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Nondestructive volumetric analysis of samples, enabled by X-ray computed tomography (CT), has
attracted scientists and engineers from a wide spectrum of disciplines that are interested in identification
and measurement of miniature internal features of their samples [1]. While obtaining X-ray CT images of
arbitrary objects has become a straightforward procedure, which only requires adjustment of a few
imaging parameters (e.g., energy, # of projections), the interpretation of the resulting 3D images is still a
challenging task [2]. For proper interpretation of an X-ray CT image, one must be able to extract well-
defined geometric features from the raw data, where the raw data is a gray-scale 3D array of voxels [3].
Conventionally this task is performed manually by the subject matter experts (SMEs). Th extensive time
and effort as well as human error associated with manual processes call for automated methods that can
extract features accurately and with a high-throughput. The most common approach for achieving this
goal is use of computer-vison (CV) techniques, to segment the images into distinct partitions [6] [7] [8]
[9] [10] [11] [212] [13] [14], which could hopefully be used for extracting meaningful geometric features.
For example, in thresholding, a common CV technique, intensity values and a preset thresholding constant
will be used to assign a label to each pixel (voxel) in the 2D (3D) image. Such label is shared among all
the pixels (voxels) of the same partition and the result of the segmentation process is a 2D (3D) image that
is partitioned into several groups of connected pixels (voxels). Although, the CV techniques may offer an
automated process in the absence of image noise (i.e., features that are of no interest), their performance
drops drastically in dealing with noise which is prevalent in any image obtained from an X-ray CT practice
[15] [16] [17]. The produced noise can be mitigated, but not completely removed. Therefore, in practice,
the CV methods are only used to assist the manual feature extraction process and cannot provide a fully
automated feature extraction process. The success of machine learning (ML) algorithms in automating
tasks that are not analytically well-defined, promises use of these methods for automated feature
extraction, as a superior alternative to CV-based methods. The idea is to train a machine learning algorithm
with sufficient ground truth data [18] [19] [20] and then use it for automated feature extraction. Here, the
ground truth data are obtained from labeled X-ray CT images. Each data point consists of: (1) raw data in
the form of a gray-scale 3D array of voxels and (2) the corresponding feature. The caveat is that the proper
training of a machine learning algorithm demands huge amounts of labeled data. This is a multifold
challenge. The necessity of labeling the raw data manually, makes this process extremely tedious, if not
impractical. In addition, labeling process will be subjective, with different outcomes expected from
different SMEs. Further, such manual process is subject to error. Double-checking and triple-checking
practices to eliminate such error would add to the required time and effort for conducting the manual
segmentation. Existing attempts to crowdsource the manual labeling task using volunteers [21] [22] [23]
face the challenge of volunteer’s lack of motivation. Also, a major drawback of the state-of-the-art
software methods that enable manual segmentation is that the user, at each point in time, has only a 2D
perception of the sample, which acts as a prohibitive factor on the way of conducting a realistic feature
extraction, given than features extend in three dimensions. Moreover, the data that can be naturally found
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in the sample images might not be sufficient or diverse enough for training the machine learning
algorithms. We propose to address these issues, through imaging of synthesized features. In this process,
for any application, depending on the expected classes of features, certain geometries will be modeled in
silico and in a parametric fashion. For example, for studying the electrical connections of a multi-layer
PCB board, the parametric model of wirings and connections will be generated. Next, through a
combinatorial algorithm, different sets of random values will be assigned to the feature parameters to
enumerate a large set of features of different shapes, sizes, positions and orientations. This is followed by
embedding the computer-synthesized features into the physical sample. Two key considerations in doing
so are: (1) the features must be internal rather than appearing on the surface of the object to suit the
application of X-ray CT; and (2) the geometric size of these features must be comparable to the naturally-
found instance of these features. To satisfy the first condition, we adopted a two-step solution: (a) create
features on thin layer objects; and (b) stack the layers to form a 3D object. To satisfy the second condition,
we employed the femtosecond pulsed laser which enabled us to fabricate distinct features down to tens of
micrometers. The resulting 3D object would then undergo an X-ray CT process. The resulting image of
each feature will be paired with the known geometric parameters that were used as a recipe for machining
that feature. The resulting pair will be one of many training data points in the entire training data set.
Taking the proposed approach compensates for the shortage and lack of diversity of naturally found data.
Furthermore, since the exact geometry, position and orientation of each feature is known a priori, the
proposed approach offers a significant improvement to the manually labeled data in terms of accuracy and
robustness. Finally, needless to say, this approach can be fully automated.
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Figure 1. Schematic description of the proposed method
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Figure 2. Areas of features predicted by ANNSs. Solid blue indicates truth and dotted red indicates network
prediction: (a) rectangles; (b) ellipses; (c) triangles.
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