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Abstract—Volatile organic compounds (VOC) can be analyzed
and classified based on dispersion plots yielded by Differential
Mobility Spectrometry (DMS). These dispersion plots contain
traces, also known as alpha curves that indicate the presence of
VOCs with specific charge and cross-sectional area. However,
often the dispersion plots are analyzed without utilizing this
information but rather using the pixel values independently or
analyzing values at a specific high electric field level. This paper
proposes a technique for extracting and clustering alpha curves
from dispersion plots. The cluster information could then be
used inside existing detection and classification algorithms to
potentially improve their accuracy.

Index Terms—differential mobility spectrometry, machine
learning, clustering

I. INTRODUCTION

Artificial sensing of scents can be done with various
methods. Most of them share a basic functional principle of
detecting VOCs and using databases and algorithms to classify
them. The analysis of VOCs has a long tradition in several
industrial applications, including food industry, food safety,
perfumery, cosmetics, agriculture, and medicine. One recently
used method is Differential Mobility Spectrometry (DMS).

Majority of studies related to classification of DMS data do
not benefit from traces of ions and use a DMS in tandem
with liquid chromatography or other devices [1]. Popular
classification methods are wavelet decomposition and bag
of visual words in combination with the Support Vector
Machines algorithm, K-Nearest Neighbors or classification of
plain readings [2], [3], [4], [5]. None of these methods analyze
separately traces in a dispersion plot.

DMS, also referred as Field Assymmetric Ion Mobility
Spectrometry (FAIMS) is an atmospheric pressure technique

This work was supported by Academy of Finland under grants: 323498,
295432, 295433, 323529, 323530 and 295434.

that belongs to the larger family of Ion Mobility Spectrometry
(IMS) techniques. Principles of DMS were first published by
Buryakov et al. [6] in 1993. DMS relies on the mobility
field dependency and measures the difference of high and
low electric field mobility. Technically the DMS sensor is
an ion filter where two fields, separation and compensation
fields are used to select ions which can pass the filter. Ion
field dependency is expressed as so called geometry and field
waveform dependent α-curves. α-curves are formed with ion
intensity traces in separation and compensation field space,
called dispersion plots.

This article proposes a method, which is related to the
detection and analysis of α-curves, for extracting additional
information from dispersion plots. Together with existing
machine learning-based classification techniques, this method
could improve classification accuracy for scent samples mea-
sured by DMS in varying environmental conditions.

II. METHODS

A. Differential Mobility Spectrometry

In the DMS, the measurement is done by first setting
a separation field (Usv), then scanning compensation field
(Ucv) and finally repeating the sequence over separation field
range. During each step the abundance of ions is recorded
and the data is presented in two dimensional graphs called
dispersion plots where abundance of ions is typically color
coded. The recorded data can be used to determine α-curves
or α-parameters for the sample compounds but it should be
noted that α-curves depend on electric field waveform, system
geometry and also the neutral gas matrix used where ions
travel.



(a) Carvone DMS dispersion plot

(b) Carvone DMS 3D dispersion plot

Fig. 1: Example dispersion plots

B. Preprocessing of the dispersion plots

Figure 1(a) shows an example of a 2D dispersion plot, in
which only the water peak (yellow-green arc) is clearly visible.
From the 3D dispersion plot (Figure 1(b)) also traces of ions,
which are of interest to us, can be seen clearly. These traces
are located in the upper left part of the 2D plot but their
intensities are significantly weaker than those of the water
peak, making them invisible in the 2D plot. Therefore, only
the upper left part of the dispersion plot is used for further
analyses. Next, the remaining part of the dispersion plot is
scaled such that ion traces become visible. We tested Pareto
scaling and comparison to the row maximum value. The Pareto
scaling method reduces importance of large values and is
defined in [7]. The result of applying the Pareto scaling method
is shown in Figure 2(a). The idea of the second method is to
divide each value in a row by the maximum in this row, namely

xij =
xij

max(xi)
, (1)

where xi,j is a value in the i-th row and j-th column and
max(xi) is the maximum of this row. This method equalizes
intensities across the dispersion plot, which makes it possible
to see traces of the ions. A result of applying this method can
be seen in Figure 2(b).

In the next step signals are smoothed using the Savitzky-
Golay filter [8] to remove noise. This is necessary to ensure
that correct peaks are detected in the following step.

For detecting peaks we calculated local maxima of the
signal by looking at two direct neighbors. If the two direct
neighbors have smaller intensity then a local maximum is
detected. Figure 3 shows peaks detected for raw data and
data smoothed first by the Savitzky-Golay filter, for a given
separation voltage.
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(b) Divide row by maximum value

Fig. 2: Examples of scaling the dispersion plot

(a) Detected peaks from raw, scaled readings

(b) Detected peaks from scaled and smoothed readings

Fig. 3: Examples of finding peaks with smoothed and un-
smoothed data

The last preprocessing step is to create a map of maximum
intensities by binarizing the dispersion plot. This is done by
setting xi,j to 1 for the detected local maxima and to 0
otherwise.

C. Proposed method for anaysis of dispersion plots

The main idea of the proposed method is to isolate α-
curves and extract additional information, such as curvature,
fitted coefficients, locations, amount of α-curves, etc. The α-
curves are isolated by means of clustering, such that each
cluster contains a single α-curve. For each dispersion the
clusterization algorithm is run separately. The number of α-
curves in different dispersion plots varies. The clustering result
can be fed into a classifier directly or in combination with
intensity data.

The advantages of the proposed algorithm are that it pro-
vides more information to classifiers and relies more on
geometrical information, which adds a new dimension to data
analysis.

The main challenge of this method is clusterization accu-
racy. The α-curves are shaped as lines, which makes it hard
to clusterize. Some α-curves are very close to each other,
so the clustering algorithm easily sets them into the same
cluster. However, if the α-curves for a particular chemical are
repeatedly close to each other this could be treated as a feature.

III. APPLICATION ON REAL DATA

The proposed method applied to a dispersion plot of
(-)-Carvone (CAS number 6485-40-1, volumetric concentra-
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(a) Original dispersion plot
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(b) Scaled and smoothed part of the dispersion plot
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(c) Binarized dispersion plot
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(d) α-curves clusterized

Fig. 4: Clusterization of α curves with the proposed method.
Results in subfigure 4(d) are based on agglomerative clustering
with L1 norm. Using L2 norm instead yields same clusters.

tion 1/100, diluted with propylene glycol) is depicted in Figure
4. From the original dispersion plot in Figure 4(a) (same
as in Figure 1(a)) the area marked with the white rectangle
was cut. As can be seen from Figure 4(b), ion separations
occur inside the white rectangle. The area outside the rectangle
does not contain useful information [11]. Next, each row was
divided by the maximum value of this row (Figure 4(b)). For
smoothing Savitzky-Golay filter (window size 11, 3rd order
polynomial) was used. The binarization was performed (Figure
4(c)) using a peak finding algorithm. The coordinates of peaks
were clustered using agglomerative clustering.

The agglomerative clustering algorithm was run with L1 and
L2 norms as distance metrics and number of clusters set to 6.
Dissimilarity between clusters was chosen as the minimum
distance between all points of two clusters. Both L1 and L2
norm yielded the same clusterization, shown in Figure 4(d).

IV. DISCUSSION

This paper proposed an approach for clustering α-curves
contained in dispersion plots of Differential Mobility Spec-
trometry measurements. The proposed approach can be used to
extract additional information from the dispersion plot that will
be beneficial for classifying sources of volatile organic com-
pounds. The resolution of dispersion plots can be increased by

reducing the scanning range of separation and compensation
voltages to the values depicted within the white rectangle
in Figure 4(a). The initial test results using agglomerative
clustering are promising. Next the algorithm will be tested with
a larger dataset consisting of several chemicals with various
dilution levels. This extensive dataset will be used to evaluate
techniques for automatically determining the number of clus-
ters to be analyzed in the dispersion plot. The first analyses of
several chemicals have shown that the ideal number of clusters
varies between measurements. In addition to Agglomerative
clustering, other clustering techniques will be tested with the
new dataset and their performances will be compared. We will
focus on tree algorithms that are more robust to line-shaped
patterns [10, p. 340-342]. Finally, the clustering approach will
be tested for classification of chemicals. The classification will
be done either based on the results of the clustering approach
or by using the clustering results as features in supervised
classifiers.
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