experimentally acquired data. 

 Eventually, the displacement of the reconstruction was calculated by 

exploiting its autocorrelation. We had obtained a reconstruction from the 

reference speckle pattern and summed it with itself by moving it every time 

at different positions. Then we compared its autocorrelation with the one that 

we wanted to measure its displacement. This procedure gave the same results 

as a command used in Matlab to measure distance in pixels.  

 

Consequently, three important plots were created to describe the moving object and 

define its directionality. The last step was to check if it is possible to predict the real 

displacement of the hidden object without any information but the displacement of the 

speckle pattern and the magnification of the system.  

 

Combination of Phase retrieval and Optical Projection Tomography: The main 

problem of the optical projection tomography is that the first image of the projections 

must be exactly the same as the last one. In most of the cases the object is not at the 

same position as the projections are acquired, because of the rotation of the object. 

Therefore, the sinogram will be perturbed and the inverse Radon transform will not 

give a nice reconstruction of the object. In order to deal with that obstacle, we took 

advantage of the attribute of the autocorrelation to be always centered and not being 

affected from the position of the object. The first attempt was a two dimensional 

                                                 
1 The Frobenius norm of a m×n matrix is given by the square root of the sum of the absolute 

squares of its elements [25]: 
2

1 1

m n

ijF
i j
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computational simulation with the well-known Shepp-Logan phantom. Initially, we 

modified the intensity of the phantom to be ten times the original one and calculated 

the autocorrelation function of the phantom with the classical approach (Eq.3).  

The first step was to Radon transform the phantom. It is obvious that with more 

projections the autocorrelation would resemble more the original autocorrelation of the 

phantom. Then we calculated the autocorrelation of each projection in order to take the 

sinogram of the autocorrelations. We tried even with a perturbed sinogram to check if 

the sinogram of the autocorrelations was centered. In the end, we used the inverse 

Radon transform for that sinogram and we ended up with an autocorrelation, which 

looks exactly the same as the autocorrelation of our phantom obtained with the classical 

approach. Eventually, we ran a phase retrieval (5000 iterations of the hybrid input 

output algorithm with constant parameter beta equal to 0.9 followed by 500 iterations 

of the error reduction) with input this autocorrelation. 
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RESULTS 

 

 

RECONSTRUCTIONS AND ANALYSIS OF THE MOVEMENT 
 

The number ‘5’: The first sample that we successively depicted was the number ‘5’ 

from the USAF target, group four. The experiment was performed with a 5× objective 

lens and the target was illuminated with a white LED with a narrowband green filter. 

Images were acquired at three different distances from the scattering layer. First a set 

of images was obtained at a distance 1 6u mm , then at 2 9u mm and at 3 12u mm . 

Of course, for each set we were able to calculate the field of view of our method (Εq.6

u
FOV

L




 ), considering that the wavelength of the illumination is equal to the 

wavelength of the green filter: 

1

6 533
617.4

1.65

mm nm
FOV m

m


 


 


 

2

9 533
926,1

1.65

mm nm
FOV m

m


 


 


 

    3

12 533
1234.8

1.65

mm nm
FOV m

m


 


 


 

Obviously, the field of view is quite large. 

The object of our experiment is depicted at the next figure (Figure 14), an image 

acquired without any scattering layer, in purpose to compare it with the reconstruction 

from the phase retrieval algorithm:  

 

 

 

At Figure 14 the autocorrelation of the object is displayed, too.  

Some important information about the size of the object are presented next: 

Figure 14: Object ‘5’ from the USAF target and its autocorrelation. Scale bar: 40 pixels 

correspond to 50μm. 
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Pixel size of the PCO camera: 6.45μm 

Pixel size of the PCO camera with 5× objective: 1.29μm 

Size of the object in pixels: 40×60 pixels 

Size of the object in μm: 50×80 μm approximately 

 

The size of the speckles differs for each set (Figure 15). When the object is closer to 

the scattering layer the speckles are bigger and as it moves away they become smaller, 

as expected from the magnification of our imaging system: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Image processing of the data: The procedure that was followed for the correction of the 

envelope, is described at the “Image Processing” section of the chapter “Materials and 

Methods”. First of all, we normalized the image with a low pass filter, a Gaussian kernel 

with sigma 50. Then the central 300×300 pixel part of the image was cropped and its 

autocorrelation was calculated. Finally, the autocorrelation, whose size is equal to 

599×599 pixels, was cropped with a rectangular window of 201×201 pixels and a Tukey 

window was applied. The support of the reconstructed image for the phase retrieval was 

equal to the dimension of the autocorrelation that fed the algorithm.   

In Figure 16 the filtered speckle pattern, their autocorrelations and the 

reconstructions from the phase retrieval algorithm are presented. Obviously, as we 

move the object away from the diffuser, the size of the speckles is decreasing, and as a 

result the size of the autocorrelation and the size of the reconstruction change, too. 

Nevertheless, the reconstruction from the last set of images is the most precise. It is 

sharp and the details of the ‘5’ are clearly defined. 

The size of the reconstruction for each set is: 

Set 1: 20×30 pixels 

Set 2: 16×24 pixels 

Set 3: 13×20 pixels 

 

So the size of the object is 2 times the size of the first reconstruction, 2.5 times the size 

of the second one and 3.08 times the size of the last one. Therefore, the magnifications 

are equal to 0.5, 0.4 and 0.32 respectively. 

a b c 

Figure 15: The filtered speckle pattern from (a) set 1, u=6mm. (b) set 2, u=9mm and (c) 

set 3, u=12mm. 
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Comparing the autocorrelations from Figure 14 and Figure 16, apparently, the 

autocorrelation function is the same for the object and the speckle pattern, as we 

expected, but with some artifacts from noise, which could be eliminated by averaging 

many images of the same speckle pattern or their autocorrelations. In any case, the 

autocorrelation reveal distinctive patterns that include sufficient information about the 

hidden object. By feeding the algorithm with the autocorrelation of the speckle pattern, 

we were able to obtain the reconstruction of the hidden object. 

The next step was to check if this imaging system is able to detect the movement of 

the two dimensional object, when this moves horizontally or vertically at the object 

plane. To determine the direction of the displacement, we only need to consider the 

object static during a specific period of time [13]. First, we performed this experiment 

computationally, by shifting the speckle pattern some pixels and sum it up with the 

initial one to check whether the phase retrieval algorithm could depict the movement. 

This procedure was done for displacement of the camera image for 2, 4, 6, 8, 10, 12, 

14, 16, 18 and 20 pixels horizontally to the left. At the next figure the aggregation of 

a 

b 

c 

Figure 16: The speckle pattern, its autocorrelation and the reconstruction for: (a) 

u=6mm, (b) u=9mm and (c) u=12mm. Scale bars: 20 camera pixels for all images. 
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the speckles, their autocorrelations and the corresponding reconstruction, for horizontal 

displacement of 10 and 20 pixels, are depicted: 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17: (a) The initial speckle pattern filtered, (b) The shifted speckle pattern 10 pixels 

to the left, (c) Sum of the two speckle patterns, (d) Autocorrelation of image c, (e) 

Reconstruction from phase retrieval algorithm  

a b 

c d e 

Figure 18: (a) The initial speckle pattern filtered, (b) The shifted speckle pattern 20 pixels 

to the left, (c) Sum of the two speckle patterns, (d) Autocorrelation of image c, (e) 

Reconstruction from phase retrieval algorithm 

a b 

c d e 
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From Figure 17 and Figure 18 the displacement of the reconstruction is visible and 

it is obvious that the object was translated horizontally. The directionality of the shift, 

to the right or left, can be understood by the displacement of the speckle pattern itself, 

in this case the speckles moved a bit to the left. Afterwards, we calculated the theoretical 

curve with the translation of the speckle pattern versus the correlation of the displaced 

one with the reference speckle pattern (Figure 19). As we expected, the correlation is 

decreasing as the shift of the speckles increases and goes down to zero after 14 pixels 

of displacement. In addition, after calculating the conspicuous shift of the 

reconstruction, we created a graph comparing it with the shift of the speckle pattern 

(Figure 20). In respect to the displacement of the reconstruction, it was measured from 

the beginning of the first reconstructed “5” till the beginning of the second one. As we 

can see from the figure, the shift of the reconstructed object is almost the same as the 

shift of the speckle pattern. In this case, the distances were measured four times and we 

calculated the error for our measurements, as max min

2

a a
e


 , where αmax is the 

maximum value of the displacement for each shift at the speckle pattern and αmin is the 

minimum value of the displacement for each shift at the speckle pattern. 

 

 

 

Figure 19: Theoretical curve of the speckle pattern’s horizontal shift versus the 

correlation coefficient of the shifted speckle patterns. 
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Then, aiming to check if the experimental data follow the theoretical curves and how 

this is related to the real displacement of the object, we acquired new data with the 

object “5”. In this experiment the white LED was replaced with a blue one for the 

illumination and the green filter was removed. The object was away from the scattering 

layer at a distance 1.4u cm . So according to Eq.6, assuming that the wavelength of 

the blue LED is approximately 460nm, the field of view becomes: 

 
14 460

1243
1.65

mm nm
FOV m

m


 


 


 

 

For this set of data we recorded three positions of the object displaced a bit to the 

right and two more with the object shifted vertically down. The post image processing 

was the same as described for the previous sets of data. The reconstruction for each 

position was approximately 17×27 pixels, so the real object was about 2.3 times bigger 

than the reconstruction in pixels. Consequently, the magnification is 0.44. For each 

position we acquired five images in order to eliminate the noise by averaging their 

autocorrelations. By summing the speckle patterns at different positions we were able 

to reconstruct the horizontal, vertical or crosswise displacement of the object and 

determine the direction of the movement by the shift of the speckles.  

    

 

 

 

 

 

 

 

Figure 20: Theoretical displacement of the speckle pattern versus the shift at the related 

reconstruction from the phase retrieval algorithm, with errorbars. The linear basic fitting 

curve is the equation y=1.1x-0.95  
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At Figure 21 we can see that even for the experimental data the algorithm retrieves 

the movement of the object. Even for the crosswise movement (panel f) the algorithm 

can retrieve the displacement. At the following figure, the theoretical curve with the 

experimental data is presented only for the horizontal shift of the object. Apparently, 

the data of our research follow the computed curve as expected. At this experiment the 

data were not enough to proceed to further conclusions and compare the displacement 

of the reconstruction with the real shift of the object. 

 

Figure 22: Theoretical curve and experimental data of the speckles’ displacement versus 

the correlation coefficient with the initial position of the object. As expected the 

experimental data follows the theory.  

 

Figure 21: (a) Sum of the speckles for the initial position of the object and the last 

displacement of the object to the right. (b) Autocorrelation of a. (c) Reconstruction from 

the phase retrieval, the horizontal displacement is obvious. (d) Sum of the speckles for the 

initial position of the object and the last displacement of the object. (e) Autocorrelation of 

d. (f) Reconstruction from the phase retrieval, the crosswise displacement is obvious.   

 

a b c 

d e f 
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The data for the last graph, Figure 23, were the speckle patterns from the camera 

images acquired and the reconstructions retrieved from these experimental data. The 

fitting equation 0.96 0.66y    corroborates with our expectation the shift of the 

speckles to be almost equal to the reconstruction’s displacement. 

 

 

The number ‘4’: Another attempt was made with an enlarged object, the number 

four ‘4’ of the USAF target from the second group, whose size is almost twice the size 

of the previous sample. For this experiment, a 5× objective lens was used for the image 

acquisition and a blue LED for the illumination. At Figure 24 the illuminated object 

with conventional imaging without the scattering layer is presented with its 

autocorrelation. Here are some information about the size of the object: 

 

Pixel size of the PCO camera: 6.45μm 

Pixel size of the PCO camera with 5× objective: 1.29μm 

Size of the object in pixels: 75×115 pixels 

Size of the object in μm: 97×150 μm approximately 

 

The experiment was performed with the distance between the scattering layer and the 

object to be 5u cm , so the field of view is equal to  

 

   
5 460

4439
1.65

cm nm
FOV m

m


 


 


 

which is quite large compared to the hidden object. 

Image processing of the data: Initially, we normalized the image with a low pass filter, 

a Gaussian kernel with sigma 30. Then a region of 400×400 pixel was cropped and its 

autocorrelation was calculated. In the end, the autocorrelation, whose size is equal to 

Figure 23: Experimental displacement of the speckle pattern versus the shift at the related 

reconstruction from the phase retrieval algorithm, with errorbars. The linear basic fitting 

curve is the equation y=0.96x+0.66  
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799×799 pixels, was cropped with a rectangular window of 301×301 pixels and a Tukey 

window was applied. The support of the reconstructed image for the phase retrieval was 

equal to the dimension of the autocorrelation that fed the algorithm. 

 

After processing the raw camera images and averaging the filtered speckle patterns, 

their autocorrelations were the input for the phase retrieval algorithm. The 

reconstruction’s size (see Figure 25) was 26×40 pixels in approximation, 2.88 times 

less than the original size of the object. Therefore, the magnification of this imaging 

system is about 0.35. 

 

 

 

In order to track the movement of the object behind the diffuser, we recorded ten 

manual shifts of the object horizontally to the right without the scattering layer. The 

object was displaced almost 7 pixels every time, therefore, almost 9μm for each shift. 

The final displacement was 75 pixels which correspond to 97μm. Then we repeated the 

procedure with the target to be at its initial position and we acquired the speckle patterns 

at almost the same positions. The aim of this study is to check if we can predict the real 

movement of the object with the only prior knowledge the speckle pattern’s 

displacement or the reconstruction’s.  

Figure 24: Object ‘4’ from Usaf target and its autocorrelation. Scale bar: 75 pixels 

correspond to 97 μm. 

Figure 25: The processed speckle pattern, its autocorrelation and the reconstruction 

form the phase retrieval algorithm. Scale bar: 26 pixels for all images.  
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At Figure 26 we can see that the theoretical curve follows a bit strange route, as the 

correlation, after about 12 pixels displacement of the speckles, increases a bit instead 

of decreasing as expected. A possible explanation is that at some regions of the speckle 

pattern the information included is stronger and at others it might be more scrambled. 

The next plot (Figure 27) shows the translation of the speckles against the displacement 

of the reconstruction. It seems that it is almost linear and is described by equation

0.97 1y x  , as expected, the reconstruction’s shift is approximately equal to the 

translation of the speckles. Consequently, the speckles’ displacement is related to the 

real object’s shift through the magnification of the imaging system, more specifically, 

it is possible to predict the real translation of the object if we know the magnification. 

 

 

 

 

 

Figure 26: Theoretical curve of the shift of the speckle pattern against the correlation with 

the initial position of the object. The points indicate the experimental data with an error 

of ±1 pixel. Apparently, the lab data behave exactly like the theory. 
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Figure 27: Plot of the speckle pattern’s shift versus the displacement of the 

retrieved image. The basic linear fitting function is y=0.97x-1. 

 

Figure 28: The main plot shows the real displacement of the object versus the speckle’s and 

the reconstruction’s shifts with errorbars ±1 pixel. The upper right figure is the fitting for the 

reconstruction (y=0.34x-0.67) and the lower right is for the speckle pattern (y=0.35x+0.42). 
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The last graph (Figure 28) shows the real displacement of the object versus the shift 

of the reconstruction and the speckle pattern from the experimental data that we 

obtained from the lab. The two other plots depict the basic linear fitting equations for 

the reconstruction and the speckles. For instance, the displacement of the reconstruction 

is described by the function 0.34 0.67y x  , where x  indicates the real displacement 

of the object and 0.35 0.42y x   expresses the displacement of the speckle pattern. 

The coefficient of the variable x  is equal to the magnification of our imaging system. 

Therefore, it is possible to predict the real shift of the hidden object by only knowing 

the translation of the speckles. At the next figures, the ratio between the displacement 

of the object and the size of the object will be depicted versus the ratio between the 

displacement of the reconstruction and the size of the retrieved object. The same was 

done for the speckle pattern too. 

Consequently, it seems that it is possible to predict the real displacement of the 

hidden object by knowing the magnification of the system. For these data the shift of 

the speckles for the final position of the object is 27 pixels, the predicted value for the 

shift of the real object is: 

 

 

1 1 1 1
26 26

0.35 0.35

74.3 2.8 [71.5,77.1]

pixels pixels
magnification magnification

pixels

     

  

  

 

and the real displacement of the object is 75 pixels. So the prediction is really close to 

the real value.  

Figure 29: Ratio of the object’s displacement divided by its size versus the ratio of the 

speckles’ or reconstruction’s shift divided by the size of the reconstructed image. The plots 

at the right side are the linear fitting equations, for the reconstruction y=x-0.037 and for 

the speckle pattern y=x+0.023. 
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The number ‘6’: The last try was with the number six ‘6’ of the USAF target, 

second group. At this attempt a 10× objective lens was used and a white LED with a 

green filter for the illumination. The size of the object in pixels and in micrometers is: 

Pixel size of the PCO camera: 6.45μm 

Pixel size of the PCO camera with 10× objective: 0.645μm 

Size of the object in pixels: 170×240 pixels 

Size of the object in μm: 110×155 μm approximately 

 

The experiment was performed with the distance between the scattering layer and the 

object to be 3.4u cm , so the field of view is equal to  

 

   
3.4 533

3497.8
1.65

cm nm
FOV m

m


 


 


 

 

which is quite large compared to the hidden object. 

 

Image processing of the data: Initially, we normalized the images with a low pass filter, 

a Gaussian kernel with sigma 50. Then a region of 600×600 pixel was cropped and its 

autocorrelation was calculated. In the end, the autocorrelation, whose size is equal to 

1199×1199 pixels, was cropped with a rectangular window of 401×401 pixels and a 

Tukey window was applied. The support of the reconstructed image for the phase 

retrieval was equal to the dimension of the autocorrelation, which was the input of the 

algorithm. 

 

From the phase retrieval algorithm, by exploiting the correlation between the speckles 

at the camera image, we reconstructed the image of the hidden object. The size of the 

retrieved object was 45×63 pixels and the magnification of the imaging system is equal 

to 0.26. Figure 30 shows the object illuminated without the scattering layer and its 

autocorrelation function. Figure 31 presents the processed speckle pattern, its 

autocorrelation and the reconstruction the phase retrieval algorithm gave as output. The 

resemblance between the autocorrelation of the object and the speckles’ autocorrelation 

is significant. 

Figure 30: The object ‘6’ illuminated without the diffuser and its autocorrelation. Scale 

bar: 170 pixels correspond to 110μm. 
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Tracking the movement of the hidden object was performed with an experiment of 

35 horizontal translations. For these data we recorded only the position of the object in 

the beginning and in the end of the experiment. For each shifted position ten images of 

the speckle pattern were obtained and the average of their filtered versions was 

correlated to become the input of the phase retrieval algorithm. Figure 32 shows the 

experimental data and the theoretical curve of the speckles’ shift versus the correlation 

coefficient of the two speckle patterns at the initial position and the shifted one. As 

expected, the experimental data follow the theory at its greater extend. Of course, lab 

measurements are not always accurate, this is the reason why at some points the 

experimental data are not on the theoretical curve. Afterwards, the displacement of the 

speckle pattern versus the shift of the reconstructed images from the phase retrieval, 

was depicted (Figure 33). The linear fitting for these data is 5.3y x  .  

 

Our final goal was to check if we could predict the real displacement of the hidden 

object. The actual measurement of the movement was 1084 pixels and the calculated 

shift of the speckles was 288 pixels. The predicted value is equal to: 

 
1 1 1 1

288 288
0.2647 0.2647

1088 3.8 [1084,1091.8]

pixels pixels
magnification magnification

pixels

     

  

 

 

This estimation is very close to the real value, as the estimation is included in this 

interval. 

Figure 31: The first image is the filtered speckle pattern, the second presents its 

autocorrelation and the last one shows the reconstruction from the algorithm. Scale bar: 

45 pixels. 
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Figure 33: Experimental data with error bars ±1 pixel, displacement of the speckles versus 

the shift of the reconstruction. The red line is the linear fitting for these data, y=x-5.3 

 

 

5× objective 

Size (pixels): 40×60 

Size (μm): 50×80 

Figure 32: Shift of the speckles versus the correlation of two speckles recorded at 

different positions of the object. The dots are the experimental data from our lab. 
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Experiments - Summary 
 

  

 

 

  

 

 

 

 

 

 Set 1 Set 2 Set 3 Blue LED 

u(cm) 0.6 0.9 1.2 1.4 

Size of 

reconstruction 

(pixels) 

20×30 16×24 13×20 17×27 

Magnification 

(M) 

0.5 0.4 0.32 0.44 

FOV (μm) 617.4 926.1 1234.8 1243 

 

 

 

 

 

 

 

 

 

 

 

5× objective 

Size (pixels): 40×60 

Size (μm): 50×80 

5× objective u=5cm 

Size (pixels): 

75×115 

Size of reconstruction 

(pixels): 26×40 

Size (μm): 97×150 M = 0.35 

Blue LED FOV = 4439μm 

Real Shift of 

object: 75 pixels 

Predicted Shift:  

74.3±2.8 pixels 

10× objective u=3.4cm 

Size (pixels): 

170×240 

Size of reconstruction 

(pixels): 45×63 

Size (μm): 110×155 M = 0.26 

White LED FOV = 3497.8μm 

Real Shift of object: 

1084 pixels 

Predicted Shift:  

1088±3.8 pixels 
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COMBINATION OF PHASE RETRIEVAL AND OPTICAL PROJECTION 
TOMOGRAPHY 
 

We have seen that it is possible to reconstruct an object hidden behind a turbid 

medium and detect its movement. In order to achieve a three dimensional reconstruction 

we need more tools and the optical projection tomography with a 360 degrees rotation 

of the sample seems ideal for this purpose. The fundamental problem of optical 

projection tomography, in general even without any scattering layer, is that the 

projections are not always registered due to mechanical misalignments of the rotation 

stage and slight displacement of the rotational axis, resulting to artifacts at the 

reconstruction process. We successfully managed to register the projections by 

exploiting the properties of the autocorrelation function. We have seen that one of the 

drawbacks of the phase retrieval algorithm was that it is not able to retrieve the position 

of the object, due to the fact that the autocorrelation is always centered and not affected 

by the sample’s position. However, now this property of the autocorrelation could be 

useful to eliminate the misalignments of the projections, by stacking the autocorrelation 

of each rotation step. The resulting sinogram is always centered, even if the sinogram 

of the projections is perturbed. Afterwards, if we feed a three dimensional phase 

retrieval algorithm with the inverse Radon transform of this centered sinogram, we get 

a nice reconstruction of the object without any artifacts. As a result, the three 

dimensional imaging of a sample behind a turbid layer is feasible, as for its 

reconstruction we are mainly interested in the calculation of its autocorrelation. If a 

speckle pattern is acquired for each rotation step as far as the requirements of the 

memory effect are satisfied, knowing that the autocorrelation of the speckles is the same 

as the object’s autocorrelation, we could achieve a three dimensional reconstruction.  

The first attempt was only computational with a two dimensional Shepp Logan 

phantom. This phantom contains ellipsis with different absorption properties, 

resembling the outline of the human head. It is a standard test image used as a model 

for the human head for the development and testing of image reconstruction algorithms. 

Initially, we took the Radon transform of the two dimensional phantom with angle step 

equal to 2°, that is 180 projections. This creates the sinogram, a visual representation 

of the raw data of optical projection tomography. Secondly, the autocorrelation of each 

projection was calculated in order to create the sinogram of the autocorrelations. 

Remarkable was the fact that the last sinogram is always centered due to the 

characteristic of the autocorrelation function to be always centrosymmetric, even when 

the sinogram of the projections is perturbed. Finally, the back projection of this 

sinogram produces a two dimensional autocorrelation, which resembles a lot the 

autocorrelation of the Shepp Logan phantom. Then, we ran the phase retrieval 

algorithm for the autocorrelation from this new technique and the reconstruction was 

remarkably the same as our phantom (see Figure 34). Apparently, the reconstruction 

with this new technique is efficiently improved especially if the projections obtained 

from optical projection tomography are misaligned. 

This new technique (see Figure 35) for registering the projections is a straight 

implementation for the three dimensional imaging without any scattering layer. Of 

course, with more projections of the sample, the reconstruction resembles more the real 

object. We strongly believe that a consistent three dimensional imaging can be 

accomplished for a hidden object, too, since the requirements of the angular memory 

effect are satisfied. 
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Figure 34: (a) The sinogram of the Shepp Logan phantom with 180 projections, (b) The 

reconstruction from back projection algorithm, (c) Perturbed sinogram of the phantom, 

(d) Reconstruction from back projection algorithm, (e) Sinogram of autocorrelations of 

the perturbed sinogram, (f) Inverse Radon transform of e, (g) Reconstruction from the 

phase retrieval with input the 2D autocorrelation from panel f.   
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Figure 35 : Procedure of the new technique presented to align the projections and achieve a 

reconstruction even with a perturbed sinogram. The object here is the Shepp Logan phantom. 
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CONCLUSION-
DISCUSSION 

 

 

 

The aim of this study was to achieve a three dimensional biomedical imaging 

technique for non-transparent samples. Phase retrieval algorithms, memory effect and 

the optical projection tomography were our tools for this non-invasive technique. In 

this project we were confined to two dimensional targets and the sample was embedded 

between two scattering layers on the setup of our lab. First of all, we managed to depict 

the object hidden behind the turbid layer successfully. Secondly, we wanted to track 

the shift of the object. Although the feature of the autocorrelation to be insensitive to 

the object’s position was an obstruction that we had to deal with, we were able to 

overcome it by noticing that the speckle patterns of a moving object at different times 

were the same but shifted due to the memory effect. Moreover, a quantitative 

assumption of how much the object was displaced can be made if the magnification and 

the speckle’s shift are known. For the three dimensional imaging the optical projection 

tomography seemed ideal for our project. At first, an experiment was performed 

without the scattering layers. However, there was another obstacle at our research as 

the projections of a sample are not always at the same position resulting to a blurring 

reconstruction with the filtered back projection algorithm. To overcome this problem 

we noticed that we could exploit the autocorrelation’s features to align the projections. 

Then, a three dimensional imaging technique behind a turbid layer seems a direct 

application of the phase retrieval in combination with the optical projection tomography 

as we have dealt with all the possible obstacles.  

Phase retrieval algorithms in combination with the memory effect are able to 

reconstruct a hidden object with a great accuracy. These algorithms are able to recover 

the Fourier phase of an image, which contains important information of the object of 

interest. Despite the ambiguities these algorithms might have, they are really useful to 

many research areas especially at imaging biological structures. Overcoming the 

artifacts that could possibly appear and could lead to stagnation problems, the 

reconstructed image is really close to the hidden object. The main problem of the phase 

retrieval algorithm, which is not trivial, is that its solution is not exactly unique as the 

position of the hidden object is not retrieved. The autocorrelation of an image is 

responsible for this drawback as it is insensitive to the exact position of the object. 

However, with simple equations and basic Fourier theory they are capable to depict the 

sample and define if it has moved at a specific span of time by aggregating two speckle 

patterns acquired at different time. From our findings, it seems that a quantitated 

estimation of the movement could be predicted due to the linearity of our imaging 

technique. The real move of the object is proportional to the displacement of the speckle 
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pattern and it seems that is inversely proportional to the magnification of the memory 

effect with an error approximately equal to 1
M

 where M  is the magnification. The 

experiments that we performed are in agreement with this assumption. Although at our 

project the movement was analyzed only at the horizontal direction, this is a general 

procedure in all directions. We even tracked the displacement at the vertical direction 

following the same procedure.  

The next step was to deal with the possible misalignments of optical projection 

tomography without the scattering layer. Due to mechanical misalignments of the 

rotation, errors are inserted and the projections acquired for each angle are not at the 

same position which inevitably affects the final result. If these errors are significant, 

the reconstruction from the back projection algorithm, exploiting the inverse Radon 

transform, is not even close to the real object. While trying to overcome these serious 

obstacles for our imaging technique, we noticed that maybe the autocorrelation of each 

projection is the key. The autocorrelation of an image is always centered and centro-

symmetric, thus the sinogram of the autocorrelations will be always at the center, even 

if there are misalignments at the rotation process. Veritably, combining the features of 

the autocorrelation with the Radon transform a two dimensional autocorrelation was 

created which resembles to the autocorrelation of our sample. This was the input to the 

phase retrieval algorithm to reconstruct the object and the result was promising. Since 

in the case of a hidden sample we are mainly interested in the autocorrelation of the 

speckle patterns acquired, this technique is appropriate even for the case that the sample 

is behind an opaque layer. In order to achieve a reconstruction of a hidden sample the 

memory effect conditions should be satisfied. The implementation presented here was 

only computational for a two dimensional phantom but it seems that the three 

dimensional application of a biological sample is also feasible.  

To conclude, a consistent three dimensional imaging reconstruction of a hidden 

object can be accomplished by combining the phase retrieval problem with the optical 

projection tomography technique. In order to make our algorithms faster for our study, 

we used an NVIDIA CUDA graphics processing unit (GPU) for parallel programming 

and the time needed was reduced significantly. Herewith we believe that the 

combination of tomography and memory effect seems very promising for biological 

implementations. In fact, the results accomplished through this study were applied to 

successfully image a fluorescent spheroid by using a combined SPIM-OPT approach. 

The measured spheroid, an aggregate of tumor cells with total size of about 400μm, 

was stained with Draq7 dye labelling the dead cells. We achieved a three dimensional 

reconstruction of its fluorescent emission without a turbid layer by aligning the 

projections with a phase retrieval algorithm, exploiting the features of the 

autocorrelation function. The objective is to achieve a three dimensional reconstruction 

of a biological structure hidden behind a tissue that completely scatters the light, an aim 

that seems prospective as the majority of the possible issues have been solved. 

Afterwards, the experimental and theoretical methods presented at the previous 

chapters can be performed to image Drosophila pupae, one of the most important model 

organisms for developmental biology. Its scattering cocoon is a challenging model to 

biological imaging and the purpose is to depict it without compromising its integrity in 

order to achieve noninvasive in vivo imaging.    
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