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Abstract 
Scanning transmission electron microscopy (STEM) is a powerful tool that allows for the atomic-
scale analysis of a materials’ structure, chemistry, and defect domains (Akers et al. 2021). The 
current generation of microscopes generate vast amounts of data, surpassing the limits of 
effective manual analysis traditionally performed by domain experts (Spurgeon et al. 2021). 
While recent strides in machine learning have significantly enhanced the processing of large 
and intricate datasets acquired through electron microscopy, the prevalent use of proprietary 
software packages for initial data collection poses a challenge. In many cases, these software 
packages act as a ‘black box’, constraining user functionality and hindering the output of data in 
a format that is conducive to seamless integration into machine learning models.  

This work addresses these challenges by adapting HyperSpy, an open-source Python library, 
for the analysis and quantification of raw energy dispersive spectroscopy (EDS) data acquired 
through STEM. The modified HyperSpy code successfully facilitates user-defined segmentation 
of the data, enabling the integration of atomic %, weight %, and raw EDS spectra for each 
segmented region into an existing few-shot machine learning model. While initial results reveal 
discrepancies in quantified atomic and weight percentages when compared to proprietary 
software, ongoing efforts aim to rectify this issue by refining the fit of the HyperSpy model to the 
EDS spectra. 

Overall, this research underscores the potential of open-source tools like HyperSpy to enhance 
the accessibility of analytical tools, fostering a transparent and user-friendly environment for 
seamlessly incorporating electron microscopy data into machine learning models. 
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1.0 Introduction 
Scanning transmission electron microscopy (STEM) is a powerful method of characterization 
that allows for the collection of images and spectroscopic data at the atomic scale. Analysis of 
this data can provide actionable insights into a materials’ structure, chemistry, and defect 
domains (Akers et al. 2021; Doty et al. 2022). The current generation of electron microscopes 
generate vast amounts of data (up to ∼ 200Tb/hr), surpassing the limits of effective manual 
analysis traditionally performed by domain experts (Spurgeon et al. 2021; Voyles 2017). 

In response to the need for high-throughput data science tools, recent advancements in 
machine learning models have notably improved the handling of extensive and complex 
datasets obtained through electron microscopy. One approach to segmenting and classifying 
images collected via STEM is few-shot machine learning, which demonstrates the ability to 
effectively categorize images based on a small set of user-provided examples (Akers et al. 
2021; Doty et al. 2022). Incorporating the corresponding spectroscopic data alongside the 
STEM image not only holds the potential to improve the model but also offers additional insights 
into the rationale behind the model's categorized output. However, a significant challenge arises 
from the use of proprietary software packages during the initial data collection phase. These 
software tools often operate as a 'black box', constraining user functionality and hindering the 
output of data in a format that is conducive to seamless integration into machine learning 
models (Voyles 2017).  

This work addresses these challenges by adapting HyperSpy, an open-source Python library, 
for the analysis and quantification of raw energy dispersive spectroscopy (EDS) data acquired 
through STEM (Francisco de la Peña et al. n.d.). The adapted HyperSpy code segments and 
quantifies EDS data, collected from the cross-section of lanthanum ferrite (LFO) thin films 
deposited onto a strontium titanate (STO) substrate via pulse laser deposition (PLD). The 
extracted atomic %, weight %, and raw EDS spectra for each chipped region is exported as a 
data frame for future integration into an existing few-shot machine learning model (Figure 1). 

 

Figure 1. Process of chipping and extracting quantified and raw EDS data for integration with an 
existing few-shot model 
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2.0 Methods 
EDS analysis was conducted using both HyperSpy and Thermo Fisher Velox, a commonly used 
commercial EDS analysis package. A comparison was made between the software packages 
based on two criteria: The ability to facilitate and export data chipping, and the accuracy in 
quantifying EDS data for each corresponding chip. The resulting atomic percentage values from 
each process were compared to each other, in addition to the expected stoichiometric ratios of 
strontium titanate (substrate) and lanthanum ferrite (deposited film). 

Due to limitations of manually chipping data using Velox, the dataset used for the comparative 
study was divided into a simple 8x8 grid, resulting in a total of 64 chips (sample 1 in Table 1). 
However, when utilizing HyperSpy to chip data for integration with the few-shot model, the 
existing chipping parameters from the few-shot model were applied to each respective dataset 
(samples 2-7 in Table 1). Note that sample 7 is the same data set as sample 1 but has 
undergone a crop on the navigational axis to 500px x 500px and the chip size was reduced to 
15px x 15px. 

 

Table 1. EDS samples and their chipped regions. Sample 1 was used for the comparative 
study between HyperSpy and Velox. Samples 2-7 were chipped in preparation for 
integration with their respective few-shot models. 

 

 

2.1 Data Collection 

STEM high-angle annular dark-field (STEM-HAADF) images and EDS maps were collected on 
a Thermo Fisher Themis Z microscope operating at 300 keV. Data was collected in the native 
Velox *.emd format and subsequently imported into HyperSpy (Francisco de la Peña et al. n.d.).  

Software applications were run on a HP EliteBook equipped with a i7-8665U and 16 GB of 2400 
MHz RAM. 

Sample # Sample Name 
Navigational 
Axis Length 

(px) 

Chip Size 
(px) 

Number of 
Columns x Rows 

Total 
Number 
of Chips 

1 HS vs Velox-0dpa-LFOpristine 512 x 512 64 x64 8 x 8 64 

2 0dpa-LFOdefectdomains 512 x 512 10 x 10 51 x 51 2601 

3 0dpa-LFOdefectdomains 512 x 512 15 x 15 34 x 34 1156 

4 0.1dpa-LFOpristine 500 x 500 20 x 20 25 x 25 625 

5 0.1dpa-LFOdefectdomains 512 x 512 10 x 10 51 x 51 2601 

6 0.1dpa-LFOdefectdomains 512 x 512 12 x 12 42 x 42 1764 

7 0dpa-LFOpristine 500 x 500 15 x15 33 x 33 1089 
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2.2 Chipping EDS Data 

Prior to quantification in HyperSpy, the 1D EDS spectra and 2D navigational axis were cropped 
by implementing the “.isig()” and “.inav()” functions, respectively. Data was then chipped using 
the ‘scale’ argument of the “.rebin()” function. This allowed for the size of the chips to be defined 
in pixels and then the navigational axis dimensions were divided by the defined chip size. Any 
remainder along each navigational axis was automatically cropped from the data set. 

In Velox, chipped regions were manually defined using the spectrum integration tool. The 
position and size of each chipped region were specified in the object properties window. Velox 
limits the user to a maximum of ten manually defined integration regions. Therefore, the 
chipping process consisted of defining one row of eight chips, exporting the data, and then 
moving onto the next row until the entire data set had been chipped. 

 

2.3 Quantification of EDS Data  

Once the chipped regions were defined in HyperSpy, a default model was created. The model 
fits a 6th order background polynomial and a Gaussian for each X-ray line associated with the 
elements defined in the metadata. The “.multifit()” function was used to iterate over each 
chipped region to fit the final model to the EDS data. HyperSpy automatically calculates the 
reduced Chi-squared value to measure the goodness of fit for each chip. After background 
removal, integration of each x-ray peak yielded the intensities required for quantification. For 
both Hyperspy and Velox, the Cliff-Lorimer method for qualitative measurement of the atomic 
percents was implemented. K-factors were extracted from Velox for use in HyperSpy. Finally, 
the determined atomic percent was converted to weight percent and the results were exported 
as a .csv data frame. 

In Velox, the expected elements were defined, and the default multi-polynomial model with 
parabolic background order was used. No additional absorption correction or optimized 
spectrum fit was utilized. Due to the chipping limitations mentioned above, the quantified EDS 
data was exported in batches of eight chips and manually compiled into an Excel data frame 
ensuring the chip IDs and locations were conserved.  
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3.0 Results and Discussion 
3.1 Chipping 

The chipping process in Velox is cumbersome and prone to errors due to the manual nature and 
software limitations of defining each chipped region. In its current state, the chipping process in 
Velox is not a user-friendly experience when defining a simple 8 x 8 grid and is impractical in all 
respects when attempting to chip a larger grid for integration with the few-shot model.  

By contrast, HyperSpy facilitates numerous methods for chipping and export formats. The 
chipping of data sets can be implemented with a few simple lines of code and the chipped 
regions can be verified by plotting the data or referencing the axis dimensions via the “. 
axis_manager” function. Additionally, each pixel in the original data set is indexed in HyperSpy 
which allows for a per-pixel defined chipping process. This would allow the user to define 
irregular and asymmetrical shaped chips and greatly increases the functionality of the chipping 
process when compared to Velox. 

 

3.2 EDS Quantification 

The top two rows of figures 2 and 3 illustrate the atomic percent maps generated by HyperSpy 
and Velox for LFO and STO, respectively. These maps clearly reveal the presence of LFO and 
STO in the expected regions of the sample. These findings confirm that both HyperSpy can 
accurately identify the presence and location of the elements of interest in the sample. However, 
there are variations in the assigned atomic percent values for each element within the chipped 
regions between the two software applications. The bottom row of images in figures 2 and 3 
represents the difference between the quantified atomic percent values from HyperSpy and 
Velox. Red regions indicate that HyperSpy yields larger values than Velox, blue regions indicate 
smaller values, and white regions indicate agreement between HyperSpy and Velox. 

In contrast to Velox's quantified atomic percentages for STO, HyperSpy exhibits slightly lower 
values for strontium and higher values for titanium. Moreover, HyperSpy yields considerably 
higher atomic percentages for oxygen in LFO and STO, with a notable discrepancy, in the 
oxygen atom percentage within the LFO region. This discrepancy persists in the LFO region, 
where HyperSpy reports higher atomic percentages for iron but significantly underestimates the 
atomic percentage of lanthanum. 
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Figure 2. Atomic percent maps of STO quantified in HyperSpy (top), Velox (middle), and the 
difference in quantified atomic percent values (bottom). Sr_Kα, Ti_ Kα, and O_ Kα 
ionization peaks were used for quantification.  

 

Figure 3. Atomic percent maps of LFO quantified in HyperSpy (top), Velox (middle), and the 
difference in quantified atomic percent values (bottom). La_Lα, Fe_ Kα, and O_ Kα 
ionization peaks were used for quantification.  
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While comparing HyperSpy to Velox serves the purpose of assessing HyperSpy's capability to 
compete with industry-standard software, it falls short of providing an accurate comparison of 
experimental data against a known ground truth. To address this, the ratio of normalized atomic 
percentages for each element in each region was compared to the known stoichiometric ratio of 
their respective materials (20:20:60 for both STO and LFO). Tables 2 and 3 shows large percent 
errors between the experimentally determined and known ratios of STO for both Hyperspy and 
Velox, highlighting the qualitative nature of EDS data. 

Table 2 reveals that HyperSpy delivers a more accurate representation of atomic percentages in 
the STO layer. Unfortunately, this trend does not continue in the LFO layer, where HyperSpy 
significantly underestimates the atomic percent of lanthanum, as demonstrated in Table 3. This 
issue is consistent across all the samples quantified by HyperSpy, prompting the need for a 
thorough analysis of how HyperSpy fits the model and quantifies the La_Lα x-ray peak, with the 
goal of refining and improving its performance for future EDS analysis. 

 

 Table 2. Percent error between the quantified atomic percent ratios and expected 
stoichiometric ratio of STO. Atomic percents were summed and normalized across 
the chips where STO was detected in the sample. 

 
 

Table 3. Percent error between the quantified atomic percent ratios and expected 
stoichiometric ratio of LFO. Atomic percents were summed and normalized across the 
chips where LFO was detected in the sample. 

 

STO HyperSpy Sample 1 Velox Sample 1 HyperSpy Sample 7 

Element Sr Ti O Sr Ti O Sr Ti O 

Summed Atomic % 21.15 24.12 45.60 22.47 23.22 42.63 20.68 23.49 43.26 

Normalized Atomic % 23.27 26.55 50.18 25.44 26.29 48.27 23.65 26.87 49.48 

% Error 16.35 32.73 16.36 27.18 31.46 19.55 18.26 34.33 17.53 

LFO HyperSpy Sample 1 Velox Sample 1 HyperSpy Sample 7 

Element La Fe O La Fe O La Fe O 

Summed Atomic % 8.40 19.33 49.72 13.51 17.35 44.27 8.37 19.00 46.08 

Normalized Atomic % 10.85 24.96 64.19 17.98 23.09 58.92 11.40 25.86 62.74 

% Error 45.77 24.81 6.99 10.09 15.47 1.79 43.01 29.32 4.56 
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Regarding samples 2-7, HyperSpy managed to successfully fit the model and quantify the EDS 
data despite the low signal to noise ratio attributed to the significantly smaller chip size. 
Reducing chip size also increased the time to compile the code from ~6 minutes for sample 1 
(64 total chips), to ~2 hours for sample 7 (1089 total chips). The resulting maps (Figure 4) 
shows that the HyperSpy’s quantification process successfully identified LFO and STO within 
the expected regions of the sample. The smaller chip sizes continued to exhibit a similar percent 
error to the larger chipped data when comparing the normalized atomic % of LFO and STO to 
the expected stoichiometric ratio (Tables 2 and 3). Since the % error did not significantly 
fluctuate between the 8x8 and the 33x33 chipped grid, it can be determined that HyperSpy is 
relatively consistent in its quantification, even when varying the chip size.  

 

Figure 4. Atomic percent maps of LFO and STO in sample 7, quantified in HyperSpy 
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4.0 Conclusions 
Overall, the comparison between Velox and HyperSpy highlights significant differences in their 
chipping processes. Velox's manual and limited chipping capabilities make it less practical for 
segmenting large arrays of chips and integrating quantified data with few-shot models. By 
contrast, HyperSpy offers a more efficient and flexible chipping process, enabling users to 
define irregular and asymmetrical shaped chips. Additionally, HyperSpy also facilitates the 
ability to easily export the resulting data in several formats for use with few-shot models. 
 
Regarding EDS quantification, both HyperSpy and Velox can accurately identify the presence 
and location of elements in the sample. However, variations in assigned atomic percent values 
exist between the two software applications, with differences particularly notable in oxygen and 
Lanthanum percentages for LFO. While HyperSpy generally exhibits a more accurate 
representation of stoichiometric ratios in the STO layer, discrepancies in specific elements, such 
as lanthanum in LFO, highlight the need for further refinement of the HyperSpy model. 
 
Finally, considerations must be made by the user when determining the ideal chip size for their 
application. Since HyperSpy iterates over each chip during the model building and fitting 
process, smaller chips will incur a penalty of increased computational time. Furthermore, a 
decrease in chip size will increase resolution, however, smaller chips have a lower signal to 
noise ratio than larger chips, which makes it difficult to fit a model to the data set. This work has 
shown that HyperSpy can produce consistent results even with a reduced to chip size, but its 
limitations have not yet been fully investigated. It is important to note that the chip framework is 
a stepping stone to true semantic (pixel-level) segmentation; given the sparse nature of X-ray 
data, it will nevertheless be necessary to apply some form of averaging / kernel to the data prior 
to fitting. 
 
In conclusion, our script based on HyperSpy has proven to be robust and amenable to the 
chipping process, offering relatively consistent quantification of EDS data. This research shows 
the potential of open-source tools like HyperSpy to enhance the accessibility of analytical tools, 
fostering a transparent and user-friendly environment for seamlessly incorporating electron 
microscopy data into machine learning models.  
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