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Abstract

Gas Chromatography/Differential Mobility Spectrometry (GC/DMS) is an effective tool to discern
volatile chemicals. The process of correlating GC/DMS data outputs to chemical identities
requires time and effort from trained chemists due to lack of commercially available software and
the lack of appropriate libraries. This paper describes the coupling of computer vision techniques
to develop models for peak detection and can align chemical signatures across datasets. The result
is an automatically generated peak table that provides integrated peak areas for the inputted
samples. The software was tested against a simulated dataset, whereby the number of detected
features highly correlated to the number of actual features (r2 = 0.95). This software has also been
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developed to include random forests, a discriminant analysis technique that generates prediction
models for application to unknown samples with different chemical signatures. In an example
dataset described herein, the model achieves 3% classification error with 12 trees and 0%
classification error with 48 trees. The number of trees can be optimized based on the
computational resources available. We expect the public release of this software can provide other
GC/DMS researchers with a tool for automated featured extraction and discriminant analysis
capabilities.

1. Introduction

Chemical separation methods [1-3], including gas chromatography (GC), mass spectrometry
(MS), and differential mobility spectrometry (DMS), are key to detecting individual
chemical components in a sample mixture. The combination of DMS with GC provides
orthogonal information from initial separation by polarity through a GC column prior to
entering the DMS [4-6]. The oscillating electric field of a DMS can further separate ions by
their charge mobility for subsequent detection and is used in many applications such as
explosive [7] and drug detection [8].

GC/DMS provides a robust and reliable method of separating a variety of complex
compounds [9].

The advantage with using GC/DMS compared to other instruments such as GC/MS is
portability and atmospheric operability. When looking at the data output from these
instruments, the common goal is peak detection. There are many different computation
methods for peak detection; this paper shows a methodology of performing peak detection
for GC/DMS data.

GC/DMS devices generate 3-dimensional plots with the axes that represent retention time
(RT), compensation voltage (CV) and ion signal intensity. Compounds will elute through the
GC portion of the GC/DMS with varying lengths of time, known as the retention time (RT)
[10]. The temperature profile and column phase are examples of variables that determine the
retention time of a given compound. As compounds elute from the GC column and reach the
DMS, they are ionized and enter an oscillating electric field. The DMS offsets this electric
field through the compensation voltage, which acts as an ion filter, dictating which ions
reach the detector based on ion mobility. The CV is not held constant but alternates across a
CV range on the order of 1 Hz. At a certain CV, ions will pass through the electric field and
reach the detector, generating a signal with the signal strength relating to ion abundance.
Each compound is represented as a 3-dimensional elliptical conical structure or peak whose
volume denotes prominence of the compound. These peaks can be characterized by their CV
and RT position (x and y coordinates) and volume (z coordinate).

Peak detection in GC/DMS data is necessary for chemical detection; however, to our
knowledge, there is no publicly available software for GC/DMS data analysis. There are
other GC/DMS analyses [11] that uses gradient, absolute thresholding, and overlapping
ratio. These methods must tune humerous hyperparameters and require many validations
steps to perform peak detection. The methods shown in this paper utilize a different
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approach by exploiting the conical nature of the GC/DMS peaks and uses less
hyperparameters to perform peak detection compared to current techniques [12,13].

In a previous publication [14], we have developed a software, AnalyzelMS, to aide
GC/DMS researchers. This version of AnalyzelMS allowed users to visualize GC/DMS
spectra, perform preprocessing techniques such as baseline correction and smoothing, and
perform two statistical analyses: principal components analysis (PCA) and partial least
squares-discriminant analysis (PLS-DA). However, the software did not have the capability
of performing peak detection and alignment. PCA and PLS-DA were performed by
considering every data point of the GC/DMS spectra, rather than only incorporating data
points for an entire resolved chemical peak that contained chemical information. As such,
the power of this analysis was weakened.

This paper outlines a methodology using computer vision to extract chemical features from
GC/DMS spectra. Computer vision has shown to useful in many applications [15-17] to
differentiate objects from a background, making it favorable for GC/DMS peak detection.

This software data pipeline has three sequential stages: noise reduction, peak detection, and
peak alignment. Noise reduction uses is performed using top hat filtering and thresholding.
Peak detection is performed by using watershed, a computer vision technique, to discern
chemical features from spectra background. Peak alignment assesses if constituent
chemicals are found in other samples within a provided dataset. This upgraded software
described adds peak detection in order to provide additional advanced computational
methods of analyzing GC/ DMS data. All algorithms stated in the paper are now
incorporated into the newest version of the software described by the results in this paper.

Further, this software version includes a machine learning technique, random forests [18],
for binary classification prediction. Random forests make predictions by using an array of
trained decisions tree. A decision tree is a model of the relationships of the peak volumes.
Each tree is given a “vote” and the collective response denotes the classifications accuracy
[19,20]. Researchers have shown that classification techniques have varying success on the
same dataset, and random forests has out-performed other discriminant techniques in VOC-
based data [21]. Random forests has been used in other GC/DMS studies [21-23].

Material and methods

2.1. Simulated data

In order to test the peak detection algorithm, simulated GC/DMS spectra were generated.
Simulated data helps test the robustness of the algorithms because the true number of peaks
generated can be checked against the number of peaks detected by the software. The method
of generating these peaks are outlined in another paper [11]. In brief, the peaks were
generated by using a 2-D gaussian distribution with normal distribution for randomly
generated CV/RT locations and noise. A total of 300 GC/DMS spectra were generated
where each had 10-40 peaks. The top hat radius and threshold value are chosen iteratively
for one sample and the same value is applied to the rest of the samples.
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2.2. Sample data

To demonstrate random forests as a binary classifier, we used a previously collected
GC/DMS dataset that contained the volatile organic compound (VOC) measurements of
isolated Rhododendron plants. Rhododendron are nursery ornamentals that are susceptible to
root infections of Phytophthora ramorum, an oomycete invasive to the United States. Our
group previously showed that the VOC profile of Rhododendron shifts upon infection with
Phytophthora ramorum. [24] While the exact method used to capture VOC measurements of
these plants is described elsewhere [4], briefly, 12 Rhododendron plants were grown inside a
growth chamber. Six plants were mock inoculated and served as healthy controls and six had
been inoculated with 2 ramorum. Infection were confirmed ex post. An enclosure was
placed around each plant, which allowed for Rhododendron\VOC emissions to concentrate
inside, isolating each plant’s volatile profile from the growth chamber background. A
sample pump was used to sip air from each enclosure and pass it through a preconcentrator
trap packed with sorbent to capture the VOC profile, and the trap was thermally desorbed
into the GC/DMS system for chemical separation and detection.

2.3. Data analysis

2.3.1. Software structure—A typical GC/DMS plot is 3-dimensional with axes
representing compensation voltage (x-axis), retention time (y-axis), and chemical intensity
(z-axis) (Fig. 1A). High intensity features localized at —20 VV compensation voltage represent
the reactant ion peak (RIP), an expected feature of DMS [25]. Peaks representing
compounds detected in this sample can be seen scattered between CV of =15 and 15 V.

To extract chemical features, the following processes are used: baseline correction,
smoothing, gray-scaling, RIP removal, top-hat filtering, thresholding, and watershed.
Baseline correction and smoothing are both used to correct instrument drift and large
fluctuations between data points. Gray-scaling is used to normalize all samples in the
dataset. Then RIP is removed to emphasize the compound peaks in the dataset. Top-hat
filtering is to reduce the background noise while retaining compound peaks. Thresholding is
used to further reduce background noise and convert the gray-scale image to binary image.
Watershed helps label the distinct peaks and corresponding pixels of the compound peaks.

Baseline correction of the data is performed by asymmetric least squares and smoothing is
performed by Savitzky-Golay filtering as incorporated in earlier versions of AIMS. The raw
data image (Fig. 1A) and corrected and smoothed image (Fig. S1) show a large reduction of
noise. Once the data is corrected and smoothed, the intensities range from 0 to 0.17 V.
Converting to a grayscale image remaps the values from 0-0.17 V to 0-1V, thus
normalizing the image set. The result not only increases the compound peak intensities but
also the background noise intensities (Fig. 2A). The advantages with grayscale images are
important because it provides a method to not only emphasize the background noise which
appeared not present (Fig. S1) but also normalizes the intensity values across all samples.
The computer vision algorithm will also improve feature detection because the signal
strength is increased.
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RIP intensities can be significantly higher than that of chemical compound peaks, which
makes separating the compound peaks from the noise when thresholding difficult. The
automated algorithms may retain the RIP information and remove the compound peaks, an
undesirable effect. To avoid these difficulties, the RIP was cropped from the dataset (Fig.
2A) by only including x axis values between —18 and 15 V.

Then top hat filtering [26] is applied to filter background noise and preserve peak
information in the data (Fig. 2B). This approach performs well in settings where the relevant
and irrelevant objects are different shapes, which is true for the differences in detector noise
and chemical peaks in GC/DMS spectra. To further remove background noise, thresholding
is used to convert the from grayscale to binary images in black and white (Fig. 2C). This
technique is advantageous because compound peaks are more prominent than background
noise. Finally, watershed segmentation is performed on the images to index individual peaks
and separate compounds that are overlapping one another (Fig. 2D). Watershed
segmentation works well on objects of circular nature and performs separation using
watershed lines found through the shape of the peaks.

Once the peaks have been detected, a peak alignment algorithm generates a peak table. Peak
alignment is necessary to ensure that the same compound peak in one sample refers to the
same compound peak in another sample. A peak table is tabular representation of individual
compound found in a sample. Each cell in the row and column represent the max intensity,
the columns represent a unique compound, the rows represent the CV and RT location of the
max intensity of the peak detected. Peak alignment involves three stages: setting CV and RT
boundaries, determining coordinates for all detected chemical features and computing the
volume of all peaks detected. The algorithm determines whether chemical features in
samples within the dataset are the same chemical. For instance, if chemical feature nis
found in one sample, the algorithm looks for chemical features in other GC/DMS spectra
that have the same coordinate, plus/minus the provided CV and RT boundaries.

At this point, the algorithm has performed all functions on the dataset and has summarized
chemical information into a peak table. This table can then be exported for the user to
perform statistical analysis and data interpretation. Should the user seek discriminant
analysis on their dataset, a random forests option is how included in the software. Model
generation via random forests [18] uses peak table data to find relationship between samples
based on inputted discriminate categories. These models are the prediction mechanism used
for binary classification of each sample.

2.3.2. AIMS—AnalyzelMS (AIMS) v1.4 for Matlab 2017a was utilized to visualize and
analyze GC/DMS data [4]. In this work, we describe how we updated AIMS to incorporate
top hat image filtering, watershed peak detection, peak alignment, and random forests for
automated peak extraction and model generation from GC/DMS plots. The updated version
of AIMS allows the user to select values such as filter size and threshold values relevant to
the dataset to detect peaks. The filter size and threshold values are chosen such that the
maximum noise is reduced while retaining the compound peaks. The software has visual
plots that can be used to help tune these parameters. These parameters are key components
in top hat filtering and thresholding. The software is built to allow users to inspect how
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images are transformed as these parameters are tuned. Random forests parameters such as
the number of trees and number of columns to select are also tunable by the users to find the
optimal classification accuracy for different datasets.

3. Theory
3.1. Top hat

Top hat filtering is a method of removing given shapes while maintaining the integrity of the
image. An example use case of top hat filtering is to remove specific objects, making non-
uninform lighting constant. It can be used on a binary and gray-scale image, but the
underlying purpose is to enhance an image. This algorithm is useful when objects in an
image are similar in shape but differ in size. This occurs in GC/DMS plots where the
compound peaks and noise peaks are circular-like objects and differ in significantly in size.
Top hat filtering uses a structuring element, any user chosen shape, to perform its
computation. At a high level, the algorithm filters out all shapes that are smaller than the
structuring element. There are two stages top hat filtering: opening an image and subtracting
the opened image from the original image. The opened image is computed by performing
image erosion and dilation. In a gray scale image, image erosion is computed by iteratively
passing through each pixel in the original image and setting the pixel value to the minimum
intensity within the pixel’s neighbors. The pixel’s neighbors are defined by the structuring
element selected. This effectively reduces the intensity gradient across all pixels in the
image. Only applying erosion to an image tends to be destructive to an image thus it is
important to dilate the image.

The computation of image dilation is similar to that of image erosion. Image dilation
iteratively passes through each pixel in the eroded image and sets the pixel value to the
maximum intensity within the pixel’s neighbors. Similarly, the pixel’s neighbors are defined
by the same structuring element selected in image erosion. This process essentially restores
the intensities that were lost in the eroded image. In general, opening an image, helps
removes small objects in the image because erosion will remove objects smaller than the
structuring element. The dilation portion restores the remaining objects which leads to less
image destruction.

The last computation step is to subtract the opened image from the original image. The
subtraction reduces all pixel intensities of positive pixel values in the opened image. Higher
intensity value in the opened image results in larger intensity reduction in the original image.
In GC/DMS data, this process effectively removes the smaller background noise and retains
the large circular compound peaks in the image.

The structuring element selected for this study is a circle. GC/DMS peaks tend to be
elliptical and circular, however it is more advantageous to use a circle to filter GC/DMS
data. A circle can be used to filter both ellipses and circles as long as the radius is the greater
than or equal to the major axis of the ellipse. Applying top fat filtering to the gray-scale
image (Fig. 2A), it can be seen that the compound ions are retained, and noise background
reduced (Fig. 2B). As a result, it is advantageous to filter GC/DMS data using top hat
filtering.

Chemometr Intell Lab Syst. Author manuscript; available in PMC 2021 August 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Page 7

3.2. Thresholding

After top hat filtering, thresholding is applied to the image to remove additional background
noise. Thresholding converts a grayscale image to a binary image by selecting a user defined
threshold. This is computed by setting all pixel values below the threshold to 0 and all pixel
values above threshold to 1 in an attempt to completely separate the chemical features from
the background. Equation (1) denotes the equation for thresholding.

Ix,y) = 0,if I(x,y) < thfzrshold O
1, otherwise
/ denotes the new intensity value assigned to each pixel with coordinates (x, ) in a
GC/DMS spectrum for the inputted t#hreshold. The threshold value is determined by the user.
This technique was found to be useful because the noise intensities tend to be significantly
lower than peak intensities.

3.3. Watershed

Watershed segmentation is a computer vision technique that can index compound peaks. It
uses a binary image as an input and outputs the pixels that belong to each respective
chemical feature. The advantage is that watershed segmentation can separate overlapping
objects, which often occurs with compounds that are neither fully resolved by the GC
column and/or the DMS electric field. At times, compound peaks may overlap making it
difficult to differentiate between unique peaks. The overlap of peaks is caused by two
chemical species arriving to the detector at nearly the same time. This might be because the
GC column failed to resolve the two species and their ion mobilities were too similar for the
DMS to separate. Watershed is computed with two steps: creating a distance transform and
label compound peaks separated by watershed lines.

The distance transform is computed by taking the binary image and changing all the pixel
values to represent the Euclidean distance to the nearest background pixel. As a result, the
background pixels are all computed to 0 and the compound peak pixels are all positive
Euclidean distance values. The largest distance can be found at the center of the compound
peak because these pixels are the farthest from the background. The smallest distance will be
the outer edge of the compound peak because these pixels are closest to the background
pixel.

The labelling of compound peaks is performed by finding all the local maximum in the
image. As previously mentioned in the distance transform, larger values are found at the
center of compound peaks which become the local maximum. Each maximum is defined as
a separate peak and each maximum is changed to reflect a unique peak. As a result, the
maximum pixel value is changed to a unique peak number. For the algorithm to determine
which peak the remaining pixels belong, the algorithm finds the nearest maximum and
change its value to the respective compound maximum. This is the key to separating
overlapping peaks. Overlapping peaks are pinched at a particular point and the distance
transform is able to figure out which peak the pixel belongs to. With all compound peaks
identified, the peak alignment algorithm is used to generate a peak table for random forest.
The specifics of the algorithm are described in a further section.

Chemometr Intell Lab Syst. Author manuscript; available in PMC 2021 August 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yeap et al. Page 8

3.4. Random forests

Using the peak table, random forests can build a machine learning model for binary
classification. In random forests, models are represented as a group of decision trees. A
decision tree contains nodes and edges, where the nodes represents a feature or in this case
peak volume in the dataset and the edges represent the two possible decisions to traverse
down the tree. A decision tree is similar to a binary tree, a common computer science data
structure, in which each node can have two edges. As the algorithm traverses down the
decision tree, the determine whether or not the peak volume at that node is less than the
threshold volume. The threshold value is determined by iteratively going through all
bisection points for a particular peak volume. The bisection point with the highest entropy is
used as the threshold volume. The leaf nodes of a binary tree represent the classification of
the dataset.

In order to build the model, random forests requires two parameters to be defined: the
number of peaks, b, to randomly select from the peak table and the number of decision trees,
m, to use to build the model. The first parameter, &, controls how similar the trees will be.
Thus, a larger bis prone to overfitting because it increases the likelihood the nodes will be
split across the same peak. A smaller bis prone to excess randomness due to inability to
capture peak correlations. The second parameter, /, denotes the number of trees the random
forests will contain. As m increases, the number of decision trees increases as does the
computational time to perform training and testing. Thus, it is important to select an
appropriate number of trees to prevent long training times.

4. Results and discussion

4.1. Top hat filtering

Top hat filtering was applied to the preprocessed image (Fig. 2A). The outputs (Fig. 3A-C)
show the effectiveness of reducing the background noise. The process of selecting an
appropriate radius starts by selecting a small radius such as radius of 2 (Fig. 3A). Comparing
the input (Fig. 2A) and the output (Fig. 3A) shows background detector noise is still present
which can complicate the selection of an appropriate threshold value in the next step. Slowly
increasing the radius of the can filter out more noise (Fig. 3B). At some point, the radius is
large enough to remove nearly all detector noise, but at the expense of losing nearly all
chemical features (Fig. 3C). The software increases the radius until the compound peaks
disappear (Fig. 3C) then it steps back one radius and uses this value to filter out the
background noise. The software is also built for users to tune a different radius. If top hat
filtering is not included in the filtering process, then thresholding will cut off the outer edges
of the compound peak. This is undesirable because the volumes of these peaks are already
extremely low ~1073. Further clipping of the outer edges prevents random forest from
generating robust models.

4.2. Thresholding

Thresholding involves taking the input (Fig. 3B), the image resulting from top hat filtering,
and generating an output (Fig. 4A-C). Similar to finding top hat filter’s circle radius, the
optimal threshold value is found using an iterative process. A small initial threshold, such as
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0.2 V, retains more pixels in the outputted image, but also includes detector noise (Fig. 4A).
This is undesirable because model generation may become difficult with extra noise
detected. It can also lead to over-segmentation when watershed is applied to the binary
image. High threshold values will result in loss of compound peak information (Fig. 4C). To
automate this process, the user must select a patch of noise background in the image. The
max intensity of the background is used as the threshold value. This is done by computing
the max intensity across all samples. This method outputs a binary image (Fig. 4B) such that
compound peaks is retained and noise background is reduced.

The resulting image after thresholding (Fig. 4B) contains silhouettes of detected chemical
features as presented in a binary image. The white regions are the pixels that belong to one
peak and the black regions represent the background (Fig. 4B). At this point, the image
contains peaks that are not fully resolved by either the GC column or the DMS electric field,
which is addressed during watershed. Without thresholding, watershed would pick up
extraneous noise peaks. This is called over-segmentation. For example, in a GC/DMS
sample containing 200 actual compound peaks, watershed could generate 3000 detected
peaks if thresholding was not applied. A majority of these peaks belonged to the
background. This is due to the grayscale image generated from top hat filtering. As a result,
it is important to generate a binary image to ensure that watershed does not pick up the noise
peaks.

4.3. Watershed

As watershed indexes chemical features, it also separates overlapping peaks, determining
which pixels belong to which respective peak. The input (Fig. 5A) to watershed is a binary
image that resulted from thresholding. To observe watershed’s effect, a magnified image
(Fig. 5B) of three peaks are shown: one distinct peak and two overlapping. The distance
transform used in watershed can find a bisection point or watershed lines to separate
unresolved peaks. Watershed segmentation not only successfully separated the peaks (Fig.
5C) but also labels all pixels that belong to a unique peak.

4.4. Peak detection

4.4.1. Simulated data—To test how well the sequential use of these algorithms perform,
300 GC/DMS spectra with 10-40 peaks were mathematically generated. Each spectrum was
individually inputted into the software. With a true number of chemical features known for
each, we compared this to the number of peaks detected by the software. The results are
shown in Fig. 6. A correlation coefficient of r = 0.95 was computed on the fitted line. This
signifies that algorithm is at tracking peaks 95% of the time.

Generally, our peak detection algorithm tends to underestimate the number of peaks. The
fitted line shows that the algorithm tends to over detect features in datasets with 15 or less
generated peaks, while underestimating in spectra with more than 15 peaks. Underestimation
is likely due to the difficulty of detecting low signal peaks that are not resolved from the
background noise. This has been seen in a different type of peak detection algorithm [11].
Further, peaks that have strong slope gradient but small radius may be lost during top hat
filtering, as larger radii inadvertently removes thinner chemical features.

Chemometr Intell Lab Syst. Author manuscript; available in PMC 2021 August 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yeap et al.

Page 10

Our software was designed to give users flexibility to match their preference to approach
chemical feature detection. For instance, users with datasets containing measurements of
high concentration volatiles might only be interested in corresponding high intensity
chemical features. Low concentration chemicals might be present in their samples, but to the
researcher are considered contaminants and are not of their interest. Thus, they might prefer
that the software underestimate the number of actual chemical features, as they are interested
in filtering out chemical noise in their samples. In another example, a researcher might have
a dataset in which they need to perform untargeted chemical analysis, attempting to capture
as many chemical features as possible. This user could input less strict values into the
algorithm, hoping to capture as many real chemical features as possible, at the expensive of
possibly including detector noise into their resulting peak table.

4.4.2. Peak alignment—The alignment of peaks is crucial for comparison across
samples, as it determines whether which samples contain the same chemical features. For
this software, alignment is a factor of the retention time and compensation voltage, which is
determined as the xand y coordinate of the maximum intensity of a peak. In general, a peak
should not shift a significant amount across the compensation voltage and retention time.
This is associated with inherent drift of the GC/DMS instrument. The user must first
determine proper compensation voltage and retention time bounds. Ideally, the GC/DMS
user would separately quantify the expected RT and CV drift of their instrument. This could
occur through repeated measurements of the same chemical compound or compounds, and
the user can determine the expected range of RT and CV drift for a given dataset. As a
result, the user must perform additional repeated measurements on one sample to observe
how large these shifts are. The algorithm relies on this knowledge to properly align peaks.

With established bounds, the algorithm selects the CV and RT of the max intensity of each
peak in a sample to populate into the peak table. For simplicity, Samples A and B (Fig. 7)
will be used to explain how the peak table’s columns are generated. The algorithm will start
with Sample A and randomly select the peak marked with a green circle. The algorithm will
then use the CV and RT of that peak’s maximum intensity and store it in the column of the
peak table. The CV and RT bounds defined for the chosen peak is used to search for the
same peak in sample B. A peak within bounds is found in sample B, circled in green (Fig.
7), and considered the same compound as that populated for sample A. Thus, another
column will not be created for this peak circled in green in sample B. The peaks circled in
green are removed from the dataset and cannot be reselected to create another column in the
peak table. The process continues until all peaks in sample A are added to the column. Once
all peaks are added the algorithm moves onto the next sample and performs the same
operation until all samples have gone through this process. Since the peak circled in red in
Sample B will not have been added to the peak table it will be added when the algorithm is
run on this sample.

With all columns created, the last step is to integrate and store the peak volumes for each
chemical feature in each sample. The algorithm uses the first peak’s CV and RT and stores
all peak volumes that are within the bound of the user-chosen CV and RT. If a peak is not
present in the sample, a 0.00 is stored. This is done for every peak and sample until a
complete peak table is generated (Table 1). The unit for peak volume is technically voltage
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squared times seconds; however, this unit is not intuitive because it suggests that peak
volume has a time component. Thus, the standard unit for peak volume in this paper is
arbitrary unit (a.u.) — it is subjective to interpretation. In this case, it is easier to visualize
peak volume as units cubed. Appended to the end of the peak table is a row for CV and RT
(Table 1). These rows represent the mean and standard deviation of all max CV and RT
found across the samples. Both mean and standard deviation represent how much the peaks
are shifting and can be used as a means to understand the dataset.

The advantage with this technique compared with another peak alignment technique [11] is
the number of manual user inputs is comparably less. Our peak alignment requires only the
CV and RT bounds while the other technique [11] requires CV and RT bounds, reference
sample, mathematical dot products, etc. More inputs lead to precise adjustments for reliable
performance. These additional inputs are not required herein because the computer vision
algorithms previously used to identify peaks reduce the complexity of the GC/DMS datasets
by removing noise and separating overlapping peaks.

To test the peak algorithm, simulated data was randomly shifted to compute the consistency
of the peak alignment algorithm. Majority of random shifting was performed within 1 step
of the CV and 10 steps of the RT, a typical range for GC/DMS plots. The peak alignment
algorithm showed a 94% rate of correctly aligning peaks showing that peak alignment is
reliable and effective even though the peaks are shifting. The remaining peaks not properly
aligned because of the random shifting. The random shifting causes peaks to move out of
range or drift to another compound peak. Moving out of range prevents the algorithm from
detecting the compound and drifting to another compound peak causes the algorithm to
choose the closest peak for alignment.

4.5. Random forests

To show an application of the methodology, a Rhododendron sample data is used. This
dataset contains 24 GC/DMS samples, with 12 infected by 2 ramorum and 12 healthy
controls. Peak detection was performed using the following values: 12 for top hat, 0.43 for
threshold. The peak alignment algorithm found a total of 200 number of chemical features
and were stored in a peak table. To train a random forest mode, the number of features must
be chosen to maximize the accuracy of the model. An example of how number of features
affects accuracy (Fig. 8) shows that a small 5, number of features, value does not perform
well. The misclassification error converges to approximately 7% which is high. Small values
of b prevent random forests from finding peak relationships between the samples because
the probability of selecting the appropriate peaks for compound prediction is low. As a
result, the majority of decision trees become poor prediction models lowering the overall
accuracy. Choosing medium value of 16 peaks shows the best results for this dataset because
the accuracy plot is consistently below the low and high & values. A reasonable value tends
to be around square root of the total number of peaks detected. Higher values overfit the
model because it increases the similarities between the trees in the random forest.
Consequently, the lack of generalization does not allow the model to accurately provide
predictions. Accuracies start to drop and eventually do not perform well. The software is
designed to allow the user to tune these this value. The number of trees to be generated is
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another parameter can affect the performance of random forest. A small number of trees in
random forest generally performs worse than large number of trees. Each tree is trained
differently which allows for generalization. With small amounts of tree, we lose generality
and the model has difficulty finding relationships between the classification data and the
peaks. However, as the number of decision trees increases as does the computational time to
perform training and testing. Fig. 8 shows m 1-60 trees used for model generation. It can be
seen that as the number of trees increase the average classification error decreases. This is
expected because less decision trees translates to less chance that the model will fully
capture the behavior of the GC/DMS datasets. It may be tempting to select an extremely
number of grown trees; however, doing so will dramatically increases the computation time
to train random forests. It is advantageous to start with less trees and slowly increase while
observing the accuracy. It can be seen that random forest is a good classifier for performing
binary classification on rhododendron plants. To validate this entire process, a 10-fold cross
validation was used on the 24 Rhododendron plants. One third of the samples were set aside
for as the test set and the last two thirds were used to build the model. An average accuracy
was computed to be 94%. This suggests the process of using top hat filtering, thresholding,
and random forest is robust in predicting unknown Rhododendron samples. Previously [4],
PLS-DA was used to confirm the VOC profiles of infected and healthy Rhododendron plants
show a difference as well. Using random forest further confirms what is found in that
software can be used to build models to separate the VOC profiles of Rhododendron.

5. Conclusion

This paper uses techniques from computer vision and machine learning to show how they
can be used for peak detection and to perform random forests binary classification.
Grayscale mapping, removal of RIP, top hat filtering and thresholding were used to remove
noise in the background and convert the image to a binary image. Watershed segmentation
helped detect and label each compound peak ion as a different compound. A peak alignment
algorithm using compensation voltage and retention time bounds generated a peak table that
summarized the compounds found. Random forests, a machine learning model, showed high
accuracy showing that random forests is a robust model for predicting binary classification
on GC/DMS samples. Future work on this study can compare different machine learning
algorithms to evaluate which is better on portable devices or hardware with limited memory
and processing power. Adding multiclass classifications could also produce models with the
capability to detect compounds in more complex mixtures.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.
Original GC/DMS plot: (A) Top down (intensity) and (B) cross section of GC/DMS plot

along dotted red line (RT = 840 s). (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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(A) Preprocessed Image

(B) Top Hat Filtering

(C) Thre_sholdin_g

Fig. 2.
Diagram of the computer vision algorithms used to extrapolate peaks. (A) Cropped image

that has RIP removed. (B) Top hat filtered applied to reduce noise and retain compound
peaks. (c) Thresholding applied to convert to binary image (d) Watershed applied to label all
pixels belong to each respective compound peak.

Chemometr Intell Lab Syst. Author manuscript; available in PMC 2021 August 15.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Yeap et al.

(A) radius =2

0.15

o
(A) Aisuoyug

ot
o
@

-10 0 10
Compensation Voltage (V)

Fig. 3.

(0]

Retention Tim

(B) radius =7

-10 0 10
Compensation Voltage (V)

(A) Ausuoyug

Retention Tim

(0]

(C) radius = 8

-10 0 10
Compensation Voltage (V)

Top hat filtering applied to GC/DMS plot with different circle radius.

Chemometr Intell Lab Syst. Author manuscript; available in PMC 2021 August 15.

Page 17

(A) Aisuaug



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yeap et al.

Page 18

(A) Threshold = 0.2 (B) Threshold = 0.43 (C) Threshold = 0.6

-15 10 -& 0 5 10 15
Compensation Voltage (V)

-5

Fig. 4.
Thresholding applied to GC/DMS plot with different threshold values.
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Watershed applied to GC/DMS plot.
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Fig. 7.
Green peak are the same compound and red peak is unique compound. (For interpretation of

the references to colour in this figure legend, the reader is referred to the Web version of this
article.)
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Random forest accuracy with different b and m values.
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Table 1

Example of a generated peak table. Cells represent the volume under the peak for chemical feature m present
in each sample 77 in arbitrary units (a.u.). In addition, the average + standard deviation for the maximum
intensity of each chemical feature’s CV (x coordinate) and RT (y coordinate) are provided. Cells with a peak
volume of 0.00 a.u. indicate that the sample was determined to not contain the corresponding chemical.

Chemical featurel Chemical feature2 Chemical featurem

Samplel 1.60a.u. 0.00 a.u. 0.00 a.u.
Sample 2 0.00 a.u. 0.00 a.u. 0.00 a.u.
Sample n  0.74 a.u. 0.19 a.u. 0.16 a.u.

cv 23.43+0.13V 11.25+0.20 V 3.14+0.13V
RT 37.93+2.69s 340.76 £ 2.21 s 645.58 + 1.04 s
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