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1. Introduction 

Machine learning (ML) and artificial intelligence (AI) has changed the way we use 
data and found ways for us to understand trends and patterns that would not be 
possible with traditional analytical methods.1 ML can effectively and efficiently 
identify patterns in large high-dimensional data sets, extract desired information, 
and discover new laws. It is widely used in analyzing material property 
(degradation detection, nanomaterials analysis, and molecular property 
prediction)2,3 and discovering new materials (structure-oriented design, element-
oriented design, inverse design, drug design, and quantum chemistry).4 ML’s 
principal component analysis, or PCA, is one of the more popular techniques used 
today. PCA is a multivariate technique that analyzes a data table in which 
observations are described by several intercorrelated quantitative dependent 
variables.5,6 Also, PCA is a technique for reducing the dimensionality of such data 
sets, increasing the interpretability but at the same time minimizing information 
loss.7 After a high-dimensional graph is created, a low-dimensional graph is 
constructed using fewer dimensions than that provided by the complex data set data 
and it tries to replicate the high-dimensional graph. 

Additive manufacturing (AM) of metals is one of the most recent manufacturing 
techniques of the past few decades. AM is associated with the layer-by-layer 
buildup of structures with materials such as thermoplastic polymers, metals, 
ceramics, and more recently, fiber-reinforced composites.8 As a result, this reduces 
waste and allows businesses to produce parts faster and at a lower cost than 
traditional subtractive techniques. AM methods can be used to print intricate 
structures where growing complexity increases the AM’s attractiveness over 
conventional manufacturing for design processes like topology optimization.9,10 
Conventional manufacturing methods will have much greater strain to failure and 
typically are also stronger and stiffer depending on the way the part is printed.11 
Metal AM parts are sensitive to microstructure where parameterization of things 
like laser power and speed can change performance.12–16 Non-laser-based methods 
extrude a highly filled wax-polymer binder for which the wax is later removed in a 
washing step and the part consolidated via sintering. This process is called atomic 
diffusion AM (ADAM). ADAM parts exhibit some of the same defect structures as 
similar polymer fabrication methods for which mechanical performance is typically 
worse than laser/powder methods but arguably safer.17–20 

The work presented here discusses the PCA ML algorithms as applied to 
experimental data collected for ADAM processed test samples. Test data includes 
digital image correlation (DIC) images and complex strain data sets of several 
quasi-static and tension–tension fatigue specimens. The digital image PCA results 
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will focus on the replication of images that give DIC results as similar to that of the 
original DIC results. The PCA on the observed strain data will look for any trends 
or patterns present, seen by ML algorithms that cannot be seen using just stress–
strain relations as a function of loads and displacements.  

2. Experimental Data for ML 

A MarkForged Metal X printer was used in this research to create subsized ASTM 
E821 samples using the ADAM process. Sample geometry had an approximate 
length, width, and thickness of 70, 6.2, and 1.6 mm, respectively, with a 1.7-mm-
circular hole centered in the width. The stress concentration factor at the hole was 
therefore around 2.37. Surface strains were measured using DIC, which calculates 
full-field strains noncontact via stereo cameras.22,23 Two 5-megapixel cameras were 
used to capture and process DIC data. Mechanical testing was conducted using an 
MTS hydraulic test frame applying either 2 mm/min quasi-static loading or force-
controlled fatigue loading at 5 Hz and an R ratio of 0.1. Force, displacement, and 
time information was recorded by the test frame (Fig. 1). 

 

Fig. 1 Example axial (𝜺𝜺𝒚𝒚𝒚𝒚), transverse (𝜺𝜺𝒙𝒙𝒙𝒙), and shear (𝜺𝜺𝒙𝒙𝒙𝒙) strain as measured by DIC 
for a sample at the start of loading (top) and near failure (bottom) 
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2.1 Unsupervised ML 

The goal of unsupervised ML is to identify or classify the data collected into groups 
that are similar. This type of learning has some important characteristics that could 
be extremely useful in data analysis, especially using large sets of data. One 
characteristic is that unsupervised learning can be performed on data with or 
without labels, which is critical because data sets can have incomplete or missing 
information. Another characteristic is that unsupervised learning can be done real 
time, meaning it can classify on the spot without waiting for the machine to make 
a complete inference from the training data. Unsupervised learning can also make 
connections within data that has been previously unknown because all it is looking 
for is a pattern or similarity. This can be particularly useful when exploring new 
materials or a combination of materials, where the similarities and differences to 
parent materials may be hard to quantify.  

2.2 Preprocessing 

To investigate the use of an unsupervised model, first the data needed to be 
preprocessed to prepare the data for the model. There were four steps taken to 
preprocess the data, as seen in the Fig 2. Each of these steps helps clean the data 
and make it more suitable for ML analysis. These steps also improve accuracy and 
efficiency of the analysis.  

 

Fig. 2 Preprocessing method before data is submitted to the ML algorithm 

Step 1 – Separate Data Groups: The data collected was DIC data for three 
different points on a given sample: 1) near the hole right-side, 2) near the hole top, 
and 3) away from the hole. Although it can be analyzed as a group across a sample, 
it can also be analyzed as a specific point that is in the same place across multiple 
samples. Another separation that had to occur is when performing the PCA on 



 

4 

images, the left camera image is different from the right camera image because the 
perspective from each camera is different. 

Step 2 – Remove Correlated Data: Much of the data collected from the DIC is 
length, position, and displacement data. These data are often similar to one another 
and sometimes can be exactly the same because the sample is not very large before 
failure. The other issue is that because quasi-static images are acquired at 1 Hz 
(fatigue data is collected for every peak and valley) and sample failure is much 
faster, evolution of the moments immediately before failure are lost. This means 
that position and displacement data may only change in one or two data lines. 
Therefore, this data is removed before we begin our analysis. 

Step 3 – Standard Deviation: Specifically, in the PCA the standard deviation is 
taken to standardize the data in reference to how it compares to itself. Taking the 
standard deviation tells how each point is compared to the center of the data.  

Step 4 – Data Stacking: The last step of the preprocessing was stacking the data 
into large groups based on the point the strain was taken. So, when analysis is 
performed it can be performed on multiple tests that are similar. This helps with 
labeling and finding more similarities by comparison, such as: is each type of test 
showing the same patterns? Or is there a pattern between multiple test specimens 
under similar conditions?  

2.3 PCA 

PCA is a technique for reducing the dimensionality of data sets—exploiting the fact 
that the images have something in common. Images are large files with a grid of 
pixels. For each picture you can have 5,013,504 dimensions before any cropping or 
PCA is performed. Large numbers of dimensions make it difficult to visualize 
similarities because the groups would be in dimensional spaces that are impossible 
to visualize; for example, a 5-D plot. PCA uses covariance and eigenvectors to 
effectively reduce the dimensions with little losses. The PCA can also show the 
number of vital dimensions for image reconstruction. The PCA uses eigen values 
and vectors to determine principal components (PCs) from the covariance matrix. 
These PCs are combinations of the features (i.e., for images each pixel is a feature) 
that are uncorrelated from one another but carry the most information possible from 
the remaining information minus the previous PC.  

PCA can also be used for the strain data collected from the DIC image. This data 
contains six dimensions—one dimension for each line of data collected or 
calculated by the DIC process. Although this is significantly fewer dimensions than 
the image data, reduction is still valuable because you cannot visualize a 6-D plot. 
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Both of these different PCAs were conducted to determine if the data reduction 
would produce a trend or some visually noticeable change in the data.  

3. Results 

3.1 PCA on Images 

The process used to perform the PCA on the image data was to first compute its 
intrinsic dimensionality, then plot the relative value of the information content of 
each of the PCs and compare them (Fig. 3). Then a scree plot was created to 
determine the number of factors that dominate the space. This plot, shown in Fig. 3, 
shows the scree plot. When using images, there are only a few PCs needed to reduce 
the information collected from the eigenvalues. The scree plot and PCA plot shown 
in Fig. 3 indicate that a dimension reduction from 140 components to 3 components 
will still result in more than 97% of the information captured within each image.  

   

Fig. 3 PCA plot and scree plot of a single set of DIC images for a quasi-static tension test 

This dimension reduction can be calculated by looking at the proportion of variance 
found in each PC and adding it to give a cumulative explained variance. The 
proportion of variance is simply a function of ratio of related eigenvalue (λPCi) to 
that PC and sum of eigenvalues of all eigenvectors (λPC1+λPC2+…+λPCn), given i is 
the related eigenvalue in n total PCs. Eq. 1 gives the calculation for the proportion 
of variance using the PCA method. 

 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = λ𝑃𝑃𝑃𝑃𝑃𝑃
λ𝑃𝑃𝑃𝑃𝑃𝑃+λ𝑃𝑃𝑃𝑃2+⋯+λ𝑃𝑃𝑃𝑃𝑃𝑃

        (1)
  

Once the number of PCs needed was determined, the data was then reconstructed 
into its original form to feed back into the DIC system for analysis. This would 
normally cause a reduction in file size; however, because the DIC system uses a 
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layered Tag Image File Format (TIFF) image, the size of all TIFF images are the 
same. This new TIFF contained less data with only 59,675 dimensions, more than 
99% of the dimensions reduced. As seen in Fig. 4, when the data is reconstructed 
back into an image, the quality reduction is slight. Because the PCA  uses just 
information from the image only and no actual data, the concern was if there would 
be any shift in the information obtained by inputting this information back into the 
DIC and running the analysis again to obtain the strain fields as mentioned earlier 
in this report. Figure 5 shows some results from this analysis. The results were very 
similar, specifically for the first 10 images; after that, the in-plane strain recorded 
seems to be slightly smaller than the actual strain of the unaltered images.  

 

Fig. 4 Comparison of PCA original images vs. 3-D PCA reconstructed images 

 

Fig. 5 Strain data comparison of PCA original images vs. 3-D reconstructed PCA image 
results 
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3.2 PCA on Strain Data 

Instead of a PCA on the image as seen in Fig. 5, the following are the results of a  
PCA done with DIC output data only on some fatigue tests and quasi-static tests 
done with the same parameters. This data used the strain columns including the 
strain in the x direction, the y direction, the shear strain, the major principal strain, 
the minor principal strain, and the gamma, which is the principal strain angle. All 
displacement data collected was discarded for this test. Negative strain and positive 
strain is only relevant based on the axis direction established when testing, so none 
of the strain values were changed before this analysis was performed. The PCA on 
the data was performed to specifically reduce the number of components needed to 
understand the data from six to two. This is because it is significantly easier to 
understand a 2-D plot than a 6-D plot. When the cumulative variance was 
calculated, 90% of the information was collected in the first two PCs. The loadings 
calculated for each test type are similar, meaning the first PC was affected most by 
the strain data in the x and y, as well as principal strains, and the second PC is 
mostly affected by the strain angle and the shear strain. The loadings are a linear 
combination of the original variables from which the PCs were constructed. 

The first analysis was done on six quasi-static samples. The results were separated 
and then labels were put on the first and last data points in the cycle. In the results 
shown in Fig. 6, you can see that the data does not perform clusters at all but seems 
to increase linearly until the first and last cycles are separated out. It is noticeable 
that the first and the last cycles are more affected by PC 1 than PC 2. The results 
for the quasi-static test were similar in that they yielded similar ultimate strength 
(UTS) numbers. However, when looking at how the strain seen in each sample is 
affected throughout the test, we see that the samples vary greatly—specifically 
Samples 2 and 4 have a higher dependency on Component 2 than the other samples. 
The slope of the scatter of each sample’s data is close to the same—this could be 
related to the UTS being closer than the relationships of PCs 1 and 2 show in the 
analysis. 
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Fig. 6 PCA results on strain data for quasi-static tension test; first and last cycle of each 
sample is labeled 

The second analysis was done on four different fatigue samples, and then the results 
were separated and labels were put on the first and last data points in the cycle. In 
the results shown in Fig. 7, you can see that the data for Samples 1, 3, and 4 is 
separated into two different clusters. It is also easy to notice that the first and the 
last cycles are never in the same cluster of data points. However, if you look at the 
colored arrows, the arrow for Sample 4 is decreasing as the relationship between 
PC 1 and PC 2 decreases, whereas the other samples show an increasing 
relationship. It would be interesting to investigate why this occurs as the data does 
not show anything abnormal during that test sample. 
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Fig. 7 PCA results on strain data for tension–tension fatigue test; first and last cycle of each 
sample is labeled 

4. Conclusion 

As the testing results show, the removal of information by the PCA and reduction 
of image quality does cause a slight change in the DIC’s results. The fact that these 
reconstructed images can be used tells us that if there is corrupted data, or data that 
is not in the correct format for the DIC system, it can be easily converted to the 
correct format and then submitted with very little deviation from the desired results. 
It would be worth further investigating if any image can be converted into a DIC-
ready format as well as how much the image can be compressed to produce a similar 
result to the original.  
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