
Technical Note

Iterative Reconstruction 
for Optimized Tomographic Imaging 



Technical Note

2

Iterative Reconstruction 
for Optimized Tomographic Imaging

Authors: Matthew Andrew, Ph.D. 
  Benjamin Hornberger, Ph.D.
  ZEISS Microscopy, Germany

Date:  March 2018

One of the principal challenges when applying X-ray microscopy to solve industrial problems is that of 

throughput. High resolution X-ray microtomography acquisition times can be on the order of several hours, 

which can lead to challenging return-on-investment (ROI) calculations when weighing the relative advantage 

of high accuracy 3D analysis with cheaper, less capable analytical techniques. To tackle this issue, optimization 

of each step in the imaging and analysis process is required. For 3D computed X-ray microtomography, these 

steps typically consist of sample mounting, scan setup, image acquisition, 3D tomographic reconstruction, 

image processing and segmentation and final analysis. In repetitive workflows (where many similar samples 

are run sequentially and image processing and analysis workflows are well understood), the slowest step 

is image acquisition and subsequent reconstruction. ZEISS OptiRecon tomographic reconstruction engine

implements iterative reconstruction, a novel technique that can achieve equivalent image quality with 

much shorter data acquisition times.

Introduction

Tomographic reconstruction techniques can be broadly  

classified into two types; analytical and iterative reconstruc-

tion. In analytical reconstruction (of which by far the most 

common type is “filtered back projection,” for cone-beam 

based systems typically known as FDK [1]), the entire volume 

is reconstructed in a single step. While this has advantages 

in terms of computational simplicity, it is prone to the 

impacts of both artifacts and noise. Iterative reconstruction 

is a new technology whereby a volume is created progres-

sively over multiple iterations, and a model set of projections 

from this volume is compared with the real set of projec-

tions, minimizing the difference between the two and 

thereby minimizing the impact of artifacts and noise 

in the final reconstruction.

Filtered Back Projection (FBP)

In order to reconstruct a 3D volume from a series of  

sequentially acquired 2D X-ray projections, traditionally an 

analytical technique called “filtered back projection” is used. 

In this technique, projections are filtered (in the Fourier  

domain) before being (essentially) summed along all  

their projection directions (Figure 1). If many projections  

(typically thousands) are used, an accurate representation  

of the 3D volume of the sample is obtained. Figure 1  Filtered back projection. Projection data is filtered using a frequency 
domain filter, reducing image blurring.
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This technique works well with many views, however 

relies on the assumption that the total projection dataset 

contains sufficient projections spaced at small angular 

intervals (the data is “well sampled”) and does not contain 

significant noise. These assumptions are frequently broken 

in the interests of reducing total tomography acquisition 

time (e.g. for increasing temporal resolution in in situ 

experiments or, in industrial applications, to reduce  

the effective cost per sample), leading to errors in the 

reconstructed image (Figure 2). This, in turn, can lead  

to errors in segmentation and any resulting analysis 

from the data.

Iterative Reconstruction

While filtered back projection is the most commonly used 

reconstruction technique, Statistical Iterative Reconstruction 

(SIR) is a new technology allowing for many of the limita-

tions encountered using filtered back projection to be 

overcome (e.g. [2]). In this technology, a 3D model of 

the sample is gradually built up over the course of many 

iterations. At each iteration, this 3D model is forward 

projected, creating a secondary set of projections, which 

is compared to the original (real) dataset. The difference 

between the real projection dataset and the secondary 

projection dataset is then back projected and added to 

the volume, reducing the difference between the 3D 

model and the sample. When the 3D model is then 

forward projected a subsequent time, the difference 

between the real projection dataset and the secondary 

(forward projected) dataset is reduced (Figure 3). 

When some stopping criterion is met (e.g. a certain 

difference between the real and the secondary projection 

datasets, or a fixed total number of iterations), the 

final reconstructed volume is reported.

 

Figure 2  Comparison of 3D reconstructed volume (using FPB algorithm) of 
sandstone sample using 1600 projections, which shows few artifacts, and  
400 projections, which shows much greater impact of “sampling” artifacts  
and noise. The darkest phase in this represents the pore space of the rock  
and the light phase represents the grains in the rock.
 

Figure 3 Statistical Iterative Reconstruction. The model dataset is continually 
compared with the real projection dataset, and the difference between them 
back projected, gradually creating a 3D model which closely resembles the 
real 3D sample geometry. 
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As the data is not filtered, it is both less susceptible to the 

sampling artifacts of traditional filtered back projection 

algorithms and tends to be sharper. Also, as any change 

to the reconstructed volume is consistently and continually 

checked against the real projection dataset, powerful 

de-noising algorithms (called “Regularization”) and noise 

weighting models can be introduced to reduce the impact 

of noise in the final reconstruction with an edge preserving 

performance significantly better than any post-processing 

filter (Figure 4). Such effective speedups are strongest in 

samples which display significant “structural sparsity” – 

or with large, extended regions of single phases (such as 

the pores and grains in granular pore networks).

Three of the major challenges of iterative reconstruction 

are computational cost, parameter selection and sample 

specificity. As iterative reconstruction consists of extensive 

series of forward and backward projection, much more 

substantive computational resources are required than 

for traditional filtered back projection. ZEISS OptiRecon 

solves this challenge through the use of a highly efficient 

multi-GPU based implementation on a dedicated high 

power workstation. This implementation is able to recon-

struct a 1 billion voxel image in less than 5 minutes.

The second major challenge faced by iterative reconstruction 

is that of parameter optimization, particularly for the edge 

preserving de-noising regularization algorithm. This typically 

requires substantial expertise of the operator to achieve 

useful results. To solve this challenge, ZEISS OptiRecon 

implements a user friendly, linear workflow based parameter 

optimization interface whereby the first the edge preserva-

tion parameter is determined by an initial FBP reconstruction 

of a small portion of the sample. The total smoothing  

parameter is then determined for a sequence of displayed 

values, ensuring neither over-smoothing nor under- 

smoothing of the final reconstructed dataset. 

The third major challenge is sample specificity due to the 

assumptions made during reconstruction. As shown, ZEISS 

OptiRecon demonstrates superior results compared to FBP 

for typical samples in oil and gas applications that can be  

described as “sparse”, meaning the features are relatively 

large compared to the voxel size. Future extensions of the  

algorithms will expand the applicability to a wider range  

of samples. 

 Iterative FBP
 reconstruction reconstruction

Signal to Noise Ratio 15.4 5.55

Edge sharpness (voxels) 0.31 0.45

Table 1  Quantitative comparison of signal to noise and edge sharpness for 
iterative reconstruction vs. FBP reconstruction. Edge sharpness is measured in 
voxels, so a smaller number denotes a sharper edge.  

Results & Examples

In order to quantitatively compare the performance of 

differing reconstruction techniques, we evaluate (1) Signal 

to Noise Ratios (SNR) to measure the impact of noise and 

(2) edge sharpness profiling (where we assume an analytical 

profile for a particular phase interface with a specified charac-

teristic length scale) to measure the impact of reconstruction 

method on image sharpness. SNR is calculated by measuring 

the mean and standard deviation of the gray scale values in 

two regions of interest representing the two phases of grain 

and pore. SNR is then given by the difference of the mean 

values (signal) divided by the average of the standard devia-

tions (noise). Edge sharpness is determined by fitting a logistic 

function to a gray scale line profile across the edge, and the 

edge sharpness in voxels is given by the width (in voxels, 

smaller means sharper) of the transition of the fitted line.  

When using these metrics on the dataset shown in Figure 4, 

iterative reconstruction techniques give a reconstructed signal 

to noise value approximately 3 times higher than when using 

FBP (with values of 15.4 vs. 5.55 for iterative reconstruction 

and FBP respectively). This was achieved while decreasing 

the characteristic edge length (representing edge width or 

image sharpness) by approximately a factor of 1/3 (Table 1).

 

Figure 4  Iterative reconstruction (left) vs. Filtered Back Projection (FBP) reconst-
ruction at a reduced (400) projection number. The use of iterative reconstruction 
techniques greatly reduces the impact of noise and sampling artifact on the 
resulting reconstructed data, while maintaining image sharpness.
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It can also be shown (not presented here) that applying 

edge-preserving noise reduction filters to FBP reconstructions 

with few projections do not achieve the same level of  

image quality improvements and artefact reduction as the  

iterative algorithm does.  

One of the primary areas of application for this technology 

is that of “Digital Rock Physics”, whereby the pore space 

of rock cores from petroleum reservoirs is imaged using 

X-ray microscopy and segmented. This segmentation is then 

used as the input to a pore scale computational model, 

the results of which are used to inform and populate the 

reservoir models which make predictions about petroleum 

production and reservoir performance. One of the biggest 

challenges associated with this workflow; however, is cost 

and, by extension, acquisition time. The use of iterative 

reconstruction will let researchers and service companies 

reduce acquisition time and so the “cost per sample” of 

this workflow. To characterize the impact of reconstruction 

on resulting petrophysical properties, permeability and 

Mercury Intrusion Capillary Pressure was simulated through 

the pore network of the sample shown in Figure 4 recon-

structed using both FBP (using 1,600 projections) and iterative 

reconstruction (using 400 projections). These reconstructions 

were then segmented using Otsu automated selection [3]  

and hydraulic parameters were simulated using GeoDict 

(Math2Market GmbH), showing very little difference between 

simulations from the filtered back projection reconstruction 

and the iterative reconstruction (Figure 5).

Iterative reconstruction also has great potential application 

in the performance of dynamic, time resolved in situ 

experiments, as it could greatly increase their temporal 

resolution, reducing typical acquisition times from several 

hours down to tens of minutes. In the field of flow and 

transport through porous media, this could allow for 

processes of chemical reaction (occurring over several 

hours) to be examined with a much greater precision 

than previously possible.

Figure 5  Simulations through the same volume reconstructed using filtered 
back projection using 1,600 projections and iterative reconstruction using     
400 projections. (A) Velocity field, shown through the Filtered Back Projection 
dataset. (B) Permeability tensor components (in Darcy units) (C) Simulated 
capillary pressure curve.
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Finally, iterative reconstruction may open up an exciting 

new area of application for X-ray microscopy: liberation 

analysis within the comminution process in the mining 

industry. During comminution, the process of reducing a 

mineral ore into its constituent mineral grains for subsequent 

extraction, the “liberation” of a particle is the proportion 

of that particle made of the mineral of interest (rather than 

other minerals, forming the rest of the “gangue” mineralogy 

of the rock). This analysis is traditionally done in 2D using 

SEM based automated mineralogy. X-ray microscopy, however, 

has the potential of both greatly speeding up and removing 

the stereological biases inherent in 2D analysis, if it can be 

delivered at high image quality with a fast (and economical) 

acquisition time. When examining such mineralogy feed 

samples, a great improvement in image quality can be seen 

when comparing traditional filtered back projection and 

iterative reconstruction techniques (Figure 6).

Conclusions & Future Views

Iterative reconstruction is a powerful technology with the 

potential of being transformative for X-ray microscopy 

workflows. It allows for high quality data to be acquired 

in a much reduced period of time. This, in turn, allows 

for industrial workflows to be much more economical 

(at a reduced time per sample) and for academic analyses 

(particularly time resolved in situ analyses) to be performed 

at much greater temporal resolution. Iterative technologies, 

particularly their application to the big datasets produced 

by high resolution X-ray microscopy, are in their infancy 

and have a great potential for future development. 

Here, we have demonstrated that iterative algorithms can 

provide equivalent image quality while using only 1/4 of the 

number of projections, and therefore 1/4 of data acquisition 

time, for typical applications in oil and gas. The algorithms 

discussed here could be extended to include multiscale 

analyses (reducing the noise level of high resolution interior 

scanning) or innovative new noise reduction algorithms with 

the potential of removing noise while neither degrading 

edges nor removing small features. They could even be 

extended to include “full spectral inversion,” where rays are 

modelled as a range of energies, opening the door to both 

greater chemical sensitivity and the removal of the impact  

of the “beam hardening” artifacts associated with highly 

attenuating materials. Such improvements will extend 

the applicability of iterative algorithms to a wider range 

of samples from different application segments. 
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