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ABSTRACT 

 

Cancer is arguably one of the most dangerous diseases and the major causes of death in the modern day. It 

becomes increasingly harder to treat and cure the disease as it makes progress. Detecting cancer at an early stage 

can help in preventing it from affecting an organism. However, it is very hard to detect at an early stage. The best 

possible way to tackle this disease is to first study it at a cellular level. This study aims at identifying various 

phenotypic traits of these cells in the Dielectrophoresis (DEP) based microfluidic device experimental setup and 

subsequently classifying the cells from the rest. A general framework for automatic labeling, identifying and 

classifying the malignant from the dead cells is developed in this work. The framework shows a top-down 

approach starting from static background subtraction, tracking, automatic labeling, feature extraction and finally 

classification. The data used in this work are videos of live and dead human prostate cancer (PC-3) cells flowing 

through the microfluidic device. Previous studies have shown that there are significant differences in 

morphological attributes between cancerous and non-cancerous cells. We focus mainly on shape, texture and 

geometry as the prominent attribute in our work and subsequently use them for classification. In this work we 

obtain good tracking results through optical flow as compared to previous work. For classification, linear 

classifiers such as logistic regression and linear Support Vector Machine (SVM) showed decent results. The 

machine learning algorithms use Histogram of Oriented Gradient (HOG) features plus the elliptical features as a 

combined feature vector. The elliptic features branch out this study to another direction that is useful in calculation 

of physical properties such as the cell elasticity through video processing and we propose a model for the same 

for the given setup. Currently, the elasticity of a single cell is calculated using expensive and time consuming 

procedures such as the atomic force microscopy (AFM). Using our framework, we can potentially obtain elasticity 

for a batch of cells in much less time. Also, our cell classification algorithm procedure is suitable for real time 

applications and can be a proposed futuristic concept for selective killing of cells.  
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GENERAL AUDIENCE ABSTRACT 

 

Cancer is one of the most dangerous disease and a major cause of death in the modern day. It becomes increasingly 

harder to treat and cure the disease as it makes progress. Detecting cancer at an early stage can help in preventing 

it from affecting an organism. However, it is very hard to detect at an early stage. The best possible way to tackle 

this disease is to first study it at the cellular scale. Our study aims at identifying various characteristics of these 

cells from videos recorded in a dielectrophoresis (DEP) based cell sorting setup. A general framework for 

identifying and classifying the malignant from the dead cells is developed in this work. We use computer vision 

algorithms for detection, tracking and analyzing characteristics of the cells. We use these characteristics to classify 

the cells into live and dead with an accuracy of 95% using standard classification algorithms used in machine 

learning such as support vector machine and logistic regression. The study of such properties of the cells also 

enables us to propose a model to estimate Young’s modulus of elasticity of the cells. Currently, time consuming 

techniques such as the atomic force microscopy (AFM) are being used to determine the elasticity of a single cell 

at a time. Using our work, we can potentially obtain elasticity for a batch of cells in much less time. Our cell 

classification algorithm procedure is suitable for real time applications and can be a proposed futuristic concept 

for selective killing of cells. 
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Chapter 1 

Preface 

 

1.1 Introduction 

Analyzing phenotypic traits of different types of cells is a trending research area. Phenotype is the observable 

external characteristics of an organism that is a result of interaction of the genotype with the surroundings. For 

example, previous studies show that there are significant morphological differences in a cancerous and a non-

cancerous cell. In our study we focus on analyzing phenotypic traits of such cells based on shape, size and texture 

in images. We also study about elasticity of cells and propose a model to calculate the same using the experimental 

setup shown in chapter 3. Such properties could be very useful in determining which type of cell we are dealing 

with. A study [20] showed that there are observable differences in cell membrane shape when viewed under a 

microscope. Other properties such as the nucleus size and shape also differed between two classes of cells such 

as shown in [20, 21, 29]. Analyzing the phenotype of a cell has the same importance as studying a genotype. 

However, it is much more convenient and less expensive to study.  

A lot of current research is aimed at analyzing properties of microscopic cells [11, 38]. Experiments involving 

the dielectrophoresis and microfluidic device have also been studying various types of cells based on phenotype 

[11, 10]. There are excellent works that show cell group separation on certain fluid flow rates and that certain 

cells respond to specific frequencies of electric fields [6]. Such experiments have been frequently used for cell 

counting, sorting and research. Using phenomena such as dielectrophoresis, we can potentially sort and classify 

cells based on phenotypes – even for cells under the same genotype. This research is especially useful for studying 

cancer cells and classifying them from benign or even from cells at different stages of cancer. One of the main 

difficulties faced in cancer treatment is that of identifying the tumor initiating cells (TIC) and then prescribing 
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the appropriate treatment. Such cells have a high degree of overlap in properties among different types of benign 

and malignant cells. By using a phenotype based profiling and differentiating platform, we can identify the TICs 

faster than the current techniques. Our work shown in this thesis could potentially be such a platform that can 

revolutionize the current methods of disease treatment.  

In other cell identification methodologies, biomarkers are frequently used to detect and characterize cells. 

Biomarkers are usually fluorescent substances that highlight the cells and are used for monitoring protein activity 

in the cellular level that are linked to progression of a disease. Certain cells have surface antigens that do not 

attract biomarkers. Morphological or a phenotype analysis can be a way around for identification or sorting of 

such cells. Experiments involving dielectrophoresis based microfluidic devices can be effectively utilized to study 

phenotypes of such cells. In our work we show how this setup can be utilized in a non-traditional way and suggest 

some futuristic utilities and possibilities.                   

 

1.2 Motivation & Contribution 

The main motivation for pursuing this work is that a computer aided classification framework, when combined 

with the DEP experimental setup from Dr. Davalos’ lab (Bioelectromechanical systems lab), can open up new 

horizons and give a new direction to disease treatment. This setup can not only be used for physical cell separation 

but potentially also for real time video based cell phenotype identification, classification and calculating 

mechanical properties such as cell elasticity. Much of the previous research either involved processing images of 

different types of cells for data collection and classification [12], or physical separation of cell phenotypes through 

micro-fluidics, flow cytometry [11], dielectrophoresis [4], optical tweezers [44], etc. Our experimental setup, as 

explained in chapter 3, is a combination of image based phenotype analysis and physical cell separation. The cells 

travelling through the microfluidic device can be physically separated through dielectrophoresis and the video-

recordings of the cell behavior in the device encourages us to develop a software framework for identification 

and classification of cell populations in real-time. In this work we primarily focus on developing a strong 

foundation for a complete software framework for cell tracking, segmentation, feature extraction/data collection 

and classification. This framework can be cascaded with the existing setup to give a drastic boost to its utility.  

The main contribution of this thesis is a complete framework for segmentation, tracking, feature extraction and 

classification of the cells. This further branches out to showing a good utility of the DEP setup, which is to 

calculate properties such as the elastic modulus of the cells. This application is a potential improvement to the 

previous techniques such as the Atomic Force Microscopy (AFM) for determining the elastic modulus of cells. 

AFM based technique is expensive and time consuming. We also propose futuristic applications of our cascaded 

setup which can potentially give a new direction to the existing treatment methods of diseases such as cancer.  
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1.3 Thesis Organization          

This thesis is organized into nine chapters. Each chapter, apart from the first chapter, starts with relevant 

introductory literature survey. We start by discussing background of cell morphology, physics and dynamics 

useful for this experimental setup and our research. The most important concepts relevant to our application are 

fluid dynamics, contact mechanics and cell morphology. In chapter 3 we have a brief discussion of the 

experimental setup and the design of the micro-fluidic device. Chapter 4 is the crux of this thesis. It explains the 

framework in a top-down approach discussing every concept used and how they have been applied to our data. It 

starts by giving a generic overview of the framework as a block diagram and moves to describing each block in 

separate sections. This includes segmentation, tracking, automatic class labeling, feature extraction and 

classification. In chapter 5 we discuss the important features that further explain the morphological aspects of the 

cells and also branches out the thesis to calculation of Young’s Modulus of Elasticity which is described in chapter 

6. Chapter 7 is fully based on qualitative and quantitative evaluation of the framework and the algorithms within. 

We finally conclude with a summary of our work and with useful suggestions for future work.            
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Chapter 2 

Background information 

 

2.1      Cell Morphology and Phenotype 

A lot of study has been conducted on the external morphology of different types of cells. Works such as [1, 2, 3] 

show that malignant and benign cells have differences in elastic properties under same circumstances. For 

example, certain cancer cells are soft and spongy and show irregular shapes [3]. Their nuclei have irregular shapes 

and are larger than nucleus of a benign cell [29]. The benign cells are compact and tend to retain shape. They 

have well defined cell membranes and are semi-permeable. Such differences have been a major motivation for 

cell separation through flow cytometry [11], dielectrophoresis and cell manipulation and separation techniques 

such as optical tweezers [44].  

Dielectrophoresis has been shown to be one effective method for separating cells of different populations [6, 33]. 

In these experiments the cells are passed through a microfluidic device. The cells gain momentum from the fluid 

flow in the device. Electrodes in the device manipulate the cells through electric field at different frequencies. As 

an example, malignant cells tend to stick to posts when an electric field of certain frequency is applied. However, 

the dead cells do not respond to such frequencies. There is some degree of overlap between two sub classes of 

cells, for example, circulating tumor cells CTCs [28] and benign cells. Such overlaps make it difficult to separate 

such populations.  

Fluid dynamics makes up an essential part in our experimental setup to calculate physical properties such as 

elasticity. Extensive details about tumor cell morphology are shown in [20]. They show that cancerous cells have 
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intensely colored or, on contrary, a pale cytoplasm along with irregular sizes and shapes and differences in tissue 

surface texture. They also show prominent differences in organelles of the cell such as in mitochondria, golgi 

apparatus, etc. Another work [38] analyzes phenotypic differences from microscopy images using transport based 

morphometry. They show how feature descriptors in image processing are useful for differentiating the cells. 

They show an automated approach that combines some of the statistical pattern recognition techniques along with 

the mathematics of optimal mass transport.  

Information about differences in cell morphology is utilized in our work for classifying two types of cells. We 

primarily keep ourselves limited to differentiate cells based on shape and size characteristics. We use feature 

descriptors such as histogram of oriented gradients (HOG) and ellipse fitting to classify cells purely based on 

geometrical shape and surface texture. Our data uses relatively low quality data in terms of resolution, frame rate 

and magnification which is easier to obtain and computationally faster to process through software. The next few 

sections have a formal introduction to the concepts and mathematics that were useful for our research.        

 

2.2      Fluid Dynamics 

In a microfluidic device, the cells (Figure 1) gain momentum due to the fluid flow and hit the cylindrical posts. 

The cell(s) under the influence of the fluid flow experience drag due to dynamic viscosity of the fluid in the 

direction of fluid flow.  

 

Figure 1. Illustration of a cell (in red) moving in a creeping fluid flow (from left to right). Source: Wikipedia (fair use). 

 

Considering creeping flow, the expression for resultant force on a spherical particle (a cell) will be given by the 

Naiver-Stokes’ equation: 

 

𝑚𝑐

𝑑𝑣𝑐

𝑑𝑡
=  6𝜋𝛾𝐹𝑅(𝑣𝐹 −  𝑣𝐶) + 𝐹𝑠 (1) 
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where γ𝐹 is the dynamic viscosity of the fluid, 𝑅 is the radius of the spherical particle, 𝑣𝑐 is the velocity of the 

cell/spherical particle, 𝑣𝐹 is the velocity of fluid flow, 𝑚𝑐 is mass of the cell (assuming uniform mass density) 

and 𝐹𝑠 includes other external forces (such as gravity, etc.) on the cell, assumed to be constant and zero later in 

the thesis (chapter 6). It is assumed that the cells move nearly in a straight line between the cylindrical posts. The 

magnitude of resultant velocity and scalar speed will thus have the same value between consecutive frames.  

Upon solving the above differential equation (1) we can obtain an equation for velocity of a spherical particle 

under the influence of fluid flow. This time dependent equation is given by: 

 

The force expression 6𝜋𝛾𝐹𝑅(𝑣𝐹 − 𝑣𝐶) in (1) is the Stokes’ drag (Stokes’ force or the viscous drag) [47]. Further, 

we consider the cell as an oblate spheroid because of lack of information of depth axis of the cells. Oblate spheroid 

is an ellipsoid in which two of the three principal axes are equal as shown in Figure 2. Moreover, we assume that 

the major axis of the cell is aligned with the direction of fluid flow between the cylindrical posts. As shown in 

[45] the force expression will then be given by: 

where 

 

where 𝛽 is the ratio of semi-major axis 𝑎 of the cell to the semi-minor axis 𝑏. 

 

Figure 2. A spheroid moving in direction left to right. The major axis is aligned to the direction of fluid flow which is same as the 

horizontal axis. 

𝑣𝑐 =  (𝑣𝑐𝑖 − 𝑣𝐹 −
𝐹𝑠

6𝜋𝛾𝐹𝑅
)𝑒−(6𝜋𝛾𝐹𝑅 𝑚𝑐⁄ )𝑡 + 𝑣𝐹 +

𝐹𝑠

6𝜋𝛾𝐹𝑅
 (2) 

 𝑚𝑐

𝑑𝑣𝑐

𝑑𝑡
= 6𝜋𝛾𝐹𝑎𝐾(𝑣𝐹 −  𝑣𝐶) + 𝐹𝑠 (3) 

𝐾 =  (
8

3
)

(𝛽2 − 1)

𝛽(3𝛽2 − 2)

√𝛽2 − 1
tan−1(√𝛽2 − 1) − 𝛽

 (4) 
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It is assumed that 𝑣𝑐𝑖 is the initial velocity of the cell. This equation implies that the cell velocity, after a large 

time frame, will equal the non-exponential term of the above expression given for velocity. Gravity and other 

external forces are not considered in our work. There is no information about the depth at which the cells move 

in the microfluidic device. Effects of gravity, although negligible, can be included to explain the cell dynamics 

along the depth axis. The above equations are sufficient to describe a suitable and simple model of the cell 

dynamics in the experimental setup, and the relevant variables are derived through video processing.            

 

2.3      Applied Mechanics 

The elasticity of cells is considered to be a good characteristic property for differentiating their phenotype. For 

example, as shown in [3], some cancerous cells are softer than their benign or non-malignant counterparts. We 

utilize the Hertz model for analyzing the contact mechanics that occur in our system between the pillars and the 

cells [1]. In the given micro-fluidic device experiments [4], the cells and the posts form a sphere – cylinder contact 

model and have an elliptic contact surface area with eccentricity 𝑒. For an indentation 𝑥 on the sphere due to 

hitting a pillar [5], the model equation is given as follows: 

 

where 𝐹 is the force causing the indentation and 𝑄 and 𝛼 are given by the following expressions for a Poisson’s 

ratio of 0.5: 

 

where 𝑎 is the semi-major axis of the cell and is considered here as equivalent diameter of a sphere. 𝐸 is the 

Young’s Modulus of elasticity of the cell coming in contact with the cylindrical pillar. As shown above, the 

expression for the indentation is dependent upon elliptic integrals of first and second class that do not have a 

closed form solution. They are dependent upon the value of 𝑒 and usually approximated as power series in terms 

of Legendre polynomials.  

𝑥 =
2𝑄𝐹

𝛼
 ∫

𝑑𝜃

√1 − 𝑒2 sin2 𝜃

𝜋/2

0

 (5) 

𝑄 =
9

16𝜋𝐸
 (6) 

𝛼3 = 2𝑄𝐹𝑎 ∫
sin2 𝜃 𝑑𝜃

√1 − 𝑒2 sin2 𝜃

𝜋/2

0

 (7) 
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Such models are very rare and hardly used in practice [5]. Thus, we estimate the contact mechanics as a sphere-

sphere collision model as shown in [1, 2, 3] which could provide us with close to ideal results. This model is 

practical and widely used in atomic force microscopy (AFM) experiments.       

The setup used to study the cells can be used for very interesting applications such as to calculate elasticity of the 

cells. Currently AFM is put to use for calculating physical properties of cells as shown in works like [1, 2, 3]. It 

takes a long time and care to calculate the elastic modulus of cells using this technique. Typically, the AFM 

techniques use conical, parabolic and spherical indenters to poke the cell and obtain measurements of elasticity 

based on the indentation. Our setup has better prospects of doing the same task for multiple cells in a short period 

of time. The elasticity of the cells is estimated here using the Hertz contact model for two spheres of unequal sizes 

for a Poisson’s ratio of 0.5.  

The Hertz model for elasticity for two colliding spheres is given by: 

 

where 𝐸 is the Young’s modulus of elasticity of a cell, 𝑅 is the radius of a cell just before collision, 𝑅𝑝 is the 

radius of the pillar/posts, 𝑥 is the indentation caused on the cell due to the normal force 𝐹 upon hitting the rigid 

pillars.  

For a cell hitting a rigid flat surface, the expression in (5) remains the same apart from the equivalent radius which 

is simply replaced by the cell’s radius as 𝑅𝑝 → ∞. The force acting on the cell is mainly the Stokes’ force obtained 

from the Naiver-Stokes’ equation for creeping flow. In later chapters we will see how we can calculate the above 

values using video processing.  

For a more detailed analysis, we also investigated the sphere-cylinder Hertz contact model for the cell and pillar 

linking it to an expression given in [5]. The expression for indentation caused by the force arrives at a non-

converging elliptic integral. However, we can conclude that the indentation on the cell, as given in the previous 

section, has an exponential relation to the Young’s modulus of elasticity for an ellipsoid-cylinder contact model. 

The equations in the previous section show that elasticity of the particle or body can be described with its 

dimensions just before the collision occurs and indentation upon collision. All forces in this experiment are 

considered to be along the horizontal axis (𝑥-axis). Forces along the vertical axis (𝑦-axis) are negligible 

throughout the collision instances because majority of the forces caused due to the fluid flow is along the 

horizontal axis in the assumption of a creeping flow. In chapter 6, we discuss more about the Hertz model and 

how it can be applied to the system to calculate elasticity.  

𝐹 =
16

9
 𝐸√

𝑅𝑅𝑝

𝑅 + 𝑅𝑝
 𝑥3/2  

(8) 
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2.4      Dielectrophoresis 

Dielectrophoresis is a phenomenon (shown in Figure 3) in which force is exerted on a dielectric particle under 

the influence of a non-uniform electric field. It is highly dependent on the dimensions, polarizability of the 

dielectric particle and frequency of the electric field and does not require the particle to be charged unlike 

electophoresis. Dielectrophoresis has shown to be an effective method for cell separation or isolation as shown in 

[4, 6, 36]. This phenomenon is very useful for selective isolation of different populations of cells. This is because 

different populations of cells respond to different frequencies of electric field. Although some degree of overlap 

is seen in some of the sub-populations of cells which makes it harder to separate. Our work utilizes 

dielectrophoresis to analyze and record characteristics of cells in the setup.      

 

Figure 3. Image showing positive and negative DEP force in a) and b). Courtesy [46] (fair use). 

A simple model to define the dielectrophoretic force is to assume the particle under influence to be a homogenous 

sphere which is surrounded by a conducting dielectric medium. As shown in [4], for a sphere of radius 𝑅 in a 

medium with complex permittivity 𝜖𝑚 the time averaged dielectrophoretic force is given by: 

 

where ∇|𝐸𝑟𝑚𝑠| represents the local field gradient, 𝑅𝑒[] represents the real part and 𝑓𝐶𝑀 is the frequency dependent 

Clausius-Mossotti factor given by: 

 

where 𝜖𝑚 and 𝜖𝑝 are the complex permittivity of the medium and the particle, respectively. The complex 

permittivity is defined as follows: 

< 𝐹𝐷𝐸𝑃 > = 2𝜋𝑅3𝜖𝑚 𝑅𝑒[𝑓𝐶𝑀]∇|𝐸𝑟𝑚𝑠|2  (9) 

𝑓𝐶𝑀 =  
𝜖𝑝 − 𝜖𝑚

𝜖𝑝 + 2𝜖𝑚
 (10) 
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where 𝜎 is the conductivity of the material, 𝜀𝑟 is the permittivity and 𝜔 is the frequency.  

A similar expression for dielectrophoretic force can be given for particle with shapes of ellipsoids of revolution 

(or spheroid). An expression for a field aligned oblate spheroid with two equal principal axes gives us a more 

general version of the time dependent force: 

 

where 𝑎 is the semi-major axis of the spheroid and 𝑏 is the semi-minor axis.  

Dielectrophoresis is mainly used for analyzing electrical properties of the cells. These are useful measures of cell 

phenotypes, which can be used for classification and separation. For example, measuring particle velocities in the 

electric field gradient can be used to characterize sub-populations of cells that otherwise show common properties 

of belonging to the same family. The Clausius-Mossotti factor determines the effective polarizability of the 

particle. It is dependent upon the frequency of the applied electric field and ranges between +1 to −0.5 and holds 

true for spherical particles. The direction of force is dependent upon the sign of the CM factor. The DEP 

experiments usually involve analyzing cell responses to changing frequencies and voltage applied. The cross-

over frequencies of positive and negative DEP forces is of keen interest. This could be a useful measure of type 

of cell under consideration especially within the same type of population (e.g., stages of cancer cells). In later 

chapters we will see how dielectrophoresis is utilized for feature extraction and automatic class labeling of cells 

in the microfluidic device.  

 

 

 

 

 

 

 

 

𝜖 =  𝜀𝑟 − 𝑗
𝜎

𝜔
 (11) 

𝐹𝐷𝐸𝑃  =
𝜋𝑎2𝑏

3
𝜖𝑚 𝑅𝑒 [

𝜖𝑝 − 𝜖𝑚

𝜖𝑚
] ∇|𝐸|2 (12) 
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Chapter 3 

System setup 

 

3.1      Introduction 

Dielectrophoresis [35] has been an extensively used as a technique for cell separation and isolation. For utilization 

of this phenomenon an experimental setup is designed by many researchers, which is usually a pillar based micro-

fluidic device, and cells are passed through it with the help of a buffer fluid at a certain flow rate. One such work 

is shown in [7] which shows the fabrication process for creating microchannels in the microfluidic device. The 

device is used for controlling xylinum cells through dielectrophoretic forces in the microchannels. Another work 

[4] shows an extensive discussion of their design of microfluidic device. Their setup is primarily used for selective 

isolation of live and dead cells through contactless dielectrophoresis. They present two microfluidic devices 

capable of separating live leukemia cells from dead cells utilizing their electrical properties.  

In [33] the researchers design a microfluidic chip of the same order as the size of the cells. They show that these 

cell-scale structures improve viability, trapping efficiency and throughput while reducing pearl chaining [36]. In 

their work it is shown that only one or two cells are trapped around the pillars (or posts) and the rest are carried 

away by fluid flow. There are improvements in viability of off-chip cell collection and analysis. Another great 

advantage of using smaller pillars is for its application in our work through our classification framework and 

physical quantity evaluation. If only one cell hits a particular pillar at a time, it becomes easy to target a specific 

cell and analyze its properties through video processing. The pillar array based microfluidic device can thus be 

extended to analyzing multiple individual cells hitting multiple respective pillars. Earlier works [36] showed how 

the contactless dielectrophoresis (cDEP) was designed by electrodes not being in contact with the sample fluid. 

Electrodes are capacitively coupled to a fluidic channel through dielectric barriers. Application of high frequency 

electric fields to these electrodes induces electric field in the channel. Further, a recent work [37] shows an 
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alternative cDEP design to facilitate cell isolation for identification by Raman spectroscopy. This study presents 

an alternative way to fabricate a cDEP device allowing for higher operating voltages, improved replication, and 

the opportunity for analysis using Raman spectroscopy. In this device, channels were formed in fused silica rather 

than PDMS. The device successfully trapped 3.3 µm polystyrene spheres for analysis by Raman spectroscopy. 

The successful implementation indicates the potential to use cDEP to isolate and identify biological samples on 

a single device.    

There is more such research that shows design of an ideal cDEP based microfluidic device. For our work, we 

found data in [33] to be a good option for video based classification and other useful applications such as 

developing a model for calculating Young’s modulus of elasticity of the cells. Video based detection and 

classification would become much harder for cases where there are clusters of cells collected around the post or 

overlapping each other. The next section gives a brief introduction about the experimental setup and the devices 

used to collect raw videos that have been used in this thesis.   

 

3.2      Experimental Setup 

The experimental setup to obtain the data is similar to that shown in [28] (Figure 4). It mainly consists of a 

function generator, oscilloscope, amplifier, the fluid pump, microfluidic-device and a microscope. The function 

generator is used to generate signals of the required frequency and for turning on the DEP field. The frequency 

of the signal is monitored using an oscilloscope and is amplified using an amplifier. The pump station is 

responsible for inlet of the fluid and the required cells. The fluid flow rate is set at a value sufficient enough that 

the cells collide with the insulated pillars in the microfluidic device.     

 

Figure 4. Image showing the system setup. Courtesy [28] (fair use). 
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The microfluidic chip is shown in Figure 5. The average dimensions of a chip are 50mm x 75mm. Internally, it 

consists of posts or pillars which are 20-100μm diameter [33]. The DEP field gradient is largest around these 

posts. To explain the response of cells in simple words, the ones that respond to the DEP field are dragged towards 

the posts and the cells that do not respond are simply carried away by the fluid flow. There are cell reservoirs or 

syringes that store the required type of cells and mix them with the fluid so that they flow through the device.  

 

Figure 5. The microfluidic chip. The average dimensions of a chip are 50mm x 75mm. Courtesy [31, 32] (fair use). 

The microfluidic device and the pillars are same as shown in [33]. Figure 6 shows the 100μm and 20μm pillars 

as visible in a microscope. It shows the instances when the DEP field is ON and cells are attracted to posts. The 

microfluidic chips are made layer by layer through lithography. Each layer has thickness in the order of 

micrometers. More details for the design can be found in [4, 33, 34].  

 

Figure 6. Image on the left shows 100μm pillars and the one on the right shows 20μm pillars. Courtesy [33] (fair use). 

The inflow and outflow of the fluid and cells is controlled by a pump station. The pump regulates the fluid flow. 

In our experiments, fluid flow is set to a suitable value that causes the cells to move and hit the posts to cause 

some degree of deformation in their walls. During this process, videos are recorded from a microscope (shown in 

Figure 7) and used for further processing. The cells separate and exit out to a collector. There are two separate 

collection chambers in which two sorted populations of cells are collected [31]. 
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Figure 7. The microscope used for video data collection [33] (fair use). 

In this project, the camera quality of the microscope is of utmost importance. The accuracy of algorithms and 

software designed is dependent upon the resolution, frame rate and magnification of images recorded using this 

video recording device. The camera specifications are given below: 

 Mega Pixels: 3.3 

 Sensor: ½” CMOS 

 Max Resolution: 2048x1536pixels 

 Scan Area: 6.55mm X 4.6mm 

 Pixel Size: 3.2umx3.2um 

 Color: 24Bit 

 Data Format: JPEG 

 OS: Windows 7, 8.1 

 Compatibility: USB 2.0 

 Power supply: via USB 2.0 

 Fps: 30 frames per second 

 

3.3      Raw Data & Tools Used 

The microscope is an integral equipment for raw data collection. In this thesis the cells that are being used are the 

PC-3 cells which are the human prostate cancer cell line. These cells are extensively used in investigating the 

biochemical changes in advanced prostatic cancer cells and in assessing their response to chemotherapeutic 

agents. These cells have a high metastatic potential. From a morphological point of view, electron microscopy 

revealed that PC-3 show characteristics of poorly-differentiated adenocarcinoma. They have features common to 
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neoplastic cells of epithelial origins, such as numerous microvilli, junctional complexes, abnormal nuclei and 

nucleoli, abnormal mitochondria, annulate lamellae and lipoidal bodies.  

The camera records videos of these cells moving through the microfluidic device, and we use these videos as our 

raw data for the framework. The videos were obtained from Dr. Davalos’ lab (Bioelectromechanical Systems Lab 

at Virginia Tech). Example frames from these videos are shown in Figure 8. These videos are named ‘video 1.avi’ 

and ‘video 2.avi’. They are in AVI format (AVI stands for Audio Video Interleave). Video 1 has 936 frames and 

video 2 has 190 frames. They are 30 fps videos with a resolution of 864x648. The camera captures JPEG (Joint 

Photographic Experts Group) images, which is a commonly used lossy image compression format. These cell 

sizes are in the range of 10-25 μm diameter. The two cell populations are colored green and red, which correspond 

to PC3+ and PC3− cells. The +/− symbols denote live (malignant) and dead respectively. The cells in the video 

are a heterogeneous set of cells which could have sub-populations of malignancy. However, in our work we only 

divide the data into cancerous (the green cells) and dead (the red cells). In our algorithms, we do not consider 

color (green and red) as a characteristic feature to differentiate the cells. Cell color is simply due to staining and 

is useful for enhancing contrast of the cell and its components when viewed under a microscope. One can extend 

this work to identifying sub-populations of cells (e.g, stages of malignancy) using other extensive properties such 

as the extent of response to DEP field. For accomplishing our task, we primarily used MATLAB in which most 

of the framework has been implemented. We make use of FIJI [43] for analyzing ground truth and evaluation of 

algorithms. 

              

(a)                                                                                  (b) 

Figure 8. Data sets used in this work: (a) Video 1. (b) Video 2. 
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Chapter 4 

The proposed framework 

 

4.1      Introduction 

The framework proposed in this thesis is a software based system for identification and classification tasks, 

especially when combined with the experimental setup described in chapter 3. This framework is the crux of the 

whole thesis and can potentially take the existing DEP separation technology to a new level.  

There are previous works that analyzed different types of microscopic image data on cellular organisms. One 

such work is shown in [8] where they study neuroblastoma – a cancer frequently occurring in children. Image 

analysis techniques were applied in this study to histological images of haematoxylin and eosin stained slides. 

Texture features were analyzed from the slides and 87.88% of classification accuracy was reported. Another 

recent work shown in [9] used the conventional deep neural network in label-free classification of cells. The work 

shows integration of feature extraction and deep learning with high-throughput quantitative imaging enabled by 

photonic time stretch [48], achieving an accuracy of 95.5% in label-free cell classification. They compare different 

classification algorithms like the logistic regression, support vector machine and the artificial neural network to 

classify white blood T-cells and colon cancer cells. Similar to [11], they make use of techniques in imaging flow 

cytometry to extract optical and geometric features. As compared to these works, we have shown that the pillar 

based microfluidic device allows for a less expensive and less time consuming means to extract image features 

temporally. More importantly, our work is the next generation of the most recent work shown in [32], in which 

comparison of blob detectors and trackers was performed. Our work not only shows improvements in the 
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detection and tracking, but also extends the system setup to a complete image based phenotype analysis 

framework for cells.     

A recent work of Bal et al. [10] has shown the usage of image processing for characterizing cells based on 

deformity. They make use of dielectrophoresis for stretching the cells to the elastic limits, and they ascertain 

deformity through actin cytoskeletal modeling. The device based on DEP is shown to be low cost and effective 

for such experiments and applications in this work. However, this work is time consuming as it is performed on 

one cell at a time. Another recent work by Di Carlo et al. [11] show how deformity in cells can be measured by 

using multi-parameter deformability cytometry (m-DC). They make use of high speed bright field photography 

to obtain very high frame rate data, claimed to be up to 500,000 frames per second. They further used image 

processing to obtain shape-size and morphological features. Finally, they make use of a support vector machine 

to classify cells using a combination of extracted features. They have a throughput of ~2000 cells per second. 

Practical application of techniques such as bright field photography can be very expensive. Nevertheless, it is 

useful in collecting reliable data.   

Other works as in [12] show preliminary classification systems for feature extraction and classification of 

magnified leukemia cells from white blood cells. They make use of image segmentation techniques to identify 

and locate cells. Further, they extract features of the static cells in terms of shape-size, texture, color and statistical 

features and use reinforcement learning (Q-learning) to classify the cells in four sub-classes. [13] shows 

approaches to track motion of blood cells using optical flow techniques – template matching and then SIFT based 

matching and tracking. The standard optical flow technique is shown to work effectively when there is instability 

in velocity of cell being tracked. Meanwhile, SIFT is useful for tracking large displacements between frames. 

There have been other such works [29, 30] that follow similar techniques in their respective data and have different 

applications. However, it is seen that almost all of these works aim at identifying and locating different types of 

cells for classification. Most of these works have either high resolution, magnified or high frame rate data for 

their analysis. Our work is shows a practical approach with less stringent requirements of resolution, frame rate 

or magnification. We show that such tasks are also achievable with a lower quality and easy to obtain data that is 

fast to process, has a good degree of reliability and suitable for real-time applications. Although video data with 

a high resolution, high frame rate or high magnification will be beneficial for calculation of physical quantities 

such as elasticity.  

The work shown in this thesis is similar to previous works in terms of the primary motivation of detecting, tracking 

or classifying the cells. However, it is a combination of these methods for temporal feature extraction and more 

detailed work in terms of analyzing intrinsic physical properties of cells. In this chapter we show a complete 

classification framework for the given setup. It involves obtaining raw videos of cells from the microfluidic 

device, cell detection through blob analysis, tracking the cells, automatic labeling, feature extraction (temporally 
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over frames) and finally classification. This framework is very suitable for real time applications which automates 

the collection of labelled quantitative data, unlike other works that manually label image data. It can also be 

applied to other video based cell analysis experiments due to the aggregation of all required methods such as 

detection, tracking, feature extraction and classification. The block diagram in Figure 9 shows a high level 

description of our proposed framework. 

 

 

 

 

 

    

      

              

  

 

 

(a) (b) 

Figure 9. The classification framework. (a) Block diagram for the training phase. (b) Block diagram for testing phase.  

The system described in the figure above takes raw videos of PC-3 (live and dead) cells flowing through the 

microfluidic device. Static background subtraction is performed in every frame to approximately locate or isolate 

the cell blobs from the background. We then use Difference of Gaussian (DoG) filter for performing blob 

detection and locating positions of the blobs (cells) in every frame. The next step is to track the cells over the 

frames. Multiple object tracking is achieved through optical flow, i.e., using a Kanade-Lucas-Tomasi (KLT) [15] 

tracker in combination with Hungarian Algorithm [16] for data association. This method gives a good tracking 

accuracy on the given data.  

The next stage of this framework is the automatic labeling and feature extraction. In our experiments one class of 

cells are attracted to the pillars in the microfluidic device when the dielectrophoretic field is turned on. We use 

this fact to collect labelled feature vectors of the two classes of cells. It is seen that the live-cancerous cells (or 

green cells) respond to the electric field and are attracted to posts, but the dead/benign (red cells) are not. We aim 

at analyzing differences between the two broad categories. After performing automatic class labeling, we extract 
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features of each cell temporally over the frames until they disappear. We mainly focus on HOG features and 

geometric characteristics through ellipse fitting in this framework. Other features such as color are not considered 

as a part of this system, and we focus only on texture and shape based features for a better generalization. Through 

automatic labeling and feature extraction, we automatically generate labelled feature vectors which can be used 

for classification.  

The final stage of this framework is to train a classifier from the obtained data. The HOG features combined with 

elliptic features are used by a support vector machine and logistic regression for classification. We discuss the 

quantitative and qualitative analysis of these classifiers in a later chapter in this thesis. We can now use the trained 

model on the test data set and identify two different classes of cells (Figure 8(b)).  

 

4.2      Background Subtraction 

To detect the blobs or cells accurately, we need to perform background subtraction so that the cells are highlighted. 

In this setup it suffices to use static background subtraction. However, techniques like mean filter, running 

Gaussian average, background mixture models, etc., may also be successfully applied. In this framework, we use 

static background subtraction and thresholding to separate the cell blobs from the background.  

The block diagram shown in Figure 10 describes the simple steps followed in the process of background 

subtraction. 

  

 

 

 

 

 

 

 

Figure 10. Block diagram for static background subtraction. 

This simple background subtraction process first converts both the color image and image of background to 

grayscale with pixel values in the range [0, 1]. The actual image is then subtracted from the background image to 

output an intermediate image with removed background and isolated blobs of cells. This image is further 
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processed through static thresholding, in which all values below a threshold value are set to zero. We thus obtain 

an image with its background removed.   

Let 𝐵[𝑥, 𝑦, 𝑇] be the grayscale background image obtained from the video at a fixed time instant 𝑇 and 𝐼[𝑥, 𝑦, 𝑡] be 

the frame at a time instant 𝑡 and (𝑥, 𝑦) represent 2-D pixel coordinates. The background subtracted image at time 

instant 𝑡 will be given by: 

The notation 𝐼𝐹 with subscript 𝐹 denotes foreground image. Now, we apply a threshold value of 𝑐 on the pixel 

intensity to give the isolated foreground image as: 

The pixel intensities below this threshold will be set to a value of zero.     

Figure 11 below shows the original frame in RGB and the images that appear in the process of background 

subtraction. These images are obtained from the raw videos. 

 

    (a)                                                                    (b) 

 

         (c)                                           (d) 

Figure 11. The images shown above are increased in intensity for clarity. (a) Original image. (b) Static background image. (c) Isolated 

foreground image (in grayscale). (d) Thresholded foreground image. 

𝐼𝐹[𝑥, 𝑦, 𝑡]  =  𝐼[𝑥, 𝑦, 𝑡] –  𝐵[𝑥, 𝑦, 𝑇] (13) 

𝐼𝐹[𝑥, 𝑦, 𝑡]  >  𝑐 (14) 
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An inherent disadvantage of this approach is that setting thresholds can remove objects that can actually be 

counted as cell blobs. This disadvantage is a concern for any technique that uses static thresholds. However, we 

set thresholds that are enough to detect sufficient number of cells for our analysis. The output image in Figure 

10(d) is used as an input to the blob detection. The next section will describe the blob detection techniques used 

in this framework. 

 

4.3      Cell Detection Techniques 

After the isolation of cell blobs in a frame through background subtraction, we move towards detecting them and 

finding the locations of those blobs in the image. Blob detection is an important step to detect the cells. It helps 

in detecting the cells that are close to a required shape from the background subtracted image. At first we directly 

use the difference of Gaussian (DoG) approach to identify the blobs and then use connected component analysis 

on the filtered image with 8-connectivity to locate the position of centroids and draw bounding boxes. The block 

diagram in Figure 12 below explains the blob detection process through DoG. 

        

 

   

 

 

 

 

 

  

 

Figure 12. Block diagram showing blob detection using the Difference of Gaussian approach and connected component analysis. 

In the block diagram above, the difference of Gaussian filter is convolved with the image in which the blobs are 

supposed to be detected or highlighted. The ‘*’ symbol stands for convolution in the block diagram and in 

equation (15). In case of grayscale images (as in our case), two Gaussian filters with different standard deviations 

are subtracted to create a DoG filter. We can apply the DoG filter to a background subtracted image without the 
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removal by threshold step (to remove high frequencies). However, we would still need to give thresholds to 

convert it to appropriate binary image for connected component analysis.  

For a grayscale foreground image 𝐼𝐹[𝑥, 𝑦, 𝑡] at time frame 𝑡 the difference of Gaussian blob detection can 

mathematically be represented as follows: 

where 𝐺𝜎 =
1

𝜎√2𝜋
𝑒−(𝑥2+𝑦2)/2𝜎2

 and (𝐺𝜎1 − 𝐺𝜎2) is the difference of Gaussian function. The result 𝐼𝑏[𝑥, 𝑦, 𝑡] will 

be a blurred image with the highlighted cells and ideal background value of zero. We use a filter size of 21x21 

pixels with standard deviations 𝜎1 and 𝜎2 with values 5 and 10, respectively. These values were obtained 

empirically through multiple rounds of experimentation. Now, we use connected component analysis [14] to find 

the blob centroids, draw fit bounding boxes and extract other possible shape-size features from a single frame. 

Figure 13 below shows the output from the difference of Gaussian filter and the detected blobs with bounding 

boxes in the original image frame. 

  

(a)                                                                                       (b)  

Figure 13. (a) Blurred image with highlighted blobs obtained through DoG filter. (b) Detected blobs shown in the image bounded by 

boxes. 

We could have applied the connected component analysis over the background subtracted image directly. 

However, it is bound to catch erroneous pixels as required cell blobs. Erroneous pixels occur due to thresholds 

and are sometimes hard to avoid in techniques that use static thresholds for pixel exclusion. This is the reason 

DoG is helpful in detecting blobs or cells of the required shape and size. We fix the dimensions of the DoG filter 

used in this framework that leads to successful detection of cells.   

As an add-on to the blob detection part, we also tried the k-means algorithm with binary quantization before DoG 

in hopes of improving the detection process. The k-means clustering analysis separates the cell blobs from the 

𝐼𝑏[𝑥, 𝑦, 𝑡] = (𝐺𝜎1 − 𝐺𝜎2) ∗ 𝐼𝐹[𝑥, 𝑦, 𝑡] (15) 
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background or even two classes of cells based on pixel intensity. We can directly assign a value of zero to the 

background and the cluster centroid values to the cell blobs. This process will make the detection more precise. 

It will also help in removing erroneous pixels after the background process. However, it also removed much of 

the cell pixel information and we did not take it up further in the framework. 

 

4.4      Multiple Cell Tracking 

In this section, we discuss techniques used for multiple cell tracking from the given videos. For achieving a good 

tracking result, we implement a two level algorithm for tracking. In this framework, we did not handle certain 

cases such as occlusions and reappearances of cells in the frames. Thus, there is room for improvements in our 

tracking system. Nevertheless, the following tracker works well for the given data and suffices for achieving our 

current objectives. 

The tracker works by detecting blob centroids in every frame and then utilizes optical flow (KLT tracker) [15] 

for locating the object position using feature matching in the next frame. We detect blobs in every frame using 

our blob detector and then find the matching centroids of those blobs in the next frame through KLT. We perform 

this for consecutive frames. To associate the detected blobs into tracks we use the Hungarian algorithm [16]. This 

cascade of techniques gives us a good and reliable tracking performance. It is necessary that the camera be 

stationary and this is in fact the case in our micro-fluidic device system. Further, we also use the Hungarian 

algorithm for detecting the frame of entry of new cells. Figure 14 below shows a block diagram of the KLT + 

Hungarian linker algorithm for multiple object tracking. 

 

 

 

 

 

  

 

 

 

 

Figure 14. Block diagram showing KLT+Hungarian linker for multiple object tracking. 
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The Kanade-Lucas-Tomasi (KLT) feature tracker works through template matching. It makes use of spatial 

intensity of the selected points to find the best match in the next frame. The input to the tracker is the centroid of 

the blobs in the current frame. The main assumption in the KLT tracker is that neighboring groups of pixels have 

similar intensities and relatively small movements. This assumption of similar intensities can be mathematically 

given as: 

where 𝑖(𝑥, 𝑦, 𝑡) is the intensity of a pixel at location (𝑥, 𝑦) and at time 𝑡. The same pixel is displaced by (𝑢, 𝑣) in 

the next frame which is at a time instance 𝑡 + 1. The Taylor series expansion of the right hand side in the above 

equation gives: 

where 𝑖𝑥 and 𝑖𝑦 are image derivatives along horizontal and vertical axis respectively. 𝑖𝑡 is the difference of 

consecutive image frames. An optimal value of (𝑢, 𝑣) is arrived at by the following matrix notation under the 

constraints of existence of matrix inversion:  

After the prediction of points in the next frame, we use the Hungarian algorithm as mentioned before. The 

Hungarian algorithm efficiently solves the track assignment and association problem. It also helps to identify the 

frames in which new cells appear. This helps in associating labels or IDs to each cell that is being detected and 

tracked. The Hungarian algorithm can be implemented by dynamic programming in 𝑂(𝑛3) time and is fast enough 

for real time applications. The Hungarian algorithm aims at minimizing a cost, which in our case is the Euclidean 

distance.  

In a matrix of distance values, we compare every element in the first column to find the Euclidean distance to the 

next column and the pair with lowest Euclidean distance are connected. This process is performed for consecutive 

columns until required and a chain of close relatives based on Euclidean distance is made. An example that 

explains the algorithm is shown in Figure 15. 

 

 

 

 

𝑖(𝑥, 𝑦, 𝑡)  𝑖(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + 1) (17) 

𝑖𝑥𝑢 + 𝑖𝑦𝑣 + 𝑖𝑡  ≈ 0 (18) 

(
∑ 𝑖𝑥𝑖𝑥 ∑ 𝑖𝑥𝑖𝑦

∑ 𝑖𝑥𝑖𝑦 ∑ 𝑖𝑦𝑖𝑦

) (
𝑢
𝑣

) = − (
∑ 𝑖𝑥𝑖𝑡

∑ 𝑖𝑦𝑖𝑡

) (19) 
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Figure 15. Example table showing distance values. The distances highlighted in red are the closest distances in consecutive frames in 

first iteration. They are connected to obtain a single matrix of associated distances.  

 

Figure 15 explains the working of the Hungarian algorithm. In our case, the columns of the matrix are the frames 

and the rows are detected cell centroids. Distance between the centroids in first value of the first column to all the 

values of the second column is calculated and the pair with lowest distance are connected. This is done repeatedly 

till the cell blob disappears. Once the track is complete, it is removed from the distance matrix and stored in a 

connected track-matrix where each column corresponds to the track/path followed by a single cell. The 

disappearance of the blobs is handled by a threshold value of distance. If the minimum distance between a pair of 

centroids is more than the threshold, the track is closed and assigned to the cell.  

The frames in which the cell blobs appear is calculated based on the size of the distance matrix and the track-

matrix. Their sizes change dynamically as and when a new track for a given cell is made. The cell ID or labels 

are assigned through the column number of the track matrix which holds the tracks. The cell IDs are displayed on 

the image using a text inserter. The text inserter uses the top left corner of the cell bounding box as the pivot and 

we can insert the cell ID near it. In order to carry forward the ID of a cell in the whole path, we again use the 

shortest path algorithm for matching the ID to the corresponding cell in the next frame.  

Figure 16(a) shows an image of paths followed by the cells. It also shows labelled cells and their propagation in 

the next frame using Hungarian algorithm for data association. It is seen that appearances of new blobs are also 

handled appropriately through their frame of entry. The cells in the recorded video data move from left to right 

edge of image frame.  

A problem that arises in this algorithm is that of change in ID of the same cell. This happens due to: 1) absence 

of occlusion handling; 2) blob detector fails to detect the cell in a frame; or 3) the cell moves out of the image 

area and reappears after few frames. Out of these, 2) has been handled in this framework and the remaining two 
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issues have been left for future work on improvements. Nevertheless, the tracker serves the purpose of this 

framework. 

 

(a) 

 

(b) 

Figure 16. (a) Shows the paths (in blue) followed by the detected cells. (b) Shows two consecutive frames and a successful 

propagation of cell ID through tracking. 
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4.5      Automatic Class Labeling & Feature Extraction 

One of the most important aspects of machine learning is data collection and class assignments to create a data 

set (or design matrix). Usually, class labeling (e.g., live vs. dead) of images is done manually and is in fact a time 

consuming process. We perform supervised learning only after we obtain a class labeled data set. However, the 

process of manual class labeling can be eliminated by knowing certain conditions that will allow us to 

automatically collect data. In our setup, dielectrophoresis is the phenomenon that helps us know the correct class 

of a cell. When the field is turned on, PC-3+ cells are attracted to posts, but the dead PC-3− cells are not. Thus 

we perform the class labeling during the time period when the electric field is ON. When the electric field is 

turned OFF, the class labels are still associated with the cells.  

After associating class labels (1 or 0) to the cells, we perform feature extraction. The cell features are extracted 

in terms of Histogram of Oriented Gradients and based on ellipse fitting (elliptic features). The elliptic features 

are explained in the next chapter. In this section we describe HOG features and how they could be useful. The 

feature extraction process is initiated when the electric field is switched ON. It is performed on all cells that 

appeared in the frame when the field is ON. The processed and labelled feature vectors are now used as a data set 

for the classifiers. This data set can be used for supervised learning and will help us identify the different 

populations even in the absence of electric field. Through this approach our system serves as a great means for 

automating labelled training data collection.  

The automatic labeling is performed by using a threshold value which can be the number of frames (or time) for 

which a cell has very little change in distance in consecutive frames. We use the number of frames as the threshold 

in our implementation. Mathematically, in our data, for a threshold frame value of 𝑓 and distance travelled by 

cell between consecutive frames 𝑑, the class labeling can be defined as: 

The above conditions hold only when electric field is turned ON. The value of 𝑓 is set to 30 frames. 

Figure 17 show class assignments for the two populations considered here. A class of ‘1’ (PC-3+) is assigned to 

the cells attracted to the post and class of ‘0’ (PC-3−) is assigned to the cells not attracted to posts.  

 

𝑐𝑙𝑎𝑠𝑠(𝑐𝑒𝑙𝑙 𝐼𝐷) = {
1, 𝑑 ≤ 3.4, 𝐹𝑟𝑎𝑚𝑒𝑠 > 𝑓
0, 𝑑 > 3.4, 𝐹𝑟𝑎𝑚𝑒𝑠 > 𝑓

 

 

(20) 
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Figure 17. Image showing associated class labels. The cells attracted to posts are labelled as class 1 and the rest are labelled as class 0. 

The cells with no class assigned yet are newly emerged blobs and will soon be assigned a class. 

 

Feature extraction is performed as soon as a class is assigned to a cell. Different types of features that can be 

extracted from the cell include color features, temporal shape changes, geometric features such as area, axis ratio, 

compactness and solidity, texture features and statistical features such as standard deviation or correlation 

between two features. Other features that can be extracted from images also include image moments (or Hu 

moments), HOG [19], shape context, SIFT, etc. [8, 11, 12, 17, 18].  

In this work we focus mainly on features that would help us analyze and characterize cells based on shape, texture 

and statistics. The features that we extract from the cells are as follows: 

 Shape & texture features: Histogram of Oriented Gradients [19] (HOG). 

 Geometric & elliptic features: Area of ellipse fit, solidity, compactness, eccentricity, area of cell, spheroid 

volume, orientation, major axis changes, axis ratio. 

 Kinematic features: Velocity (or speed – both are synonymous between two consecutive frames), acceleration. 

 Statistical features: Correlation 

 Mechanical (intrinsic) properties: Elasticity. 
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The above features are all indicative of phenotype of cells and can ascertain differences between two populations 

or sub-populations. The shape and texture features along with elliptic features are very useful as training data for 

classification algorithms such as support vector machine. The kinematic features and elliptic features are useful 

in calculating the mechanical properties such as the elasticity. Statistical features are useful for setting a 

benchmark for comparing two or more types of cells. For example, a high degree of correlation between features 

of two cells can indicate that they are of the same phenotype.  

In this section we describe the Histogram of Oriented Gradient (HOG) features and show how they are applicable 

to our cell data. We dedicate a separate chapter to discuss the elliptic and statistical features.  

Histogram of Oriented Gradients: 

The Histogram of Oriented Gradients (or HOG) is a feature descriptor that counts the occurrences of gradient 

orientation in localized portions of an image. It is computed on a dense grid of uniformly spaced cells and uses 

overlapping local contrast normalization for improved accuracy and invariance to illumination and shadowing. It 

was primarily developed for human detection and it surpassed the traditional wavelet based techniques. The HOG 

descriptors can be computed from a local point in an image or for a localized portion of an image, where the 

feature length (or dimensions) is dependent upon the image size, HOG cell (not to be confused with PC-3 cell) 

box sizes and the degree of overlap between HOG cells. The main idea behind the HOG descriptor is that local 

object appearance and shape in an image can be described by the distribution of intensity gradients or edge 

directions [19].  

For computing the HOG descriptors, the image is divided into small connected regions called HOG cells and a 

histogram of gradient directions is calculated for each pixel in within the cell. This is a good way to characterize 

two categories of cells, say cancerous and non-cancerous. As discussed earlier, there have been numerous studies 

[3, 20] that explain many differences in cell morphology of non-cancerous and malignant cells. One of the key 

differences in the cell morphology of non-cancerous and cancerous cells is the cell membrane shape, cytoplasm 

color differences and irregular size, shape and arrangement of nucleus and organelles. These characteristic are 

prominent when viewed through a microscope or a recoded microscope video. HOG descriptors are a great way 

to describe such shape and texture characteristics and differences from an image of such cells. Resized images of 

PC-3+ and PC-3− images are shown in Figure 18. Some very recent studies apply HOG features for medical 

image analysis on magnified cancer cells [21, 22]. Work in [22] is done on magnified images of PC-3 cells which 

is also relevant to our data set. Our attempt is to record these features from a video data with low resolution and 

low magnification and, as we will see in later chapters, we are also successful in differentiating cells based on a 

concatenation of HOG and elliptic features. It is, however, important to mention that quality of features and 

amount of data collected is dependent on the image resolution, magnification and frame-rate.    
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Figure 18. Image on the right shows a PC-3+ (malignant) cell and on the left is a PC-3− (dead). Both are stained and the shape 

differences are fairly visible in fluid flow (images have been resized for clarity).  

 

 

As the PC-3 cells are of low resolution and small size in our images, it is necessary that we extract small scale 

features. Thus it is very important that we set the HOG parameters according to our requirements. The main 

parameters to consider while computing HOG features are number of orientation bins and the HOG descriptor 

block (R-HOG or C-HOG) which further includes number of cells per block, number of pixels per cell and number 

of channels per cell histogram. Other parameters include the image size, block overlap and orientation sign. All 

these parameters decide the HOG descriptor dimensions. We use the rectangular R-HOG blocks for feature 

extraction on our data. We use four HOG cell sizes, 1x1, 2x2, 3x3 and 4x4 for obtaining small scale features from 

cells. The block size is set to 2x2 with half overlap between adjacent blocks. Orientations of gradients are unsigned 

and number of bins is set to 9.  

We extract grayscale patches from the images where the PC-3 cells are located through segmentation and tracking 

and then compute HOG features on these local patches (images of cell patches are shown in Figure 19). The HOG 

feature length (or dimension) is dependent on image size and different image sizes give different HOG feature 

lengths. Thus we have two options to maintain uniformity in HOG feature length: 1) Resize all the PC3 cell 

images to the same value; or 2) pad zeros on the images such that all are of same size. We resize all the cell 

images to a value of 14x15 – which was calculated as the mean size of all cell boxes (Figure 20). Although 

resizing images causes loss of image information, most of the key shape features are still preserved. Another 

disadvantage is that of the images being already compressed as JPEG format. This affects the quality of features 

extracted because of loss of information. We also perform another level of thresholding in the local cell patches 

to remove artifacts before computing HOG. We test four HOG cell sizes in our experiments. A scale of 1x1 and 

2x2 had large feature length. This causes an increase in space and time complexity of the algorithm. HOG cells 

of size 4x4 have smaller feature length and show relatively better algorithmic performance. However, 4x4 HOG 

cells start losing small-scale features required to describe a PC-3 cell in the given data. HOG cell visualizations 

for each scale is shown in Figure 21. 
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Figure 19. Figure showing cell patches. The top four images are of PC-3 malignant cells and bottom four are dead PC-3 (images are 

adjusted for brightness and clarity). 

 

     

Figure 20. Figure showing cell image patches resized to 14x15. Images numbered 1, 4 and 5 are dead PC-3 cells. Images numbered 2 

and 3 are malignant PC-3 cells (images are adjusted for clarity). 

 

                                

Figure 21. Histogram visualizations for a single patch of a malignant cell at different scales. From left to right– HOG for cell sizes of 

1x1, 2x2, 3x3 and 4x4 respectively.  
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4.6      Classification Algorithms 

For the task of classification, two main classifiers have been trained using the labelled feature data. The two 

classifiers that we use are logistic regression and a Support Vector Machine. We discuss these two classifiers in 

this section. We discuss the characteristic evaluation measures, cross validation, train and test errors in a later 

chapter.  

Logistic Regression: 

Logistic regression is a probabilistic classifier that separates data by a linear decision boundary. The dependent 

variable is the class label assigned to a data point (or a feature vector) and is thus a categorical variable. In our 

case this categorical variable would imply cancerous vs. non-cancerous or live vs. dead cells (binary class). The 

conditional probability of a class label assignment is given by a sigmoid function shown in Figure 22. 

 

Figure 22. The sigmoid function. Source: Wikipedia (fair use). 

The sigmoid function is given by: 

For a binary classification problem, the conditional probability 𝑃(𝑌𝑖 | 𝑿𝑖, 𝒘, 𝑏) of categorical variable 𝑌𝑖 

belonging to class 1, where 𝑌𝑖𝜖{0, 1}, is given by: 

where 𝑖 = {1, 2, … , 𝑛}, 𝑛 is the number of feature vectors, 𝑿𝑖 is a single feature vector of size 𝑚 x 1 and 𝒘 =

[𝑤1, 𝑤2, … , 𝑤𝑚]𝑇 is the weight assigned to each feature in 𝑿𝑖. The objective of logistic regression is to find the 

optimal set of weights or parameters 𝒘 that separate the two classes through a decision boundary. Logistic 

regression can be solved in terms of linear algebra or as a probabilistic model where we compute the cost through 

𝑓(𝑥) =
1

1 + 𝑒−𝑥
 

 

(21) 

𝑃(𝑌𝑖|𝑿𝑖 , 𝒘, 𝑏) =
1

1 + 𝑒−(𝒘𝑇𝑿𝑖+𝑏)
 (22) 
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maximum likelihood estimation or through log-likelihood. The class 𝑌𝑖 is assigned based on the sign of an 

optimized value of 𝒘𝑇𝑿𝑖 + 𝑏, where 𝑇 denotes transpose and 𝑏 is a constant or bias term.  

The simplified cost function (log-likelihood) along with regularization term 𝜆, that we need to minimize, can be 

represented in matrix expression as shown in (23). 

 

When performing optimization, we can also solve the cost function in matrix form in code by having 𝑿 =

[𝑿1, 𝑿2, … , 𝑿𝑛] and  𝒀 = [𝑌1, 𝑌2, … , 𝑌𝑛]𝑇. 𝑿 is of size 𝑚 x 𝑛, 𝒀 is of size 𝑛 x 1, 𝒘 is of size 𝑚 x 1, where 𝑚 is the 

length of feature vector 𝑿𝑖. The corresponding weight update will be given by equation (24). 

where 𝛼 is the learning rate.  

We use gradient descent to reduce the cost 𝐽(𝒘) above and obtain an optimal set of weights. For a test feature 

vector 𝑿𝑡𝑒𝑠𝑡 the prediction labels will be given as: 

 

Logistic regression is a linear classifier because the decision boundary is linear in 𝒘. In our framework the training 

data (or design matrix) 𝑿 is the set of HOG features concatenated with some of the elliptic features (explained in 

a later chapter). 𝒀 is the column vector of class labels assigned during automatic labeling. The analysis and results 

of logistic regression on the data set is discussed in a later chapter.  

Support Vector Machine: 

Support Vector Machine [23] (or SVM) is a non-probabilistic classifier for supervised learning. Solving the cost 

function of an SVM is a convex optimization problem and usually requires a quadratic solver package or other 

algorithms like the sequential minimal optimization (SMO). SVMs can also be used for regression and 

unsupervised clustering problems, where it is called as the support vector clustering. The SVM can be used as a 

linear as well as a non-linear classifier. SVM utilizes the kernel trick to behave as a non-linear classifier, where 

the kernel maps the data to a higher dimension feature space, forms a decision boundary (which is a hyper-plane) 

and mapped back to the original feature space. 

𝐽(𝒘) = −
1

𝑛
∑ [𝑌𝑖 log (

1

1 + 𝑒−(𝒘𝑇𝑿𝑖+𝑏)
) + (1 − 𝑌𝑖) log (1 −

1

1 + 𝑒−(𝒘𝑇𝑿𝑖+𝑏)
)]

𝑛

𝑖=1

+
𝜆

2𝑚
∑ 𝒘𝑗

𝑚

𝑗=1

 (23) 

𝒘𝑛𝑒𝑤 = 𝒘𝑜𝑙𝑑 − 𝛼 (∑ 𝑿𝑖 [𝑌𝑖 − log (
1

1 + 𝑒−(𝒘𝑜𝑙𝑑
𝑇 𝑿𝑖+𝑏)

)]

𝑛

𝑖=1

+ 𝜆𝒘𝑜𝑙𝑑) (24) 

𝑌𝑡𝑒𝑠𝑡 = {
1, 𝒘𝑛𝑒𝑤

𝑇 𝑿𝑡𝑒𝑠𝑡 ≥  0

0, 𝒘𝑛𝑒𝑤
𝑇 𝑿𝑡𝑒𝑠𝑡 < 0

 (25) 
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An important idea and objective behind the support vector machine is to separate the data by the largest possible 

margin (or gap). Thus it is also called as the large margin classifier. Figure 23 shows an example of data separation 

by the decision boundary made by an SVM. The SVM is divided into hard margin and soft margin which are 

different in terms of the cost function. The convex optimization problem of an SVM is divided into primal and 

dual forms.          

 

Figure 23. Maximum margin data separation by an SVM. Source: OpenCV 2.4.13.3 Documentation (fair use).   

In a hard-margin SVM, the pair of parallel hyper planes that separate the data set can be written as: 

 

where 𝒘, 𝑿𝑖 and 𝑏 mean the same as in previous section. Data points that lie on 𝑃1 and 𝑃−1 are called the support 

vectors. Both these planes are separated by a distance margin given by: 

 

Maximizing the distance 𝐷 in (27) is the objective of an SVM. Equation (27) can also be maximized by 

minimizing its denominator because its numerator is a constant. Thus we minimize the inverse of this expression 

which is given by min (
𝒘𝑇𝒘

2
). 

Now, if the label for a data point is given as 𝑌𝑖 which takes values {1, −1}, the separating hyper-plane can be 

written as shown in (28). 

𝑃1: 𝒘𝑇𝑿𝑖 − 𝑏 = 1 

𝑃−1: 𝒘𝑇𝑿𝑖 − 𝑏 = −1 

(26) 

𝐷 =
2

𝒘𝑇𝒘
 (27) 
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This becomes the constraint for the SVM under which we minimize the expression discussed previously. The 

solution of 𝒘 and 𝑏 is obtained after solving the problem will become the model for classification. The class label 

will thus be dependent upon the sign of the value (𝒘𝑇𝑿𝑡𝑒𝑠𝑡 − 𝑏). 

In a soft-margin SVM, we consider the cases when the data is not linearly separable and we introduce hinge loss. 

This introduces a slack variable instead. The hinge loss is given by: 𝜁𝑖 = max [0,1 − 𝑌𝑖(𝒘𝑇𝑿𝑖 − 𝑏)]. 

The new cost function thus becomes: 

 

where 𝜆 acts as a regularization term. For a sufficiently small 𝜆 the soft-margin SVM will behave as a hard-margin 

classifier.  

In the Primal SVM form, the constraint to the above cost minimization is given by 

 

where 𝜁𝑖 is the smallest non-negative number satisfying the above constraints. The expression 𝒘𝑇𝑿𝑖 can also be 

represented as a dot product given by: �̅� · �̅�𝑖. The value �̅�𝑖  can be replaced by a kernel function to map it to a 

higher order or different feature space.  

The SVM Dual form can be arrived at by differentiating the primal form loss with respect to �̅�. We introduce a 

Lagrangian multiplier 𝛼𝑖 to solve the primal quadratic optimization problem with the constraints. We see that the 

solution for �̅� can always be a linear combination of train data as shown in (31). 

 

Replacing this value in the cost function above changes it as a function of 𝛼𝑖, ∀𝑖𝜖{1, 2, … , 𝑛}, and as a 

maximization problem, 

𝑌𝑖(𝒘𝑇𝑿𝑖 − 𝑏) ≥ 1 (28) 

𝐿 =
1

𝑛
∑ ζi

𝑛

𝑖=1

+
𝜆

2
||𝒘||2 (29) 

𝑌𝑖(𝒘𝑇𝑿𝑖 − 𝑏) ≥ 1 − 𝜁𝑖 

𝜁𝑖 ≥ 0, ∀ 𝑖 𝜖{1, 2, 3, … , 𝑛} 

(30) 

�̅� = ∑ 𝛼𝑖𝑌𝑖�̅�𝑖

𝑛

𝑖=1

 (31) 
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subject to the following constraints: 

 

The above conditions also form the Karush-Kuhn-Tucker (KKT) conditions for defining the support vectors.  

The offset 𝑏 can be recovered by (34). 

 

Now, we can introduce non linearity in an SVM by replacing the dot product with a kernel function. This is given 

in equation (35). 

 

All expressions for �̅� in (31) and loss functions change accordingly. The kernels are usually polynomial, radial 

basis function (RBF) or hyperbolic tangent. Any new test point can be computed by the expression in equation 

(36). 

In our experiments we use the same test features as we used in logistic regression. All results and discussion for 

the given data set using support vector machine are done in a later chapter.   

 

 

 

𝐿(𝛼1, 𝛼2, … , 𝛼𝑛) = ∑ 𝛼𝑖

𝑛

𝑖=1

−
1

2
∑ ∑ 𝑌𝑖𝛼𝑖(�̅�𝑖 · �̅�𝑗)𝑌𝑗𝛼𝑗

𝑛

𝑗=1

𝑛

𝑖=1

 (32) 

∑ 𝛼𝑖𝑌𝑖 = 0

𝑛

𝑖=1

 

0 ≤ 𝛼𝑖 ≤
1

2𝑛𝜆
 

(33) 

𝑏 = 𝑌𝑖 − �̅� · �̅�𝑖 
(34) 

𝑘(�̅�𝑖 , �̅�𝑗) = 𝜙(�̅�𝑖) · 𝜙(�̅�𝑗) (35) 

𝑐𝑙𝑎𝑠𝑠(𝑿𝑡𝑒𝑠𝑡) = 𝑠𝑖𝑔𝑛 ([∑ 𝛼𝑖𝑌𝑖𝑘(�̅�𝑖, 𝑿𝑡𝑒𝑠𝑡)

𝑛

𝑖=1

] + 𝑏) 

 

(36) 
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Chapter 5 

Morphological features 

 

5.1      Introduction 

In this chapter we discuss other features (such as geometric, elliptic, kinematic and statistical features) used to 

identify cells and their importance in differentiating morphological properties among two classes of cells. Works 

such as [12] show that blood disorders are identified through visual inspection of blood samples under a 

microscope. They show the importance of image processing and how it can be useful for speeding up the process 

of identification of a disease at an early stage so that treatment becomes easier. Their work primarily uses leukemia 

cell images and examine changes in texture, geometry, color and statistics. Further, they make use of 

reinforcement learning to automate the process of classifying these cells. Another work [17] makes use of 

histological image analysis to identify prostate cancer where they classify a tissue image into tumor or non-tumor 

class. They make use of texture, color and other morphometric features to identify the class of cells. Finally, they 

use Gaussian k-nearest neighbor and SVM for classification. They make use of fractal dimension and code 

features along with color histograms and wavelet transforms as a concatenated feature set. Work shown in [29] 

make use of extensive feature sets on microscopic biopsy images to classify cancer. They make use of magnified 

cell and tissue images to extract different types of features and make use of the standard classifiers to distinguish 

the data.  

A recent work [11] makes use of high speed bright field photography to calculate deformity in cells under 

deformability flow-cytometry device. They achieve high throughput characterization of 20 different cell motions 

and morphology derived parameters. These parameters are extracted from videos and are mainly the size, 
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deformity (in terms of major/minor axis change), deformation kinetics and morphology. Further, they make use 

of support vector machine to classify these cellular features from pluripotent stem cells, mesenchymal stem 

cells, neural stem cells, and their derivatives. Other works such as [30] use segmentation and tracking to examine 

kinematics and shape-size features to differentiate cells through Cartesian genetic program. 

Our work is similar to the above works but a subtle combination of all. The features extracted in our work are 

mainly the ones that signify shape and size and are all extracted temporally. We also utilize a combination of 

these features and the experimental microfluidic chip design to derive models for physical quantity calculations 

such as the Young’s Modulus of elasticity. We extract HOG features on a localized image rather than a local 

point/pixel location [29]. Moreover, our data is practical and inexpensive for feature extraction and classification 

tasks introducing bigger challenges. The data being relatively low resolution, low frame-rate and low 

magnification certainly affects the feature extraction and obscures some of the potentially very useful data such 

as shape and size of nucleus. Nevertheless, our classifiers show good performances in similar type of data.               

 

 

5.2      Elliptic and Kinematic Features 

This section shows some of the characteristics that have been used for classifying the cells and how they could 

be used for differentiating two classes of cells. The features discussed in this section are extracted temporally 

over every time frame are the geometric or elliptic features (axis ratio, goodness of ellipse fit, eccentricity, changes 

in major axis length in fluid flow and at collision, volume considering the cell as spheroid) and the kinematic 

features. The elliptic features are obtained through principal component analysis (PCA) of the cell image patches. 

Applying PCA on the image patches gives us ellipses fit on the cell blobs [25].  

Physical features such as elasticity can also be deduced from these features which is another means of 

differentiating the cells and thus branches out the utility of our experimental setup. However, the cell elasticity 

can be calculated only when the cell collides with the pillars such that it forms an indentation on the cell 

membrane. The cells can also be differentiated based on mass, given mass density and cell volume. Other 

kinematic features that are also measured include velocity and acceleration that determine the force causing 

indentation in a cell. The HOG features and elliptic features are used by classifiers such as SVM and logistic 

regression for classification and are ideal for real time classification.  
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Principal Component Analysis (PCA): 

The PC-3 cells in the given environment can be modeled in 2D as ellipses with continuously changing dimensions. 

We analyze phenotype of these cells through ellipse fitting on the cell blobs in images. Ellipse fitting can be 

achieved by more than one way. One of the methods is to use principal component analysis. Principal components 

through PCA are obtained in directions with the highest variance in descending order. Each principal component 

is linearly uncorrelated and orthogonal. Thus the number of components are dependent on the dimensions of 

feature space. For example, a 2D feature space will have a maximum of two principal components orthogonal to 

each other. Figure 24 shows an example of PCA applied on a data set. Such an application of PCA is used for 

fitting ellipses in image blobs.  

 

Figure 24. Image showing principal components obtained through PCA. Source: sebastianraschka.com (fair use). 

For 2D data, the first component corresponds to the major axis of the ellipse and the second component 

corresponds to the minor axis of the ellipse. The components are obtained from the eigenvalues which are obtained 

from singular value decomposition of the data. PCA can also be used for dimensionality reduction. This is done 

by removing smallest the components or eigenvalues as they signify small variance.  

Obtaining perfect ellipse fits is not an easy task [26]. However, we obtain close to perfect ellipse fits in most of 

the cases. Ellipse fits are dependent upon pixel intensity distribution and can catch up noise. Appropriate 

background subtraction is required in each cell image patch to obtain good fits. However, background subtraction 

based on static threshold still leads to presence of stray pixels that causes deviations from perfect fits in some 

cases. Stray pixels can often be removed by increasing the pixel intensity thresholds. However, this also starts to 

remove pixels from the cells, which causes loss of information. We set a fixed value of intensity threshold for 

localized background subtraction in individual cell image (grayscale) patches through experimental trials such 

that we get good ellipse fits around cells in most of the cases. The threshold value for local background noise 

removal was set to 0.07 for green cells (PC-3+) and 0.04 for red cells (PC-3−). In Figure 25 below are shown 
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some example cases of ellipse fits that we obtain from our data. We now describe all the features that were 

obtained from each detected cell over the frames. All measured quantities are in pixel units. Similar measures 

were used by other researchers in previous works as discussed before.   

   

 

Figure 25. Images showing ellipse fits for the given cells. 

 

a. Axis Ratio 

The major and minor axes of the fit ellipses are approximately represented as major and minor axis of the 

spheroidal cells as described in section 2.2. The axis ratio is the ratio of major to minor axis of the ellipse (or the 

cell). This measure could also be represented as the elongation of the cell. The equation below represents the axis 

ratio of the cells. 

 

Changes in this quantity in the fluid flow is a direct measure of geometric changes in the given environment. The 

experiments show that the axis ratio pattern differs significantly in the two populations of the cells being studied. 

The graphs in Figure 26 show that the patterns are different. There is a measurable trend and significant uniformity 

in graphs of PC-3+. However, this is not evident in the PC-3−. 

𝐸𝑙𝑜𝑛𝑔𝑎𝑡𝑖𝑜𝑛 (𝑜𝑟 𝐴𝑥𝑖𝑠 𝑅𝑎𝑡𝑖𝑜) =
𝑀𝑎𝑗𝑜𝑟 𝐴𝑥𝑖𝑠

𝑀𝑖𝑛𝑜𝑟 𝐴𝑥𝑖𝑠 
 (37) 
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Figure 26. The graph on the left shows elongation changes for a PC-3+ (live cancerous) with cell ID of 108 and graph on the right 

shows the same for PC-3− (dead) with cell ID of 4 over all the frames of their presence. The collision instances occur at the local 

minima of the axis ratio curves.  

 

b. Cell Membrane Compactness: 

The cell membrane compactness or the goodness of ellipse fit is measured as ratio of areas of the cell with respect 

to the fit ellipse. It could also be represented as the relative solidity. This quantity determines how close the cell 

is within the ellipse and a value close to 1 corresponds to a good fit. Although a perfect fit to ellipse is not 

expected, the live cancerous cells have a definite/rigid shape and correspond close to ellipses in fluid flow. 

However, the dead cells have an undefined membrane shapes and do not have a good relative fit. The expression 

for compactness is given below: 

 

The temporal analysis of these fits also show significant differences in uniformity and trends for PC-3+ cells and 

PC-3− cells. An example is shown in Figure 27. 
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𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 =
𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝑒𝑙𝑙 𝐴𝑟𝑒𝑎 (𝑖𝑛 𝑝𝑖𝑥𝑒𝑙𝑠)

𝐹𝑖𝑡 𝐸𝑙𝑙𝑖𝑝𝑠𝑒 𝐴𝑟𝑒𝑎 (𝑖𝑛 𝑝𝑖𝑥𝑒𝑙𝑠)
 (38) 
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Figure 27. Graphs showing the cell membrane compactness or goodness of fit patterns for the two classes of cells (Left: PC-3+ with 

ID 108 and Right: PC-3− with ID 4).  

 

c. Eccentricity 

Eccentricity is a measure of roundness of a cell. It is given by: 

 

It is observed that the live cells tend to take nearly circular shapes, especially when there are head-on collisions. 

However, this is not the case with dead cells.   

 

d. Major Axis Changes: 

Changes in major axis of cells (or fit ellipse) are very prominent as compared to changes in minor axis. In other 

words, the variance along major axis is much higher than minor axis. In case of PC-3+ cells the changes are 

uniform and show similar trends as axis ratio. However, this is not the case for PC-3− cells. PC-3− cells show 

irregular pattern over time indicating that there are significant differences in shape and cytoplasm distribution. 

The following graphs (Figure 28) show the trends for two classes of cells. 
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𝑀𝑎𝑗𝑜𝑟 𝐴𝑥𝑖𝑠
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(39) 
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Figure 28. Graphs showing major axis (in pixel units) changes in both types of cells (left: PC-3+ with ID 108, right: PC-3− with ID 

94). 

 

e. Volume: 

If we consider the shape of the cell as a spheroid with two axes being equal to major axis and the third one being 

minor axis, the volume will be given by 
4

3
 𝜋𝑎2𝑏. A sphere of equivalent volume will have a radius 𝑅 =  (𝑎2𝑏)

1

3. 

We can also calculate an approximate cell mass, given mass density for a type of a cell. 

f. Orientation: 

The orientation of the cell is obtained from the eigenvector [𝐸𝑥 , 𝐸𝑦] through ellipse fitting or PCA. It is given  

by: 

 

This can be used to automate the cases of oblique collisions and obtain the corresponding properties during head- 

on collisions. 

The above were the mainly studied elliptic features in this thesis. Next we discuss the kinematic features which 

are mainly the velocity and the acceleration.  
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g. Velocity 

The cell velocity is calculated as the rate of change of centroid position and is calculated through tracking the cell 

centroid across consecutive frames. Velocity is given by 

 

where 𝑷1  is the initial position or the position in frame 1, and 𝑷2 is the position of the centroid in next frame (or 

frame 2). 𝑓 is the frame rate of the video data. Magnitude of velocity and speed are synonymous, especially when 

measured between two consecutive frames. This is because the cells are assumed to move in a nearly straight line 

between the cylindrical posts. 

The velocity of the cell is assumed to be caused by the fluid flow rate. By modelling the cell dynamics and free 

body diagram, we can obtain the velocity from a first order differential equation as shown in chapter 2. Figure 29 

shows the velocity trend for cell 108 and cell 4. 

  

Figure 29. Graphs showing velocity (in pixels per second) magnitude changes in both types of cells (left: PC-3+ with ID 108, right: 

PC-3− with ID 4). 

 

h. Acceleration 

Acceleration is the rate of change of velocity. It can be obtained across three consecutive frames. 
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𝑽𝑐  =
|𝑷1 − 𝑷2|

(
1
𝑓

)
  (41) 
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where 𝑽c1 and 𝑽c2 are velocities between three consecutive frames.  

 

i. Correlation 

Correlation between two measurements can be a good factor to assess similarity of a pair of cells. For example, 

we can use the axis ratio and velocity measurements for a single cell to calculate the correlation. If the value 

crosses a threshold, say 90%, we can conclude that the cell under consideration is class 1. Further, if we have a 

set of labelled set of data, we can use correlation over time as a feature for classification. 

The sample correlation coefficient between two measurements is given by, 

where 𝑛 is the number of samples collected dynamically, ū is the dynamic mean of the samples obtained from 

first cell and ṽ is the dynamic mean obtained from samples of other cell. 𝑠𝑥 and 𝑠𝑦 are the sample standard 

deviations. 

It is clear from the above discussed properties that most of these properties are indicative of shape and size features 

of a cell. We concatenate some of the elliptic features along with HOG features and discuss the classification 

performance of SVM and logistic regression in a later chapter.  

 

 

 

 

 

 

 

 

𝒂 =
|𝑽c1 − 𝑽c2|

(
1
𝑓

)
 (42) 

R = 
∑ (𝑢𝑖−ū)𝑛

𝑖=1 (𝑣𝑖−ṽ)

(𝑛)𝑠𝑥𝑠𝑦
 

 

(43) 
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Chapter 6 

Physical quantity estimation 

 

6.1      Introduction 

This chapter proposes a model for estimating Young’s modulus of elasticity through image processing. It shows 

an additional utility of the experimental setup that can be exploited. Current techniques that are used to calculate 

Young’s modulus of elasticity make use of the Atomic Force Microscopy (AFM) [1, 2, 3, 27]. AFM is an 

expensive and time consuming procedure. As a way around this technique we propose a model for calculating the 

elasticity from the given setup. Although a rudimentary model, the expressions are similar to the one obtained 

from the AFM through the Hertz equation [1]. In the AFM papers, the authors show various types of indentation 

tips such as spherical, conical, parabolic and pyramidal. Our model is a collision of a cell with a cylindrical post. 

Collision of a cell with a cylindrical post has an elliptic contact surface [5]. This contact surface mathematically 

arrives at an elliptic integral. However, as a simpler approach, we can approximate the model as a sphere-sphere 

collision model in terms of the Hertz equation. Other complicated models that can be worked on are an ellipsoid 

and cylinder contact model. These models have an elliptic contact surface and have non-closed from expression 

and are not considered as a part of this thesis.  

Recently conducted works [10, 11] use elongation as a measure of deformation. However, we give a more detailed 

perspective by proposing a simple model for of the deformity in terms of Young’s modulus of elasticity. Our 

system is potentially suitable for estimating the Young’s modulus for cells in a short period of time, unlike the 
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methods used in AFM and [11] which are time consuming and expensive procedures. It has been shown in many 

similar works that elasticity for a cancer cell and for a benign cell have a significant difference. These studies 

demonstrated that cancerous cells are softer than cells from normal or non-malignant or even less-differentiated 

cancers. However, despite these differences, not many clinicians believe that it is possible to detect cancerous cell 

changes by mechanical properties [3].  

Young’s modulus can be estimated from our setup when the cells collide with the micro-pillars with a force 

sufficient enough to create an indentation. The main force assumed to be acting on the cells is the Stokes’ drag 

due to the fluid flow. As shown in previous chapters, the Stokes’ force is dependent upon the geometry of the 

cell, viscosity and velocity of the cell. These can be extracted through image processing and tracking as shown in 

the previous chapters. The elasticity of the cell is also dependent upon the indentation caused upon collision. The 

previous works on AFM poke indentation probes at different locations on the cell membrane and then arrive at a 

value of elasticity. However, in our experiments, the elastic modulus is assumed to be a homogenous bulk property 

of the cell. The indentation can also be measured through video processing. It requires image patches of cells with 

sufficient resolution such that the indentation is perceivable. The next section describes the model through which 

elasticity can be calculated.  

 

6.2      Hertz Contact Model for Cell Elasticity 

In this section we explain in detail our contact model for estimating Young’s modulus of elasticity. The resultant 

force acting on the cell (in the absence of DEP force) by the fluid flow decreases with respect to time and finally 

reaches a constant value of zero at infinite time. The indentation caused on the cell membrane during the collision 

is a direct result of the Stokes’ drag. Figure 30 shows the instants before and after collision of a cell with the pillar 

in the microfluidic device. The time instant 𝑡 − 1 denotes the force on the cell just before collision. To measure 

the indentation from the image with a good accuracy, a high resolution video is preferable.    

 

 

 

 

 

 

 

Figure 30. Cell flowing in the DEP experimental setup and collision with pillar. 
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Some important assumptions are made in the dynamic modeling of the cell in the given environment. These 

assumptions are listed below:   

 The Naiver-Stokes’ equation is solved for a creeping flow. 

 Effects of gravity are considered to be negligible.  

 Mass of each cell is distributed uniformly. 

 Rotation of the cell is ignored. 

 From a top-view of the setup, the electrode posts are circular and electric field is turned off. 

 There is no loss of mass from cell during a collision with post. 

 Adhesive forces or friction on posts are absent. 

 It is a closed system.   

 Poisson ratio for all cells is taken to be 0.5 [3]. 

 Forces on the cell are considered to be along the 𝑥-axis. Thus any changes that occur are along 𝑥-axis. 

The Stokes’ force for a creeping flow is dependent upon many factors that are related to properties of the cell and 

the fluid being used to flush the cells through the micro-fluidic device. A list of such quantities is given as follows: 

 Density of flowing fluid − 𝜌𝐹 (g/ml3) − needs to be predetermined. 

 Semi-major axis of cell – 𝑎 (μm) − calculated through image processing. 

 Semi-minor axis of cell – 𝑏 (μm) − calculated through image processing. 

 Equivalent radius of cell − R (μm) − same as 𝑎. 

 Velocity of the cell − 𝑣𝑐 (μm/sec) − calculated through image processing. 

 Dynamic viscosity of the fluid − 𝛾𝐹 (Pascal-seconds or Pa · s) – needs to be predetermined. 

 Velocity of the fluid − 𝑣𝐹 (μm/sec) − needs to be predetermined. 

 Density of the cell − 𝜌𝐶 (g/ml3) − needs to be predetermined.  

 Radius of the post − 𝑅𝑝 (μm) − needs to be predetermined. 

We use 𝑅 as the equivalent radius of the cells for mathematical convenience. We use 𝑅 assuming that the mass 

density 𝜌𝑐 of the cells is preserved – this in turn keeps the overall force equation to be consistent. The equivalent 

radius 𝑅 is simply taken to be equal to the semi-major axis of a cell, i.e., 𝑎 just before collision. 

As discussed earlier, the only force we consider to be acting on the cells is the Stokes’ force along the horizontal 

axis. Thus only cases with nearly head-on collision are considered in this discussion. Cases of oblique collisions 

are not considered. Thus, the free body diagram for the cells just before colliding to the pillars can be represented 

as shown in Figure 31.   

𝑅 = 𝑎 (44) 
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Figure 31. Free body diagram of the cell before collision. 

 

Figure 31 shows the direction of fluid flow 𝑣𝐹 and the total Stokes’ force 6𝜋𝛾𝐹𝑅(𝑣𝐶 − 𝑣𝐹). Here the external 

force 𝐹𝑠, as previously shown in equation (1), is assumed to be zero. The resultant force on the cell is 𝑚𝑐
𝑑𝑣𝑐

𝑑𝑡
. In 

this equation, 𝑅, 𝑣𝑐 and 
𝑑𝑣𝑐

𝑑𝑡
 can be estimated through image processing at a time instant just before the collision. 

The term 6𝜋𝛾𝐹𝑅(𝑣𝑐 −  𝑣𝐹), is the viscous drag (Stokes’ force) caused due to the viscous fluid medium flowing 

at a rate of 𝑣𝐹. 

 

After hitting the post, the cell membrane experiences an indentation 𝑥 as shown in Figure 32(a). This indentation 

can be explained by the Hertz contact model [1, 2, 3]. The indentation 𝑥 can be calculated through image 

processing as given in (45). 

 

 
(a)                                                                                         (b) 

 

 

Figure 32. (a) Shows indentation 𝑥 caused in the cell due to collision. (b) Free body diagram of the cell after collision.   

𝑥 = 𝑅 − 𝑅′ (45) 

6𝜋𝛾𝐹𝑅𝑣𝐹  𝐹 

Cell 6𝜋𝛾𝐹𝑅(𝑣𝐶 − 𝑣𝐹) 

𝑣𝐹

. 
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Indentation 𝑥 is caused due to the normal force on the cell upon collision to the post. Although normal force is 

also an external force on the cell form the walls of the pillar, it is not included as a part of 𝐹𝑠. The Young’s 

modulus of elasticity (𝐸) of the cell with Poisson ratio of 0.5 can be estimated by Hertz model, as discussed earlier 

and given in (8): 

𝐹 =
16

9
 𝐸√

𝑅𝑅𝑝

𝑅 + 𝑅𝑝
 𝑥3/2  

 

Figure 32(b) shows the free body diagram of the cell when it comes to a complete rest after hitting a pillar. When 

the cell hits the pillar, it comes to a complete rest. Thus the resultant force 𝑚𝐶
𝑑𝑣𝐶

𝑑𝑡
 and the velocity 𝑣𝐶  of the cell 

become zero at the collision instance. The two major forces acting on the cell upon collision with the pillar are 

the normal force from the wall of the pillar and the force due to viscous fluid flow. From Figure 32(b), the normal 

force on the cell will be same as (8).  Upon applying these conditions (i.e., zero resultant force on the cell) in (1) 

and (8), we obtain an expression given by: 

 

𝐸 can now be calculated from the equation given 𝑣𝐹 and 𝛾𝐹. Velocity of the cell 𝑣𝐶  and acceleration 
𝑑𝑣𝐶

𝑑𝑡
 become 

zero. Under the assumption that other external forces (𝐹𝑠) are negligible, the above equation can be rearranged 

and simplified as follows: 

 

 

The value of elasticity may be calculated in images with high resolution, high frame rate and higher magnification 

as we will have a good observation for value of indentation 𝑥. 

The above work shows an idealistic means to calculate the cell elasticity from the given setup through image 

processing. The Young’s modulus of elasticity can be calculated when there is a collision, and it will be calculated 

as a bulk property. For the dead (PC-3−) cells, this can be challenging and more error prone due to the ambiguous 

shapes they attain. In such a case, fitting active contours in high resolution images is a viable option for analysis. 

6𝜋𝛾𝐹𝑅𝑣𝐹 =  
16

9
 𝐸√

𝑅𝑅𝑝

𝑅 + 𝑅𝑝
 𝑥3/2   

(46) 

𝐸 =
9𝑥−3/2 

16
 √

1

𝑅
+

1

𝑅𝑝
  [6𝜋𝛾𝐹𝑅𝑣𝐹]   

(47) 
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Rewriting the above expression as a discrete approximation (from Figure 32(a)) will result in the expression given 

below: 

Once we obtain a value of the cell radius and indentation through images, we can convert it to the real word units 

through camera parameters given in chapter 3. For calculating the Young’s modulus for a collision with a flat 

surface, we can simply replace √
1

𝑅
+

1

𝑅𝑝
 in (48) by √

1

𝑅
 and calculate indentations similar to the procedure discussed 

above. We require a high resolution and high magnification image data to observe the indentation. Collision with 

a flat surface is practically easier to model and calculate. However, the sphere-sphere collision model would 

require different techniques that could give us information about the third dimension. Measuring indentation upon 

collision with a cylindrical pillar is practical but the solution is not available in closed form. 

It has been shown [3] that Young’s modulus of elasticity of cells usually range between 1 − 100 kPa. This range 

was established through studying different types of cells under the AFM, both cancerous and non-cancerous. 

Typical indentation value on the cell by the AFM indenter ranges between 100 − 1000 nm. In [3], the Young’s 

modulus was calculated for a 200nm indentation on the cell wall. Usually, the spherical indenters are shown to 

give good estimates for the Young’s modulus through the Hertz contact model [1, 2, 3]. Typical diameter of the 

indenter is between 1 − 15 um, as shown in these works. Indentation of this small scale is not observable in our 

existing image data. The observable changes in the existing data are seen in the major axis of the cells as discussed 

in section 5.2. These changes signify the elongation of the cell where the force will be directly proportional to 

changes in cell dimensions (or major axis) as per the Hooke’s law [49]. In such as case, the cell needs to be 

stretched up to the elastic limits to have a reliable measurement of elasticity.     

Currently, the DEP based microfluidic device system has a 20 um diameter cylindrical pillar. As we showed 

above, contact between two non-conforming shapes does not give a closed form solution and may not be an 

effective approach for calculating Young’s modulus from the experimental setup. Moreover, the cell has to collide 

nearly head-on, and at the same place, with the pillars for a reliable measurement of indentation. In reality, the 

cells rotate in the buffer fluid and may not hit head-on facing the same region with subsequent collisions. 

Moreover, image resolution is insufficient to observe the actual indentations. Techniques such as super resolution 

imaging can be useful to upsize low resolution images. However, they require multiple image samples of the same 

instance of head-on collision. For the existing setup, using an electron microscope, or at least super resolution 

microscopy can be a good alternative to observe the indentation which can resolve down to a scale of ~250 nm.  

 

𝐸 =
9(𝑅 − 𝑅′)

3
2

16
√

1

𝑅
+

1

𝑅𝑝
 [6𝜋𝛾𝐹𝑅𝑣𝐹]   

(48) 
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Chapter 7 

Framework evaluation and results 

 

7.1      Introduction 

In this chapter we discuss the performance, accuracy and results of the algorithms that constitute our cell 

phenotype analysis framework. We start with establishing metrics which will be used for evaluation of the 

algorithms. The performance of the framework is dependent upon the performance of its constituents which are 

primarily object detection, tracking and classification. The performance of classifiers is dependent upon feature 

extraction and data collection – a pure noise free data usually gives better results. The analysis of the classifiers 

is purely based on the data that we have collected through tracking and automatic labeling. It is important to note 

that each component in the framework is directly dependent upon each other. Error or inaccuracies in blob 

detection are propagated to tracking. Inaccuracies in tracking are propagated to the feature extraction and thus 

classification.  

 

7.2      Evaluation Metrics 

We define evaluation metrics for detection, tracking and classification, each separately in this section. 

Performance of the framework will thus be established based on the performances of each of its constituents.  
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Object Detection: 

The object detection is a cascaded process that uses background subtraction followed by Difference of Gaussian 

(DoG). We follow evaluation guidelines similar to [32, 39] for our blob detector. Our DoG based object detection 

is a threshold dependent process. These fixed thresholds were set for background subtraction after thorough 

manual inspection of the grayscale images and the DoG filter dimensions. These thresholds are different for 

different video data sets. Performance of the detector is dependent upon these thresholds and automating the 

threshold selection process should be considered for future works. Our evaluation of object detection is done by 

manually calculating the metrics for video 1 (discussed in section 3.3). The objects under consideration are cells, 

and evaluation metrics used for our object detector are as follows: 

 

 Correct Detections (CD): Number of correctly detected cells (with bounding boxes: True positives). 

 False Detections (FD): Number of regions incorrectly detected as cells (False positives). 

 Detection Failure (DF): Number of regions not detected but is actually a cell (False negatives). 

 Merged Region (MR): Number of detections of two or more cells as a single object. 

 Partial/Split Region (SR): Number of detections of a single cell as two or more objects. 

 Ground Truth (GT): The actual number of cells. This is same as CD+DF+MR. 

Using the above evaluation parameters, we can now calculate the precision (P), recall (R) and F measure for 

object detection. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃) =
𝐶𝐷

𝐶𝐷 + 𝐹𝐷
 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =
𝐶𝐷

𝐺𝑇
 

𝐹 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 (𝐹) =
2𝑃𝑅

𝑃 + 𝑅
 

 

Multiple Object Tracking: 

We track cells in the video dataset through KLT and Hungarian algorithm. Although a robust tracker for the given 

data that handles changes in the object sizes (bounding box), much of its performance is dependent upon the 

performance of the blob detector. We follow evaluation metrics similar to [40, 41] for tracking along with some 

of our own metrics. We robustly handle changes in bounding box sizes by detecting the blobs and connected 

component analysis in every frame rather than propagating the boxes over frames. In this algorithm, KLT feature 

tracker is used such that we detect and obtain key feature points of cells (centroids) in current frame and use KLT 
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to locate corresponding feature points in the next frame. Also, the Hungarian algorithm is used for connecting the 

feature points obtained from KLT to form a track. The algorithm uses its cost as Euclidean distance and has an 

upper threshold value for associating tracks. Considering these factors, we use the following set of evaluation 

metrics for multiple object tracking: 

 Detected Tracks (DT): Number of tracks of an object (in two consecutive frames) as detected by the algorithm.  

 False Tracks (FT): The number of tracks assigned as cells when they are not actually cells.  

 Change in ID (CI): Number of times the track ID changes from the one assigned originally. This is equivalent 

to number of missed detections/tracks. This is primarily due to inaccuracies in blob detection such as merged 

detections, split detections or object detection threshold. This also includes the cases where a cell in current 

frame gets matched to a different cell in next frame. 

 Correct Tracks (CD): Number of tracks per consecutive frame detected correctly.  

 Ground Truth (GT): Number of frames with actual tracks for each cell.  

 Object Tracking Error (OTE): The average error in all tracked points with respect to centroid in terms of 

Euclidean distance (pixel units): 

 

where 𝑁𝑗 is number of cells in 𝑗th frame, 𝑓 is number of frames, (𝑥𝑝𝑗
𝑖 , 𝑦𝑝𝑗

𝑖 ) and (𝑥𝑐𝑗
𝑖 , 𝑦𝑐𝑗

𝑖 ) are the  position 

obtained through KLT and centroid for the 𝑖th cell in 𝑗th frame respectively.  

Thus the precision (𝑃) and recall (𝑅) for tracking can be given by: 

𝑃 =
𝐶𝐷

𝐶𝐷 + 𝐹𝑇 + 𝐶𝐼
 

 𝑅 =
𝐶𝐷

𝐺𝑇
 

F-measure can be calculated using the precision and recall given above.  

Classifiers: 

Classifier performance is dependent upon the feature data used, number of samples of a given class, and 

proportion of data of different classes (for example, having just one feature point for a class will not suffice for 

classifying similar test points). We use the following performance measures for the classifiers: 

𝑂𝑇𝐸 =
1

𝑓
∑ [

1

𝑁𝑗
∑ √(𝑥𝑝𝑗

𝑖 − 𝑥𝑐𝑗
𝑖 )

2
+ (𝑦𝑝𝑗

𝑖 − 𝑦𝑐𝑗
𝑖 )

2

𝑁𝑗

𝑖=1

]

𝑓

𝑗=1
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 Training Error: The error obtained on the training class labels when the training data is used as the test data 

on a fully trained model. It is defined using the zero-one loss function 𝐼, where 𝑦𝑖 is the actual class label and 

�̂�𝑖 is the predicted class label: 

 

 10-fold Cross validation: We divide the training data into 10 equal parts. We take 9 parts as training data and 

1 part as the validation data. We keep rotating the validation data 10 times and average the error from each 

fold to find the final error.  

 Test Error or Accuracy: Error on test data. Similar to training error, this will be a zero-one loss as well. 

 Precision, recall, false positive rate and F1 score (or F measure) for the test data were also calculated.  

 

7.3      Ground Truth 

Various image processing and annotating tools were tried on the video data sets for generating ground truth. One 

problem upon using these software was that some of them used the same algorithm for detection. Measuring 

against these tools would introduce some degree of ambiguity. As a way around we used the FIJI image processing 

and annotation package [43]. Although a time consuming process, we manually determined ground truth for 

detection, tracking and classification that could help us in calculating the performance metrics of our algorithms. 

Figure 33 below shows the FIJI (Fiji Is Just ImageJ) framework interface that was used for ground truth through 

manual inspection. We discuss the performance of our algorithms in the upcoming sections. 

 

Figure 33. FIJI image processing framework interface. 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =
1

𝑁
∑ 𝐼(𝑦𝑖 ≠ �̂�𝑖)

𝑁

𝑖=1
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7.4      Blob Detection Performance and analysis 

We perform analysis and evaluation of our ‘DoG + connected components’ based blob detector as per the 

evaluation metrics defined in the previous section. Video data set (video 1) shown in Figure 34 has been used in 

evaluation of blob detector. These videos have been extracted from the experimental setup shown in chapter 3. 

The video data shows PC-3+ (green) and PC-3− (red) cells. Evaluation of the blob detector was performed 

manually by counting the detected blobs on the data set over many frames using the FIJI image processing 

package [43]. After obtaining the evaluation metrics for each frame, average precision, recall and F measure for 

the algorithm were calculated.  

 

Figure 34. An example image frame from the video data set (video 1) used for analysis. 

The evaluation metrics were calculated for each frame through manual inspection. We obtained the evaluation 

data shown as an example in Table 1. This data was collected for over 40 randomly chosen frames from video 1 

shown in figure 34.  

  

Table 1. Shows an example of evaluation metrics and precision-recall values for cell detection calculated for nine frames. 

Frames Detections False 

Detection 

Correct 

Detections 

Detection 

Failure 

Merged 

Detection 

Partial 

Detections/Split 

detections 

Ground 

Truth 

Precision Recall F-Measure 

1 63 0 63 3 2 0 68 1 0.926 0.962 

2 62 0 62 2 4 0 68 1 0.912 0.954 

3 65 1 64 1 2 1 67 0.985 0.955 0.969 

4 64 0 64 2 2 0 68 1 0.941 0.969 

5 67 1 66 1 1 1 68 0.985 0.971 0.978 

6 62 0 62 2 3 0 67 1 0.925 0.961 

7 63 0 63 1 3 0 67 1 0.940 0.969 

8 60 0 60 2 2 1 64 1 0.938 0.968 

9 61 0 61 3 4 2 67 1 0.910 0.953 
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After obtaining average values of the evaluation metrics, the average precision, recall and F measure were 

calculated as the performance of the blob detector. Table 2 shows the average performance of the blob detector.  

Table 2. Average performance of the DoG based blob detector over all 40 frames. 

Precision Recall F-Measure 

0.9884 0.9610 0.974 

 

The blob detector shows reasonable performance as per the results obtained for video data (result for a single 

frame shown in Figure 35). The performance of the blob detector is highly dependent upon the DoG filter size 

and the intensity of the blobs. The filter size was selected empirically such that minimal false positive blobs be 

detected in the given set of video frames. Despite this value of the filter size, some blobs remain undetected or 

are detected intermittently in a few frames. This could be mainly due to the dynamic behavior of the cell shapes, 

illumination and the depth at which they travel. The algorithm is a combination of DoG and connected 

components and uses thresholds for detecting the cell blobs in the process of converting grayscale to binary. Any 

deviations in filter size or thresholds from the currently set value results in either detecting a lot of false blobs or 

in missing out many of the correct blobs. This setting of the detection parameters causes much of the error and 

inaccuracies in identifying cell blobs in the frames.  

 

Figure 35. Example blob detection result for a single frame. 

 

Other issues that occur in our detector are the occlusion, merging and partial detections (or bounding boxes). 

Detecting occlusion cases is almost always mishandled in this algorithm. There are cases where one cell almost 

completely occludes another cell in a few frames. This makes detecting the hidden cell very difficult. Figure 36(a) 
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shows an example image of nearly complete occlusion of a red cell below a green cell. Figure 36(b) shows merged 

detections. Merged cells are considered to be the same blob by the detector and gets treated as the same object.  

       

(a) (b) 

Figure 36. (a) A complete occlusion case circled (in cyan). (b) Merging and occlusion cases have been detected as single blobs (in 

dark blue). The same frame has been shown in (a) and (b) to show the two cases separately.  

There were no cases where a single blob is detected as two or more. However, there are cases where the blobs are 

detected partially such as bounding boxes partially covering the blobs. These cases arise mainly due to the 

thresholds governing the background subtraction. Thresholds have been set at a fixed value empirically. Any 

changes in threshold can cause increased cases of incorrect detections or missed detections. Further, most of the 

bounding boxes are tightly bound on the cells. There are very few cases where the bounding boxes miss the cell 

boundary by the width of a pixel or two. This is yet again accounted for the thresholds and filter size used in the 

Difference of Gaussian. Figure 37 below shows loose detection cases and incorrect detections.  

 

Figure 37. Example image showing false detection encircled in cyan and loose detection boxes in green.  
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7.5      Tracking Performance and Analysis 

To evaluate our KLT + Hungarian Algorithm based tracker, we obtain the tracking evaluation metrics through 

manual inspection of all the objects detected in video. Performance of our tracker is dependent upon the 

performance of the detection process. Also, the tracking is important for the feature extraction process from the 

cells. In the given video dataset, dead cells are much more in number than the live cells. In order to extract 

proportional amounts of feature data from the live (green) and dead (red) cells, the threshold and filter size of the 

blob detector were empirically kept at a desired value during the training phase on top of which tracking is 

implemented. Extracting features for all detected cells results in an excessive data for dead cells than the live 

cells. This negatively affects the classifier performance.  

The tracker performance is evaluated in conditions such that not all blobs are detected, unlike in evaluation of our 

blob detector where the best performing parameters were chosen. We use a filter size of 21x21 pixels with 

standard deviations 𝜎1 and 𝜎2 with values 15 and 20, respectively, to detect the blobs for tracking. The tracker 

was analyzed on whole video 1 which had 99 objects in total. The evaluation metrics recorded for tracking are 

shown in Table 3. These metrics were further used to calculate the precision, recall and F measure for all the 99 

tracked objects (15 live cells and 84 dead cells).  

Table 3. Shows the example evaluation metrics and precision-recall values calculated for 99 tracked objects. 

Object 

Number 

Detected 

Tracks 

False Tracks ID Change Ground Truth Correct 

Detections 

Precision Recall F-Measure 

1 742 1 1 742 741 0.997 0.999 0.998 

2 54 0 0 54 54 1 1 1 

3 54 0 0 54 54 1 1 1 

4 101 0 0 101 101 1 1 1 

5 49 0 0 49 49 1 1 1 

6 732 3 1 733 729 0.995 0.995 0.995 

7 57 0 1 58 57 0.983 0.983 0.983 

8 34 0 0 34 34 1 1 1 

9 36 0 0 36 36 1 1 1 

10 33 0 0 33 33 1 1 1 

11 24 0 0 29 24 1 0.828 0.906 

 

Similar to the evaluation of blob detection, we calculated the average performance measures in terms of precision, 

recall and F-measure for tracking. We also calculate the object tracking error (OTE) for which the ideal value (or 

the ground truth) is 0. Table 4 shows the results obtained for tracking over all frames in video 1.  

Table 4. Average performance of the KLT based tracker with respect to ground truth. 

Precision Recall F-Measure OTE 

0.9898 0.9388 0.9552 5.05 
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Our tracking algorithm is completely based on optical flow (KLT). As compared to previous results obtained 

through optical flow [32], we show robust and remarkable improvements. Our tracker also efficiently handles 

changes in size of bounding boxes. Most of the inaccuracies in this tracker are due to inaccuracies in the blob 

detection. OTE is the error due to the KLT tracker itself and is obtained with respect to blob centroids as the 

ground truth. Figure 38 shows example tracking results of detected cells.  

 

(a) 

         

(b) 

Figure 38. Example tracking results. (a) Successfully tracked paths (in blue). (b) Successfully tracked size varying bounding boxes for 

a sequence of frames. 

Most of the tracking failure cases appear due to inaccuracies in blob detection. The most common reasons (which 

also lead to inaccuracies in blob detection) are merging of two cells and failure to detect the cell in a single frame. 

This leads to tracking the incorrect cell or change of cell ID or both. Once the blob detector misses out a cell in 

one of the frames and then detects it again in some other frame, the cell ID changes, despite the track being 

correct. This causes a single cell to be treated as two or more different objects. We found 5 cases of 

merging/occlusion in the chosen video (video 1). Mostly, the red cells were beneath the green ones or in parallel. 
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Cases of complete occlusion are hard to detect and may require additional information about the depth axis. In 

some cases, the detector does not show these problems even after merging.  

Other reasons for inaccuracies in following the track of a cell are cost thresholds given to the Hungarian linker. 

Sometimes, despite the KLT predicting the correct position in the next frame, the cost threshold in Hungarian 

data association is less than the displacement of the cell. This causes the tracks to change or simply cease. The 

cell in the missed track is then treated as a new object with a new track. These inaccuracies related to change of 

cell ID are shown in Figure 39 for one example case, which also shows automatic class labeling. 

 

   

Figure 39. An example showing the change of cell ID. Image on the left shows cell 37 approaching cell 1. Image in the middle shows 

a merge in two cells causing some deviation in track for cell 37. Image on the right shows cell 37 changed to cell 45 (all encircled in 

white). The ID of cell 1 remains unaffected. Cell 42 in the middle image also faces a similar situation. 

Figure 40 shows example inaccuracies caused due to two moving and merging cells and due to the threshold of 

Hungarian data association.  

 

                

Figure 40. Image sequences of cell 50 and cell 59 moving side by side, cell 58 merging with cell 50, and ID 59 being incorrectly 

assigned to a different cell. Cell 50 still manages to come out consistently labeled. 

 

7.6      Classifier Performance and Analysis 

We primarily use linear support vector machine and logistic regression for feature based classification in our 

work. The features extracted are described in section 4.5 and chapter 5.  Cells are automatically labeled during 

the period when the DEP field is turned ON, and features are extracted until the cells disappear from the frame. 
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The classification results obtained from linear SVM and logistic regression are evaluated based on test error, train 

error, 10-fold cross validation and precision-recall metrics. Figure 41 below shows some classification results for 

SVM and logistic regression on a test frame. We use two videos of live and dead PC-3 cells where one is used to 

collect train data (video 1, discussed in section 3.3) and the other is used as the test data (video 2, discussed in 

section 3.3).  The data set used for classification has ~500 data points belonging to green cells (PC-3+)  and ~700 

data points for red cells (PC-3−).  

 

(a) 

 

(b) 

Figure 41. Example classification results from (a) logistic regression and (b) support vector machine. Class 1: Live and Class 0: dead.  

We used four different combinations of HOG cell sizes for training and testing our classifiers. Tables 5 and 6 

show the average performance measures of logistic regression and Support Vector Machine respectively when 

trained and tested for different HOG cell sizes. The largest HOG cell size we use is 4x4 and the smallest being 
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1x1. Logistic regression was trained using gradient descent for about 5000 iterations. The learning rate was fixed 

to 0.01 and the regularization parameter was set to 0.8. The SVM was trained using sequential minimal 

optimization (SMO) for about 15000 iterations.      

 

Table 5. Results for logistic regression for different HOG cell sizes. Highest accuracy in bold.  

HOG Cell Size Recall Precision False Positive 

Rate 

Accuracy F1 Score 

1x1 0.722 0.960 0.013 0.912 0.816 

2x2 0.782 1 0 0.936 0.866 

3x3 0.744 1 0 0.928 0.850 

4x4 0.620 0.904 0.026 0.876 0.732 

 

 

Table 6. Results for Support Vector Machine for different HOG cell sizes. Highest accuracy in bold. 

HOG Cell Size Recall Precision False Positive 

Rate 

Accuracy F1 Score 

1x1 0.724 0.960 0.0130 0.914 0.822 

2x2 0.798 0.926 0.0254 0.922 0.854 

3x3 0.814 0.922 0.0266 0.930 0.860 

4x4 0.782 0.976 0.0062 0.934 0.864 

 

 

From the above table, logistic regression performs best with a HOG cell size of 2x2 with an accuracy of 0.936, 

whereas SVM performs best with a HOG cell size of 4x4 with an accuracy of 0.934. A HOG cell size of 2x2 has 

more feature points and more dimensions as compared to a 4x4 cell size. The size of a feature vector affects the 

computational efficiency of a classifier− more the size, more the computations. The difference in performance of 

logistic regression on HOG 2x2 is very less compared to SVM on a HOG cell size of 4x4. Thus it is preferable to 

use an SVM for HOG cell size of 4x4. The training error for logistic regression is found to be 3.33%. Meanwhile 

for SVM we obtain a 6.67% training error. 10-fold cross validation errors are 5.3% and 6.4% for logistic 

regression and linear SVM, respectively. 10-fold cross validation error is calculated for 10 batches of randomly 

shuffled training data, and then all of them are averaged.    

It is seen that the elliptic and geometric features obtained in chapter 5 show differences in pattern, range and a 

different degree of variance between two classes. We concatenate elliptic features along with the HOG features 

and note for changes in performance of the two classifiers. We primarily use elongation, membrane compactness 
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and the eccentricity as additional features. Table 7 and 8 show the performance of the two classifiers using HOG 

features combined with elliptic features.   

 

Table 7. Results for logistic regression for different HOG cell sizes combined with elliptic features. Highest accuracy in bold. 

HOG Cell Size Recall Precision False Positive 

Rate 

Accuracy F1 Score 

1x1 0.744 0.962 0.0128 0.922 0.828 

2x2 0.776 1 0 0.940 0.868 

3x3 0.814 1 0 0.948 0.892 

4x4 0.506 0.882 0.0024 0.846 0.638 

 

 

Table 8. Results for Support Vector Machine for different HOG cell sizes combined with elliptic features. Highest accuracy in bold. 

HOG Cell Size Recall Precision False Positive 

Rate 

Accuracy F1 Score 

1x1 0.766 0.928 0.0256 0.914 0.830 

2x2 0.872 0.946 0.0190 0.950 0.906 

3x3 0.852 0.956 0.0124 0.948 0.900 

4x4 0.856 0.942 0.0184 0.946 0.892 

 

 

From the above two tables, SVM has an increased classification accuracy and perhaps the highest accuracy overall 

for a HOG 2x2 cell size combined with the elliptic features. Comparing the results for HOG + elliptic features 

and HOG alone, the accuracy increased overall when the elliptic features are combined with the HOG. As the 

HOG cell size increases, the feature vector size decreases and large scale features become prominent. The cells 

in the given data are small and small scale features are necessary for reliable classification. Using a HOG cell box 

size of a large value reduces the prominence of small scale features and we can expect a reduction in classifier 

accuracy. Overall, the best HOG cell size for the given data is 3x3 which is computationally easier to process and 

at the same time gives a good accuracy. Despite having higher accuracy of classification, false positive rates are 

higher in SVM than logistic regression. However, the F1 scores are higher for the SVM.  

The classifiers perform reasonably well using the obtained features, as evident from Tables 5-8. Addition of 

features such as axis ratio and compactness have a high variance between the two classes and thus give some 

boost to the classification accuracy. Much of the inaccuracies in classification are accounted for inaccuracies in 

tracking and feature extraction. Extraction of features from image patches is directly dependent upon the amount 

of information present in the image. We will be able to extract more information with higher resolution data.  
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CONCLUSION 

 

Our work showed a multifaceted framework for phenotyping of cells under the DEP experimental setup. It 

successfully established a technique for identification, tracking, automatic class assignments, feature extraction 

and classification of PC-3 cells using the microfluidic device and DEP. We also showed a model for calculating 

Young’s modulus of elasticity of cells in a similar approach as done in AFM, but potentially achieving the same 

for a batch of cells by consuming less time and being less expensive. Unfortunately, the data did not have enough 

information to provide us with a value of indentation. Another unique aspect of our work is the temporal feature 

extraction. It reveals dynamic changes in features of cells and classification results show that similar type of cells 

show similar dynamic behavior. Moreover, automatic class labeling enables us to assign class labels automatically 

for supervised learning rather than manually spending time to annotate images. It is shown that optical flow 

techniques perform well for tracking the cells in the video data sets with an average F-measure of 0.95 and an 

OTE of 5.05 pixels. The DoG and connected component combination used for blob detection also showed an 

average F-measure of 0.97. The classifiers also show a good performance in the test data. Logistic regression has 

an accuracy of 0.948 and SVM has an accuracy of 0.950 with the chosen parameters. Our framework can also be 

used in real-time for tracking, data collection and classification along with physical property calculations. We 

also use RBF and polynomial kernels in SVM, however, the linear SVM gives the best results for our extracted 

features.  
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IDEAS FOR FUTURE 

 

This work has a huge scope and lots of room for improvement. As we discussed in our work, there are differences 

between cancerous and benign cells. These differences have been established theoretically and also based on 

practical analysis from microscopic images. The next step will be to obtain data for cancerous vs. benign cells 

and apply the same framework to analyze differences. Background subtraction and detection algorithms might be 

improved by adaptive thresholding or other advanced background subtraction techniques. However, lack of 

differences in illumination of the cells and background can again lead to inaccuracies. Tracking can be a complete 

framework in itself which can handle occlusion, merging and cases of blob reappearances. Most importantly, an 

improved image resolution will give enhanced features which can improve classification accuracy instead. Usage 

of deep learning is highly recommended to look forward for very accurate classification results on high resolution 

images. But increasing resolution will have also increase computational complexity in its processing. Other 

features such as nucleus shape and size will also be a useful way to characterize the cells. Our model for elasticity 

shows an idealistic equation with many assumptions. This model is dependent upon the design of the microfluidic 

device pillars and to calculate its value through video processing, a high frame rate will improve accuracy and 

make the indentations on the cell wall more clear. For the purpose of sub-phenotyping response of the same type 

of cells under DEP in terms of frequency response, speed at which a cell is attracted to the post etc. can be a useful 

measure. Further, shape matching statistical techniques will also be a useful way to compare two kinds of cells. 

Scaling down the HOG features further and performing dimensionality reduction might also improve 

classification results. It is highly recommended that a higher resolution, frame rate and magnified data be used 

for the phenotyping framework. It is advisable that values of elasticity be calculated and measured against a 

standard device such as the AFM. Moreover, our framework can also be incorporated as a part of multi-physics 

software such as COMSOL. Further, our work has futuristic applications and can potentially give a new direction 

to the current treatment methods of diseases such as blood cancer. This setup can potentially be used as a device 

for selective killing of malignant cells at a very fast rate rather than current methods of localized treatment such 

as radiation therapy that also affects the benign cells. However, technical challenges such as effects of blood being 

directly passed through our system setup is something to be investigated upon.         
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