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Semiconductor companies across the world rely on 3D X-ray

cone-beam based systems. With FDK reconstruction, the entire

microscopy (XRM) as an effective non-destructive imaging

volume is reconstructed in a single step. While this has advantages

technique to visualize and characterize package interconnect

in terms of computational simplicity, it is sensitive to the impacts

structures and defects. This improves success rates of the FA

of both artifacts and noise, requiring either large numbers of 2D

workflow, enabling faster identification of a failure’s root cause

projections and/or long exposure times to achieve high-quality

and development of high-quality products. One of the key

images. OptiRecon and DeepRecon are alternative reconstruction

advantages of 3D imaging is the ability to view virtual cross-

technologies that can deliver much higher throughput than FDK

sections from any plane non-destructively, prior to destructive

while delivering the same or higher quality imaging.

physical analysis. The visualization informs the optimal orientation
for mechanical cross sectioning and thereby maximizes FA

A principal challenge in 3D X-ray imaging is the compromise

success rates. This becomes especially important for complex

that is required between imaging throughput and image quality.

semiconductor packages that contain 3D architectures with

High-resolution 3D X-ray microtomography acquisition times

high interconnect densities.

can be on the order of several hours, which can negatively
impact return-on-investment (ROI) calculations when weighing

To produce 3D volumetric data from X-ray microscopy, 2D

its advantages against cheaper, less capable analytical techniques.

projections are first acquired and then interpreted and combined

Throughput can be improved by optimizing each step in the 3D

using tomographic image reconstruction algorithms. A variety

X-ray imaging process. These steps typically consist of sample

of reconstruction technologies with different assumptions,

mounting, scan setup, 2D-projection image acquisition, 2D to 3D

advantages and drawbacks are available to address unique

image reconstruction, image post-processing and segmentation,

requirements for different sample classes, applications or usage

and final analysis. In repetitive workflows where many similar

modes. These reconstruction technologies include artificial

samples are run sequentially, and image processing and analysis

intelligence (AI) as well as other techniques to enable incremental

workflows are well understood, the slowest steps are image

performance improvements for throughput, image quality, field

acquisition and subsequent reconstruction. OptiRecon and

of view, and ease-of-use. The ZEISS Advanced Reconstruction

DeepRecon offer opportunities for improved throughput by

Toolbox comprises a collection of advanced reconstruction

enabling faster image acquisition times, and additionally can

solutions available to engineers, technicians, and scientists to

enable higher image quality. As an example, in failure analysis

improveperformance of 3D XRM for their specific applications

and material characterization, consider that subtle chemical or

and use cases. This technology note reviews the first

compositional differences often only exhibit very slight greyscale

reconstruction solutions available in the ZEISS Advanced

or textural contrasts and therefore require extremely low noise

Reconstruction Toolbox: ZEISS OptiRecon based on iterative

levels to accurately visualize, segment and classify. Additionally,

reconstruction, and ZEISS DeepRecon based on the AI

in situ analyses commonly applied for materials research can

technique known as deep learning.

require very high absolute temporal resolutions when performing
4D (time-resolved) scanning. This means that image quality may

OptiRecon and DeepRecon Overview

require the use of advanced reconstruction technologies, even

OptiRecon and DeepRecon advanced reconstruction solutions

in cases where throughput is less of a concern.

enable ZEISS Xradia 3D XRM to achieve improved throughput and
image quality for the diverse range of sample types commonly

OptiRecon implements iterative reconstruction, which

found in integrated circuit (IC) packaging. They are deployed

offers advantages over FDK reconstruction. During iterative

alongside the “filtered back-projection” technique (typically

reconstruction, a volume is progressively created and refined

known as Feldkamp-Davis-Kress algorithm or FDK [1] ), which

over multiple iterations, and a model set of projections from

is the most common type of analytical reconstruction for

this volume is compared with the measured set of projections,

On the cover Virtual cross-section images of interconnects in a 2.5D advanced semiconductor package from ZEISS Xradia Versa 3D X-ray microscope, acquiring using:
1) Full scan time with standard reconstruction, 2) 2X faster scan time with standard reconstruction, and 3) 2X faster scan time with OptiRecon.
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minimizing the difference between the two, and thereby

Reconstructed Intensity
(many views)

Filtered Back-projection

minimizing the impact of artifacts and noise in the final
reconstruction. Deep learning-based reconstruction, which is
implemented in DeepRecon, is a new technology based on AI,
where trained neural networks are introduced between the
projections and the final reconstructed volume. This has the
effect of drastically denoising the data, as well as reducing any
reconstruction associated artifacts. In general, both iterative
reconstruction and deep learning can improve throughput and
image quality, with deep learning offering even higher degrees
of performance with respect to image quality and throughput
improvements, compared to iterative reconstruction.
Image Reconstruction Methods Technical Review

Projection data (multiple orientations)

Filtered back-projection reconstruction method
Traditionally, Feldkamp-Davis-Kress (FDK) filtered back-projection
is used in cone-beam CT geometric reconstruction to reconstruct

Figure 1 Filtered back-projection. Projection data is filtered using a high frequency
boost filter, reducing image blurring.

a 3D volume from a series of sequentially acquired 2D X-ray
projections. In this technique, projections are weighted and
filtered before being distributed across an image volume along all
their projection directions (Figure 1). If many projections are used

FDK Full Projections

FDK Half Projections

(ideally thousands), an accurate 3D volume representation of the
sample is achieved, inclusive of microstructures and defects.
This technique works. However, it relies on the assumption that
the data is “well sampled”, meaning the total projection dataset
contains abundant projections spaced at small angular intervals
and does not contain significant noise. These assumptions are
frequently broken in the interest of improving throughput by
reducing total tomography acquisition time (e.g., to improve the
total time to results or to reduce the effective cost per sample).
This leads to errors in the reconstructed image (Figure 2),
which in turn leads to errors in segmentation and any resulting

100 µm

100 µm

Figure 2 3D reconstructed volume virtual cross-sections (using FDK algorithm) of
2.5D package using 1600 projections (left) and 800 projections (right), showing
impact of sampling artifacts and noise. Streak artifacts are augmented in the
reduced-projection image (circled), and the increased noise risks masking fine-line
cracks (arrows).

analysis from the data.
ZEISS OptiRecon – improving 3D XRM with

subsequently forward-projected, the difference between the real

iterative reconstruction

projection dataset and the estimated (forward-projected) dataset

Statistical iterative reconstruction is a new technology that

is further reduced (Figure 3). When some stopping criterion is met

overcomes many of the limitations encountered using filtered

(such as a specified difference between the real and the estimated

back-projection [2]. With this technology, a 3D model of the

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

sample is gradually built up over the course of many iterations.

final reconstructed volume is reported. The resulting image is less

At each iteration, this 3D model is forward-projected according

susceptible to the sampling artifacts of traditional filtered back-

to an acquisition physics model to create an estimated set of

projection algorithms. Also, since changes to the reconstructed

projections, which is compared to the real (measured) dataset.

volume are continually checked against the real projection dataset,

The difference between the real projection dataset and the

powerful denoising algorithms (called “regularization”) and

estimated projection dataset is then back-projected and added

noise weighting models can be introduced to reduce the impact

to the volume, reducing the difference between the actual

of noise in the final reconstruction with an edge toward

sample and its reconstructed 3D model. When the 3D model is

preserving performance significantly better than FDK.
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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 that closely resembles the real 3D sample geometry.

ZEISS OptiRecon addresses all three of the major challenges

FDK Reconstruction

Iterative Reconstruction

associated with iterative reconstruction: computational cost,
parameter selection and sample specificity. Iterative reconstruction’s
requirement for substantially higher computational resources than
traditional filtered back-projection is driven by its use of multiple
pairs of forward and backward projections. The OptiRecon
reconstruction engine includes a highly optimized code and a
dedicated high-performance workstation empowered by multiple
GPUs. This implementation can reconstruct a one-billion-voxel
3D image in less than five minutes.
The second major challenge of iterative reconstruction that
OptiRecon addresses is parameter optimization, especially for
the edge-preserving denoising regularization algorithm, which

Figure 4 Virtual slices extracted from FDK (left) and iterative (right) reconstruction
of a mining sample from 400 projections.

can have many variables to optimize. It is not unusual for an
operator to require substantial expertise to achieve useful results.
To address this, ZEISS OptiRecon leverages a user-friendly

The assumptions made by algorithms during iterative reconstruction

two-parameter optimization interface, whereby the edge

can impose limits to the sample specificity. This has been addressed

preservation parameter is determined by an initial unconstrained

to enable application of OptiRecon to a broad range of different

reconstruction of a small characteristic portion of the sample.

sample types, from rocks and shale, to semiconductor packages

The smoothing parameter is then determined for a sequence

and microelectronic components. Figure 4 shows OptiRecon’s

of displayed values, ensuring neither over-smoothing nor

effectiveness for typical samples in oil and gas applications, where

under-smoothing of the final reconstructed dataset.

the features are relatively large compared to the voxel size.
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FDK @ 400 Projections

OptiRecon @ 400 Projections
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Figure 6 FDK reconstruction (left) vs. OptiRecon (right) using 801 projections for
both. The images and respective line profiles show that the iterative reconstruction
technique reduces the impact of noise and sampling artifacts on the resulting
reconstructed data, while maintaining image sharpness.

Figure 5 Virtual slices extracted from FDK (left) and iterative (right) reconstructions
of flip chip bumps (upper) and substrate via (lower) from an iPhone A8 package.
400 projections were used for the reconstructions.

FDK
Iterative Reconstruction
Reconstruction (ZEISS OptiRecon)

ZEISS OptiRecon expands this superior iterative reconstruction
capability to semiconductor packages (Figure 5), including those

Signal to Noise Ratio

14.04

44.05

with features that are relatively small compared to the voxel
size, for a large variety of packaging technology and sample
geometries.
OptiRecon performance results
To quantitatively compare the performance of different

Edge Sharpness (voxels)
1.844
1.361
				
Table 1 Quantitative comparison of signal-to-noise and edge sharpness for FDK
reconstruction vs. iterative reconstruction. Edge sharpness is measured in voxels,
so a smaller number denotes a sharper edge. Here, edge sharpness is improved
73% by using ZEISS OptiRecon.

reconstruction techniques, two key parameters – signal-to-noise
ratios (SNR) and edge sharpness profiles – were evaluated.

When using these metrics on the dataset shown in Figure 6,

SNR measures the impact of noise and is calculated by measuring

iterative reconstruction techniques give a reconstructed SNR

the mean (signal) and standard deviation (noise) of the gray

value approximately three times higher than when using FDK

scale values in two regions of interest. SNR is then given by the

(with values of 44.05 vs. 14.04 for iterative reconstruction

difference of the mean values divided by the average of the

and FDK, respectively). This was achieved while decreasing

standard deviations. Edge sharpness profiles measure the impact

the characteristic edge length (representing edge width or

of reconstruction method on image sharpness and assume an

image sharpness) by approximately 73% (Table 1). It can

analytical profile for a particular phase interface with a specified

similarly be shown that applying edge-preserving noise

characteristic length scale. Edge sharpness is determined by

reduction filters to FDK reconstructions with few projections

fitting a logistic function to a gray scale line profile across

does not achieve the same level of image quality improvements

the edge, and the edge sharpness in voxels is given by the

and artifact reduction as the iterative algorithm does.

width of the transition of the fitted line
means a sharper edge.

[3] .

A smaller value
A primary semiconductor packaging application for 3D X-ray
microscopy is failure analysis (FA), where one must identify and
visualize unknown defects and structural abnormalities that
may occur anywhere within a defined field of view (FOV).
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Generally, the analytical region of interest (ROI) for XRM is

FDK Reconstruction

OptiRecon Reconstruction

narrowed to a specific location covering a few millimeters of
area or less by fault isolation techniques carried out in earlier
steps of an FA workflow. Since industry strives for 100%
FA success rates, the XRM analysis is typically optimized for
the highest image quality. This is typically facilitated by long
acquisition times, especially when operating near the resolution
limits of the instrument. These long acquisition times have
impeded adoption of 3D XRM for applications that require
highest-resolution scans over larger numbers of ROI, such
as for reliability test screening or construction analysis
supporting package development’s material selection
and process optimization efforts.

FDK Reconstruction

1 mm

1200 projections @ 90 minutes

100 µm

100 µm

801 projections @ 8 hours

400 projections @ 4 hours

Figure 7 3D XRM virtual cross-section images of a 2.5D package from ZEISS Xradia
Versa 3D X-ray microscope. ZEISS OptiRecon reconstruction demonstrates 2X faster
scans with excellent image quality of solder defects and cracks.

FDK Reconstruction

OptiRecon Reconstruction

1 mm

1 mm

300 projections @ 22 minutes

300 projections @ 22 minutes

Figure 8 3D XRM virtual cross-section images of a smartphone camera module from ZEISS Xradia Versa 3D X-ray microscope. Using ZEISS OptiRecon for reconstruction,
4X throughput improvement is achieved with excellent image quality.

Iterative reconstruction can enable reduced acquisition times,

Traditionally during visual examination, the brain of a trained

allowing faster diagnosis of a failure’s root cause, as well as

analyst acts to integrate features across multiple scales, removing

opportunity to apply XRM in these other important applications.

noise and artifacts to extract features and objects of interest.

Figures 7 and 8 show the effectiveness of OptiRecon for improving

This has traditionally been extremely challenging to capture in

3D XRM scan times by 2X and 4X for semiconductor packages

a computational form as it involves integrating local and

and smartphone camera lenses, respectively.

non-local greyscale, gradient and textural features.

ZEISS DeepRecon – AI for a new era of 3D X-ray imaging

Most of machine learning applications to date have been

An exciting new area of imaging technologies is the integration

focused on post-processing for image segmentation, feature

of deep-learning based artificial intelligence techniques into

classification, or object recognition [4,5]. Up to now, machine

the image reconstruction workflow. The last ten years have

learning has not been integrated deeply inside an instrumental

seen a rapid transformation of a wide range of advanced

workflow, especially in one as complex as 3D X-ray microscopy.

statistical inference techniques broadly grouped together under

The “projection-to-image volume” nature of 3D X-ray microscopy

the umbrella of “machine learning.” While these technologies

presents specific challenges to machine learning workflows,

have transformed sectors as wide as medical diagnostics to

as the training of networks requires highly consistent spatially

stock market analysis, their practical application to X-ray

registered datasets with consistent scaling and noise profiles.

microscopy is still in its early stages.
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Figure 9 By integrating a pre-trained neural network between detected raw projection data and reconstructed data, high quality reconstructions can be achieved
with low numbers of projections, or short exposures.

The line-integral projection process from X-ray source to

FDK Reconstruction

DeepRecon Reconstruction

detector incorporates a range of inherent non-linearities
that makes the creation of well-matched datasets for network
training challenging. This challenge is exacerbated by the
additional standard image corrections frequently applied
to X-ray data (such as rotation center shift offset or beam
hardening corrections), which can further affect scaling or
data matching between pairs.
100 µm

100 µm

ZEISS DeepRecon is an integrated solution that uses a trained
neural network to perform this process of image improvement,
interpretation and retrieval, allowing for high quality reconstructed
data even when performing rapid acquisitions using a small

4 hour scan time

1 hour scan time

Figure 10 Using DeepRecon, up to 4X faster scans can be achieved for package FA.
Scan dataset was obtained with ZEISS Xradia 620 Versa.

number of projections or short exposures (Figure 9). For
semiconductor packages, up to 4X throughput improvement

Summary

can be achieved over standard filtered back-projection techniques

Reconstruction technologies are critical for 3D X-ray microscopy,

(Figure 10). Each sample class, defined by several parameters

and novel reconstruction methods have the potential of greatly

including sample density and size, requires its own trained

enhancing the image quality and throughput of 3D X-ray data,

network. These techniques are particularly useful for applications

enabling higher FA success rates and faster insights to a failure’s

where repetitive, similar samples are frequently imaged with

root cause. The ZEISS Advanced Reconstruction Toolbox paves

3D X-ray microscopes. This is because a single trained network

a path for continuous innovations in reconstruction technologies

model can be used across most of the samples imaged, rather

and significantly enhanced performance of ZEISS 3D X-ray

than requiring frequent model retraining. The significant

microscopes. The first version of the ZEISS Advanced Reconstruction

throughput improvement has multiple benefits including higher

Toolbox contains two reconstruction engines, ZEISS OptiRecon

productivity and enabling new applications, such as routine

and ZEISS DeepRecon, that can be optionally added to ZEISS

scanning supporting design-of-experiments and reliability

3D X-ray microscopes for improved image quality or throughput.

testing. The better image quality enables visualization of

Engineers, scientists and technicians can improve their productivity,

small, difficult to see defects.

enabling new applications and faster time to results.
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ZEISS OptiRecon uses iterative reconstruction, a powerful

The network models can be created per sample class and

technology with the potential to transform 3D X-ray microscopy

can be tailored to precisely fit customer applications. For

workflows. It allows high-quality data to be acquired much

semiconductor packaging, DeepRecon can provide up to

faster. This, in turn, allows for more economical workflows

4X throughput improvement at similar or better image quality

with a reduced time and cost per sample. Also, time-resolved

compared to standard FDK reconstruction. This technology

in situ analyses can be performed at much greater temporal

uniquely harvests the hidden dependencies in big data

resolution, aiding material characterization. Iterative technologies,

available from ZEISS X-ray microscopes and provides significant,

particularly when applied to the big datasets produced by

artificial intelligence-driven performance improvement.

high-resolution 3D X-ray microscopy, have great potential for
future development. For semiconductor packages, OptiRecon
can provide equivalent image quality as the standard FDK
FDK

consuming only half of the standard data acquisition time

Standard
Iterative
Analytical
Reconstruction
Reconstruction		

Deep-learning
based
Reconstruction

Throughput

1X

Up to 2X

Up to 4X

Image Quality

Good

Better

Best

Applicability

Repetitive &
non-repetitive
workflows

Repetitive &
non-repetitive
workflows

Repetitive 		
workflows
only

and resulting in 2X faster scans. Alternatively, OptiRecon
can also be used to significantly enhance image quality at
throughput similar to that of FDK reconstruction.
ZEISS DeepRecon is a novel artificial intelligence-based
reconstruction technology that uses deep learning. It offers
the highest levels of throughput or image quality for ZEISS
3D X-ray microscopes and is recommended for repetitive
workflow applications (Table 2).

OptiRecon

DeepRecon

Table 2 Comparison of advanced reconstruction technologies
(DeepRecon and OptiRecon) to standard reconstruction (FDK).
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reconstruction at half the number of projections, thereby

