
An Adaptive Algorithm for Phase Retrieval from High 
Intensity Images 

 
Gilad Avidor and Eran Gur 

 

Shenkar College of Engineering and Design, 12 Anna Frank St., Ramat Gan, Israel, 52526 
 

e-mail: avidor.g@gmail.com,  gur.eran@gmail.com
 

 

 
Abstract—In this paper, we present an adaptive Gerchberg-Saxton 

algorithm for phase retrieval. One of the drawbacks of the original 
Gerchberg-Saxton algorithm is the poor results it yields for very bright 
images. In this paper we demonstrate how a dynamic phase retrieval 
approach can improve the correlation between the required image and the 
reconstructed image by up to 10 percent. The paper gives explicit 
explanations to the principle behind the algorithm and shows experimental 
results to support the dynamic approach. 
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I. INTRODUCTION 
In a number of fields, such as x-ray diffraction, electron and 

neutron diffraction, Holography, and more, only the magnitude of the 
field distribution can be measured but the phase of the field 
distribution is lost. This then raises the well-known phase retrieval 
problem. 

The first and most widely accepted phase algorithm, mainly for 
non periodic objects, was put forward in 1972 by Gerchberg and 
Saxton [1]. The idea is that if partial information about the magnitude 
of the object density, as well as the magnitude of the object’s Fourier 
transform can be supplied, the phase information can be recovered. 
Gerchberg and Saxton suggested an iterative approach to recover this 
phase. 

For the propagation of light, one may use the diffraction theory 
and write the Fresnel diffraction integral at point (x,y,z) as given by, 
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where,  
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and x, y, z is the output position while x', y', z'=0 is the input position. 

When the image is observed in the far field Eq. 1 becomes the 
Fourier transform of the input object, allowing us to practice the 
Gerchberg-Saxton (GS) algorithm in an optical setup. Another optical 
setup generating a Fourier transform of a given image, that may be 
used for testing the algorithm, is the 2F setup consisting of free-space 
propagating of distance F, passing through a thin lens with focal 
length F, and then free-space propagating a distance F, again.  The GS 
algorithm works quite well for most objects and the algorithm always 
converges but it has a well known drawback of giving a result that 
may not be the optimal one in terms of error energy [2]. The GS-
algorithm will be demonstrated in paragraph II. The GS algorithm has 
been extrapolated to phase retrieval from any two input and output 
planes [3-5] and even from 3 different planes [6]. Gerchberg [7] and 
later Papoulis [8] further generalized the algorithm for retrieval of 
missing data from given partial data in the object plane and the 
Fourier (image) plane, rather than the magnitude. This algorithm was 
also improved recently; by letting the amount of actual data used 

change during iterations [9].  In the next paragraph we introduce the 
original GS algorithm, and its limitations with respect to object 
brightness. Then we present a novel improved algorithm accompanied 
by test results, showing that under certain conditions, the enhanced 
algorithm significantly improves an image reconstruction in 
comparison to the original GS iterative approach. Finally we will 
summarize. 

II. GERCHBERG AND SAXTON PHASE RETRIEVAL 
ITERATIVE APPROACH 

A. The algorithm 
A well-known problem is to determine the phase of a phase only 

object plane filter that will produce a required intensity distribution in 
the Fourier domain. In their paper Gerchberg and Saxton suggested an 
iterative approach to do just that. This method is proven to converge 
to a phase filter with a minimal mean square error (MSE). 

The concept is quite simple: We start with an arbitrary phase-only 
filter in the object domain multiplying the input object (the original 
image), after a Fourier transform we obtain a Fourier domain image 
and we impose the require Fourier intensity (actually the magnitude), 
leaving the phase as is. An inverse Fourier transform brings us back to 
the object domain. Since we demand a phase-only filter we impose 
the intensity of the input object in this plane. Next we calculate the 
Fourier transform and return to the Fourier domain, and so on. This 
procedure is required since using only the phase of the complex filter, 
that converts the input image exactly to the Fourier image, gives poor 
results. As can be seen, if we impose half of the information (intensity 
or phase) in both the input and the output domains the procedure 
converges monotonically. As indicated before, in later work 
Gerchberg and Papoulis suggested the use of this method for super-
resolution, and many other variations were also suggested. Figure 1 
illustrates the original Gerchberg-Saxton algorithm. 
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Fig. 1. The Gerchberg-Saxton algorithm. Ain, Φin are the input plane 
amplitude and phase respectively, Aout, Φout are the Fourier plane 

amplitude and phase respectively. 
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B. The brightness limitation 

An example for the quality of the GS algorithm is given in Fig. 2. 
In this example we assume a rectangular aperture at the input plane, 
and we wish to generate the magnitude given in Fig. 2(a) by finding 
the appropriate phase distribution in the input plane. Fig. 2(b) shows 
the result obtained when using the original GS algorithm. The 
correlation between the original image and the reconstructed image is 
80.36%. 

 

 
(a)   (b) 

Fig. 2. Demonstration of GS algorithm. (a) Original require image 
(old man), and (b) image obtained after using GS algorithm. 

In Fig. 3 we demonstrate the same procedure on a different image. 
This time the correlation between the original image and the 
reconstructed image is only 72.6%. The difference in reconstruction 
quality is a function of the brightness of the image. 

 

 
(a)   (b) 

Fig. 3. Demonstration of GS algorithm. (a) Original require image (A. 
J. Fresnel), and (b) image obtained after using GS algorithm. 

 

The brightness of a given image is defined in this paper as the 
average intensity of the gray image. E.g., a white image is scaled to 
100% brightness and a black image is scaled to 0% brightness. Under 
this definition, the image presented in Fig. 2 has 54.0% brightness, 
while the image presented in Fig. 3 has 82.1% brightness. 

Since the two images at hand differ in more than just brightness, a 
more accurate discussion must be made. In the next section the 
authors demonstrate the brightness limitations on a line target, then an 
improved, dynamic algorithm is suggested and the results it gives are 
presented. 

III. IMROVED ALGORITHM 

A. Test cases 
First we take a look at a line target, with brightness of 20.48%. 

Using Paint Shop Pro© by Jasc Software® we decrease the brightness 
by 50 points leading to a brightness of 15.09% and then by another 50 
points leading to a brightness of 9.19%. Adding 50 points and 100 
points to the brightness leads to 39.87% and 56.54% brightness, 
respectively. The images under discussion are given in Fig. 4. 
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Fig. 4. Five versions of the same line target, for different brightness 
values: (a) 9.19%, (b) 15.09%, (c) 20.48%, (d) 39.87 and (e) 56.54%. 

 

Applying the original Gerchberg-Saxton algorithm to find a phase 
distribution giving the required image intensity yields the 
reconstructed images as given in Fig. 5. 
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Fig. 5. Results for Gerchberg-Saxton algorithm, with respect to the 
five versions of the same line target, given in Fig. 4. 

 

The interesting results lay in the correlation between the different 
images and their reconstruction, as depicted in Table 1. As seen from 
the data, brighter images yield worse results than darker images, and 
as seen for actual images is the previous section, these differences can 
be quite high. For this reason we will now present a novel dynamic 
version of the Gerchberg-Saxton algorithm that may be used in cases 
where the required image is very bright. 

 



Table 1. Correlation coefficients for different brightness levels. 

Image reference Brightness 
% 

Correlation 
% 

target_128_minus100 9.1945 91.98 
target_128_minus50 15.0975 91.4 
target_128_zero 20.48 92.02 
target_128_plus50 39.87 89.94 
target_128_plus100 56.54 83.75 

 

B. Dynamic iterative algorithm 
Since the original GS algorithm does not perform well when 

bright images are concerned, the authors suggest the following 
alterations. We start with an arbitrary phase-only filter in the object 
domain multiplying the input object (as in the original GS approach). 
After a Fourier transform we obtain a Fourier domain image and we 
impose the require Fourier magnitude, but not for all pixels of the 
image, leaving the phase as is. In fact we begin by imposing a very 
small portion of the required Fourier magnitude, only for very low 
frequencies (near the center of the image). 

We noticed that a smaller (better) MSE minimum could be 
obtained by gradually increasing the frequency domain requirements, 
i.e., imposing only very low frequencies at the beginning and 
gradually increasing the frequencies imposed, up to the maximum 
value available. This is due to the fact that primarily the required 
image is quite different from the obtained image (yielding a large 
MSE) and thus imposing a large portion of the Fourier domain at an 
early stage sets the results way out of track. At this stage we perform 
an inverse Fourier transform and return to the object domain. Since 
we demand a phase-only filter we impose the intensity of the input 
object in this plane. Next we calculate the Fourier transform and 
return to the Fourier domain, and so on. Each cycle the MSE is 
calculated and if it does not decrease between two consecutive 
iterations, the size of the imposed region in the Fourier domain is 
increased automatically by 1 pixel at each direction (e.g., from 16X16 
pixels imposed to 18X18 pixels imposed). When the MSE drops 
beneath a certain predefined value, or the Fourier image contains all 
the frequencies available, the routine comes to an end. This is 
summarized in Fig. 6. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Block diagram of dynamic Gerchberg-Saxton algorithm. 

 

 

 

IV. SIMULATION RESULTS 
Applying the novel dynamic approach to the images given in 

Fig. 4 yields the results shown in Fig. 7. Since it is visually difficult to 
find the differences between the results obtained by both methods, we 
present Table 2, comparing the correlation coefficient obtained for 
both methods. As seen from the data, although the dynamic approach 
is not good for dark images it is quite good for brighter images as it 
increases the correlation coefficient by up to 5%. 
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Fig. 7. Results for Dynamic algorithm, with respect to the five 
versions of the same line target, given in Fig. 4. 

 

 

Table 2. Correlation coefficients for different brightness levels. 

Image reference Brightness 
% 

Correlation 
GS 
algorithm  
% 

Correlation 
dynamic 
algorithm 
% 

target_128_minus100 9.1945 91.98 73.85 
target_128_minus50 15.0975 91.4 87.05 
target_128_zero 20.48 92.02 91.38 
target_128_plus50 39.87 89.94 91.93 
target_128_plus100 56.54 83.75 88.44 
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To make the claim stronger we look at a second test case, known 
as the “Lena” image. This commonly used image was also used to 
determine the affect of brightness on the reconstruction quality. The 
original Lena image has brightness of 47.36%, while the alterations 
resulted in 14.34%, 28.90%, 47.36% and 67.28% brightness. The five 
images under discussion are given in Fig. 8. The results in terms of 
correlation, enables us to compare the original Gerchberg-Saxton 
algorithm and the new dynamic algorithm, as shown in Table 3. Again 
it is self evident that using the dynamic approach may increase 
correlation by more than 7%. Since using image processing software 
to make an image darker usually degrades the image quality, it seems 
that the new approach might be useful for producing bright images. 
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Fig. 8. Five versions of the same Lena image, for different 
brightness values: (a) 14.34%, (b) 28.90%, (c) 47.36%, (d) 67.28 and 

(e) 83.40%. 

 

The last statement is reinforced by Fig. 8, as the darker images, 
(a) and (b), were generated from (c) by Paint Shop Pro© using the 
brightness control option, and one may see the degradation in quality 
(especially the granular effect) caused by digital brightness control. 

 

Table 3. Correlation coefficients for different brightness levels. 

Image reference Brightness 
% 

Correlation 
GS 
algorithm  
% 

Correlation 
dynamic 
algorithm 
% 

Lena_128_minus100 14.3385 92.15 83.48 
Lena _128_minus50 28.9025 88.92  86.53 
Lena _128_zero 47.36 82.53 85.54 
Lena_128_plus50 67.28 72.76 79.63 
Lena_128_plus100 83.4 58.1 65.56 

 

Next, we demonstrate the improvement in reconstruction by 
comparing the results for the brightest Lena image, i.e., the one shown 
in Fig. 8(e). Figure 9 shows side by side the reconstruction using the 
Gerchberg and Saxton algorithm (on the left) and the reconstruction 
using the novel dynamic algorithm (on the right) yielding correlation 
coefficients of 58.1% and 65.56%, respectively. As seen in Fig. 9, the 
dynamic reconstruction is less noisy. 

Finally, we return to the two images given in Figs. 2 and 3 and 
calculate new correlation coefficients after applying the dynamic GS 
algorithm. The calculated values are 87.3% for Fig. 2 and 82.6% for 
Fig. 3, an improvement of ~7% and ~10% respectively. 

 

V. CONCLUSIONS 
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In this paper the authors demonstrated a dynamic iterative 
algorithm for phase retrieval and image reconstruction, based on the 
Gerchberg and Saxton algorithm. The authors have shown that the 
new algorithm improves the performance of the reconstruction in 
cases where the images at hand are very bright, in a way that cannot 
be improved by taking a darker version of the image. 

 

 
 
 
 
 
 
 
 
 

Fig. 9. Comparison of results for Lena image of Fig. 8(e), with 
brightness of 83.4%; (a) results for Gerchberg-Saxton algorithm, and 

(b) results for dynamic algorithm. 
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