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Use of Velocity Vectors for Cell Classification
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Abstract—This study reports a novel cell classification method
based on the observation of trajectories that cells inside a
fluidic chamber follow under an externally applied acoustic
field. Proposed method is significant both as a cell classification
method and as a method for characterizing the motion of various
cell lines under different surface acoustic wave patterns. The
difference is mainly due to the characteristic differences of cells
such as mass, surface adhesiveness, cell stiffness and cellular
volume. We discuss the mechanisms that affect the interaction
between human colon carcinoma cell line (HCT116), human
umbilical vein endothelial cells (HUVECs) and leukocyte cells and
surface waves. Classification performance is tested using SVM,
max-likelihood and MLP methods and accuracy, sensitivity and
specificity values are reported for each. The results indicate that
the method can be used as a powerful classifier particularly for
cells that are hard to distinguish visually. It is observed that
for a given frequency, the motion characteristics of different
cell lines differ due to the difference between their mechanical
properties for that particular line. This observation can be
utilized for the development of a frequency based predictive
cell manipulation method that is able to target specific cells
using their characteristic frequencies. We discuss the potential of
the proposed acoustic stimulation method as a cell manipulation
technique.

Keywords—cell stiffness, digital holography, reactive oxygen
species, 3D image processing.

I. INTRODUCTION

The motion pattern a cell follows when subjected to external
stimuli is an important determinant of its phenotypic charac-
teristic. A high volume of literature exists that deal with cell

classification and characterization using these motion cues.
In recent studies it has been shown that various techniques
including flow cytometry [1], imaging cytometry [2] and
photoacoustic imaging [3] can be used for the purpose of
cell classification. Apart from its clinical significance [4],
cell classification is often a necessary preprocessing step for
cell separation [5] and cell manipulation applications [6].
Classification of cells using these methods has become an
important tool used in biological and biomedical research and
clinical treatment.

Allayous et. al. used velocity measurements from red blood
cells to detect different classes of red blood cells [7]. In
this study, a visual analysis of the movement of red blood
cells inside a fluidic chamber was for cell classification. The
parameters extracted from this visual analysis were velocity,
acceleration, angular deviation, and linearity index. These
parameters were then used to characterize the red cells’
trajectories, cell adhesion and cell-cell interactions. Three
classification methods were used; namely k-means, HAC and
LAMDA classification. They used the classification results to
examine a preliminary profile of the red blood cell rate to
compare vascular disease affected patients with the control
group. However, accuracy of the classification is not specified
in this study.

Ferroudji et. al. used the ultrasound Doppler technique for
the classification of an emboli formed inside a blood vessel [8].
Experiments were done on a Doppler flow phantom containing
a 0.8 mm vessel and Sonovue microbubbles were injected at
a constant flow to imitate the gas emboli ultrasound behavior.978-1-7281-8073-1/20/ $31.00 c© 2020 IEEE
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Classification was done by analysing the backscattered RF
signals using a multi-layer perceptron and radial-basis function
network. The amplitude and bandwidth values obtained from
the RF signals were used as input for these networks. It was
shown that 89.98% and 92.85% classification accuracy was
achieved respectively for the MLP and RBFN models.

Strohm et. al. used a photoacoustic based flow cytometric
methodology to determine the size of cells inside a flow
and classify them according to their size distributions [6].
Determination of the size of a given cell was done by analysing
the spectral density of the acoustic signal emitted when excited
by a pulsed 532 nm laser source. The proposed method was
tested on acute myeloid leukemia cells and melanoma cells.
The determined sizes of these cells were compared to Coulter
Counter results. However, the performance of the system for
cells that have similar sizes is not mentioned.

To the best of our knowledge, there exists no prior study
in the literature that utilizes the difference between cell drift
velocities under acoustic radiation pressure for the purpose
of cell classification. Furthermore, the potential of acoustic
radiation pressure-based cell manipulation that utilizes cell
specific frequencies is not investigated. Such a method holds
the potential to be a promising tool for in-vitro cell manipula-
tion studies. The basis of this method is that the motion profiles
and drift velocities of different types of cells under external
stimuli, exhibit pronounced differences in specific frequencies
due to the differences in their mechanical properties. In this
study, a visual analysis method was developed for classifying
different cell types based on these differences. Motion profiles
of HCT116, HUVEC and leukocyte cells with respective
mean diameters of 17 m, 17.4 m and 13 m, were examined.
These motion profiles were then processed using SVM, max-
likelihood and multi-layer perceptron classifier to assess the
classification performance of the proposed method.

II. MATERIALS AND METHODS

A. Preparation of the Fluidic Chamber

The fluidic chamber structure in which the cells were
cultured was manufactured using PDMS (Sylgard 184, Dow
Corning Corporation). PDMS was mixed with pre-polymer
and curing agent components at a 10:1 (w/w) ratio, respec-
tively. After the mixing step, it was degassed in a vacuum
chamber to remove bubbles for at least one-hour, then poured
onto the glass slide at 6mm height. A 20 mm diameter PZT
transducer was placed into the polymer. PDMS was cured at
60 C for 3 h in an oven and was carefully peeled off from the
glass slide. Once cooled, cured PDMS were cut to create the
fluidic chamber in the size of 10mm x 10mm x 6 mm, located
in front of the PZT transducer. Then, the PDMS structure was
irreversibly bonded to the no:1 glass slide applying oxygen
plasma treatment (Harrick Plasma, USA) at high power, 400
mTorr, for 2 min.

B. Cell Culture Procedure and Addition of Polystyrene Mi-
croparticles

HCT116, HUVECs and leukocyte cells were obtained from
the A. Cell lines were cultured in McCoy’s 5A, Dulbecco’s
Modified Eagle Medium (DMEM) and RPMI-1640 cell culture
mediums supplemented with 10% fetal bovine serum (FBS)
and 1% penicillin-streptomycin at 37C in a humidified 5%
CO2 incubator, respectively. The confluent cells were treated
with phosphate-buffered saline (PBS) and trypsinized using
Tripsyn-EDTA to detach cells from the flask surface. Cells
were centrifuged at 5,000 rpm for 5 min then counted via
Thoma chamber. Subsequently, cells with a concentration of
103 cells/mL were prepared for acoustic drifting experiment.

C. Generation of Acoustic Drifting Forces

Acoustic drifting forces that drive the cell motion are
generated by the acoustic radiation pressure that originates
from the periodic stimulation of a PZT transducer placed on
one side of the fluidic chamber. The particular path a given
cell follows is largely determined by the cell-surface adhesive
forces, cell mass and cell surface area [10]. Several models
of the adhesive forces that govern cell-substrate interactions
exist [11]. A commonly used approach to modelling the cell-
substrate adhesion forces is to use a spring-damper motion
model. A harmonic analysis of these models reveals that
the highest frequency of exposure of a cell to lateral force
varies with the distribution of attachment structures on the
cell membrane. The sinusoidal signal used to drive the acoustic
transducer is generated using a function generator. The optimal
frequency range is found to be around 90 kHz with a 10 kHz
window. The amplitude of the signal generated by the function
generator is 2V with an output impedance of 50 Ohm. This
signal is then amplified to 100 V range using the voltage
amplifier and fed into the acoustic transducer.

D. Cell Motion Tracking

The movement of the cells is captured by a CCD camera
connected to an inverted microscope (Olympus IX73). The
tracking of the cells consists of two stages. The first of these
is to mark the cells taken into video using image processing
algorithms and the second is to classify the marked cells using
machine algorithms. In order to detect cells and track their
movement we use a set of morphological operations to find
feature points on the cell surface for consecutive frames. The
small noisy regions are removed by filtering out regions below
and above a certain range. This method proved to be a simple
but effective method once the parameters are fine tuned for
the cell lines that are to be classified.

E. Classification of Cell Motion

Position vectors obtained from the cell motion tracking
algorithm gave us the motion profiles of single cells for
different cells lines. We have found that the mean acceleration
value extracted from this position vector provides a high
classification performance and is simple to implement. In light
of this observation, to classify cells according to their motion
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Fig. 1: The classification results obtained from the trained classifiers. The sample points are marked according to the ground
truth labels and the regions are generated using the classifier results. The accuracies for SVM, max-likelihood and multi-layer
perceptron model were 89.45%, 90.9% and 96.8% respectively.

profiles, we extract the mean acceleration from a given cell
trajectory and use this value to detect the class a given cell
belongs to. For classification we compare the performances of
SVM, max-likelihood and multi-layer perceptron classifiers.

SVM Classification: In order to train the SVM classifier we
first created a training dataset with a randomly selected subset
of the complete data. Subsequently, for each class we train a
binary SVM classifier with the samples from that particular
class marked as positive and all the other samples marked as
negative. A given test sample is marked as the class with the
highest positive class score.

Max-Likelihood Classification: For the max-likelihood
classifier we assumed a Gaussian distribution and for each
class we determine a mean and deviation value. Then, for a
given cell we calculate the class likelihood for each class using
the following expression

f(x, µn, σn) = 1
√

2πσ2
nexp(−(x− µ)22σ2

n) (1)

where n is the class index and x is the mean acceleration value
for that particular cell.

Multi-Layer Perceptron Classification: Artificial neural
networks perform learning by adjusting the link weights be-
tween neurons located in each layer. In the method used, the
number of hidden layers varies according to the complexity of
the data. Therefore, 1 hidden layer was used. Using this layer,
the optimization of parameters was made easier.

III. RESULTS

Experiments were conducted on HCT116, HUVEC and
leukocyte cells using the aforementioned configuration. The
experimental setup consisted of a function generator that is
used to generate the high frequency signal that drives the
acoustic transducers. This signal was amplified by a voltage
amplifier and fed into the acoustic transducer. The optimal
frequency was determined empirically by observing the mo-
tion of the cells for different frequencies and detecting the
frequencies for which the displacement values were greater.
Using this method, we determined the optimal frequency as
90 kHz.

The difference in the mechanical properties of different
cell lines cause their motion patterns to differ as well. This
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characteristic is due to the different mechanical properties as
stated in in the previous section and is one of the main advan-
tages of the proposed method compared to the classification
methods that are based purely on visual appearance. Though
these patterns have a frequency dependent distinction, the most
obvious parameter that will allow classification was found to
be the acceleration values across different cell lines. Towards
this end, we extracted the acceleration amplitudes for each cell
and created a dataset that consisted of 60 samples from each
cell line1.

When the results of the experiment are examined; Different
drift velocities and drifting patterns of leukocytes, HCT-116
cells and HUVEC cells are clearly seen on the graph. Cell
stiffness is a parameter closely related to the motility of
the cell. Besides, different cytoskeletal structures and nu-
cleus/cytoplasm ratios of the cells are important mechanical
properties that can affect the stiffness and therefore the motility
of the cells. This difference between the drift velocities and
drifting patterns of the cells can be explained by the unique
mechanical properties of the cells.

Using this dataset three different classifiers were trained and
tested. The training dataset was created by randomly selecting
70% of the samples and the rest was used for testing. Classi-
fication results obtained from the trained model are given in
Fig. 1. The accuracy obtained from the SVM, max-likelihood
and multi-layer perceptron networks were 89.45%, 90.9% and
96.8% respectively. The results are comparable with state-
of-the-art methods that use various imaging modalities [12].
Furthermore, the proposed method is based on acousto-fluidic,
label-free technique which can be applied without staining or
otherwise compromising the viability of the cells.

The results indicate that the proposed method of measuring
acoustic drifting profiles for classifying cells can be effec-
tively used for practical applications. Particularly, the proposed
method is advantageous for distinguishing morphologically
similar cell lines. One such potential application could be
the detection of melanoma cells in a melonacyte cells. This
method could be used to determine the adhesive characteristics
and in combination with a cell-substrate interaction model
could be used to determine the developmental stage of a given
cell. Further investigation of the frequency dependent drifting
profiles could allow the development of unique frequency
modulated acoustic based cell manipulation methods.
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