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1. Introduction 

According to the statistical data from World Health Organization, cancer was the 

second leading cause of death globally, responsible for an estimated 9.6 million 

deaths (about 1/6 of total global deaths) in 20181. Most cancer deaths are not caused 

by the primary tumor, but by secondary tumors formed through their metastasis2. 

J.Sleeboom et al. have illustrated the five steps of tumor cell metastasis, namely 

invasion, intravasation, survival, extravasation and secondary tumor development, and 

summarized previous research discoveries about metastasis2. Along with the 

long-time researches on the intrinsic factors that affect the tumor cell metastasis, 

researchers have also studied the effect of the cell-extrinsic factors in the tumor 

microenvironment (TME) on the tumor cell metastasis2. 

For the first step of the tumor cell metastasis, invasion, the extracellular matrix (ECM, 

the non-cellular fibrous regulatory support structure of most tissues, mainly composed 

of collagen, enzymes, and glycoproteins) is remolded by the tumor cells to promote 

cell migration2. During this remodeling process, both the stiffness and topography of 

the ECM are modified to provide microtracks for cell migration2, which is illustrated 

in Fig.1.1. As a result, the originally randomly distributed ECM fibers are aligned in 

an anisotropic pattern. P.Friedl et al. have summarized the multiple kinds of physical 

and chemical interactions between the tumor cells and the ECM in this invasion 

process, resulting in both a guided invasion and diverse modes of dissemination3. An 

increased local stiffness of the ECM near the microtracks to ensure the cell migration 

is always present. Consequently, the local stiffness of the ECM can be recognized as a 

symbol for the tumor cell metastasis. 

There are attempts to prevent the tumor cell metastasis by modulating the stiffness of 

ECM4, or inhibiting the LOX-mediated collagen crosslinking5, which both result in 

the change of ECM stiffness. Consequently, finding a way to fast probe the local 

stiffness of the ECM, detect the real-time ECM stiffness changes and show when and 
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where the tumor cell migration happens, can be very helpful to this kind of cancer 

researches. 

 

Fig. 1.1. ECM remodeling and tumor cell invasion 

At the same time, different types of Cancer-on-a-chip (COC) models are designed for 

different research purposes2. There are COC models using chemotactic gradient to 

study tumor cell migration6, 7, and COC models with a perfusion system to study the 

nutrient and drug delivery for tumors8, 9. The development of COC has reached a 

relatively high level, and new models closer to real human TME focusing on more 

detailed principles of cancers are being developed. As a result, a real-time in vitro 

probe for the ECM stiffness can play a big role in future COC models for the cancer 

pathology and drug testing. 

People have long been trying to probe the stiffness of different materials inside the 

human body. Magnetic Twisting Cytometry (MTC) is a technique to measure the cell 

stiffness by twisting magnetic micro beads bound to the cell membrane and measuring 
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the resulted bead movement10-13. After being first introduced by N.Wang et al. in 

199310, this technique has been studied and developed by many researchers, and 

reached a very mature level. And there are great numbers of ways to obtain and 

analyze the resulted data, such as developing a mechanical model for the cell-bead 

system11, making use of the frequency domain to expand the frequency range of the 

measurement12, and developing particle tracking algorithms to precisely measure the 

displacements of micro beads13. For MTC, magnetic micro beads are ligand-coated 

and bound to the cell membrane, and the stiffness of one spot on the cell surface is 

measured by one single bead. This strategy is very reasonable, as there is one 

particular target for the beads to bond, which is the target cell. However, for probing 

the ECM stiffness, this is no longer proper, because there are different materials in the 

ECM, such as collagen, enzymes, and glycoproteins, making the stiffness of the ECM 

more about a general area instead of some particular points.  

So, for our purpose, we need to develop a tool that can probe the local stiffness of a 

small area regardless of the materials in it. It has been demonstrated both numerically 

and experimentally that magnetic particles in some fluid can form a chain and 

perform some collective movement under the effect of an external magnetic field and 

the viscosity of the fluid14. As a result, by analyzing the movement and shape of a 

magnetic particle chain in the ECM, we may approach the ECM stiffness around it. At 

the same time, compared with the average tumor cell diameter ranging from 20 to 30 

μm15, micro particles with an average diameter of a few micrometers can form a 

chain relatively short (compared with the bulk of tumor cells trying to migrate) and 

sense the local stiffness of ECM, which is shown in Fig.1.2. 

To mimic the natural ECM, there are a great number of articles demonstrating that 

gelatin methacryloyl (GelMA) is a good choice, with its tunable mechanical, 

degradation and biological properties16, 17. GelMA is so biocompatible and 

mechanically tunable that it’s used to build ECM 16, 17, and vascular networks18. 
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X.Zhao et al. have demonstrated a way to measure the mechanical properties of 

GelMA and the relationship between the GelMA concentrations and its Young’s 

modulus16. Consequently, GelMA is chosen to build the artificial ECM in our 

experiment. If the probe can be made, the next step is to culture tumor cells in the 

artificial ECM (GelMA) and see whether the probe can show when and where the 

tumor metastasis happens. 

 

Fig. 1.2. Chains of magnetic micro particles to probe local stiffness of ECM 

The aim of this project is to demonstrate that we can use magnetic micro particle 

chains as probes to measure the local stiffness of some artificial ECM made by 

GelMA and further sense the local stiffness changes of the ECM to see when and 

where the ECM remolding happens. If this goal can be achieved, it will help COC 

models a lot with the cancer pathology study and drug testing. To make this probe, it 

is very important to find the correlation between the movement of a magnetic micro 

particle chain under the external magnetic field and the stiffness of the GelMA in 

which the chain lies. This correlation will be summarized into a physics model. After 
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obtaining this correlation, it is easy to build a real-time in vitro probe to sense the 

local stiffness changes of the artificial ECM. This process is shown in Fig.1.3 below. 

 

Fig. 1.3. The principle of this project 

In practice, the magnetic particle chains inside some artificial ECM sample are 

discretely distributed. Thus the stiffness values probed by these chains are also 

discretely distributed and values of only a limited number of sub-regions in the whole 

sample area are available. But if we want to make a very useful tool in COC models 

to help analyze the possible tracks for the tumor metastasis, we should make a 

stiffness map of the whole sample area which can let the users directly see where the 

tumor metastasis will the most likely happen. This work involves data estimation and 

visualization. 

This report introduces the preparation of experimental samples, the setup of 

experimental devices, the physics model for the micro probes, the procedure of the 

experiment, and the algorithms for image processing, data estimation and 

visualization. 
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2. Materials and devices 

This chapter introduces the choice of materials for our experiments and the setup of 

the experimental devices. All the data and graphs about the experimental materials in 

this chapter will be used in the Physics model chapter and be used in the 

corresponding code. 

2.1 Experimental materials 

The material used as the artificial ECM is Gelatin-Methacryloyl (GelMA, bloom 300, 

80%, SIGMA-ALDRICH), for its bio-compatibility and very tunable stiffness. It has 

been proven that both the GelMA concentration16 and the photocrosslinking 

conditions19 can affect the mechanical properties of resulted crosslinked GelMA. This 

enables us the access to a large range of GelMA stiffness to experiment on and get the 

data, which will help us reach a proper physics model. Besides, it has been proven 

that the Young’s modulus of ECM can change in a very big range (from the 10-1kPa 

scale to the 102kPa scale) from the healthy area to the tumoral area20. Consequently, 

the large range of GelMA stiffness makes it able to mimic the large range of the ECM 

stiffness in reality. 

After obtaining a relatively accurate physics model, we will try to put these micro 

probes into COC models and do experiments with tumor cells. So, the 

bio-compatibility of GelMA can help. Besides, the large numbers of previous works 

using GelMA to build bio-structures16, 17, 18 can be very helpful references when we 

design the COC models. 

As for the micro magnetic particles, two types of magnetic particles are available, 

namely the paramagnetic particles and the ferromagnetic particles. And the magnetic 

properties of the magnetic materials are summarized by J.Abbott et al.21. The major 

difference between these two types of magnetic materials is that there will be some 

magnetic remanence in the ferromagnetic material after being magnetized, while no 
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remanence will be present in the paramagnetic material. This difference can be seen in 

the magnetization processes of these two types of magnetic materials in Fig.2.1 

below. 

 

Fig. 2.1. Typical magnetization processes of (A) ferromagnetic materials (B) paramagnetic materials 

From Fig.2.1 we can see that for the ferromagnetic material (A), once the material is 

magnetized there is some magnetic remanence Br left in the material after the 

magnetic field is cancelled, while no remanence will be present in the paramagnetic 

material (B). In such a way, the ferromagnetic particles can be recognized as micro 

magnetic dipoles after being magnetized, while the paramagnetic particles can be 

magnetic only when there is a magnetic field. Usually in practice the simplified 

version of the curves are used, since they require less calculation while maintaining an 

acceptable accuracy21. The physics models for chains made up with these two types of 

particles will be discussed later. 

The particles we chose are paramagnetic particles with an average diameter of 2μm 

(micromer®-M, 08-02-203) and ferromagnetic particles with an average diameter of 

4.7μm (SPHEROTM, CFM-40-10). From the datasheets of these two kinds of micro 

particles we can see that they are very representative paramagnetic and ferromagnetic 

particles able to help us develop physics models for both of these types of magnetic 

particles in soft materials. Their respective simplified magnetization curves are shown 

in Fig.2.2 and will be used in the calculation of the physics models. The relationship 
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between the physics values will be discussed in the Physics model and methods 

chapter. Both kinds of particles are stored as the suspension in water. 

 

Fig. 2.2. The magnetization curves of (A) the paramagnetic particles (B) the ferromagnetic particles 

To make the GelMA solution sample photo-crosslinkable, we need to put some 

photoinitiator into the GelMA solution, for which we chose Irgacure2959. The 

photoinitiator can undergo a photoreaction by absorbing light and initiate the 

polymerization of the GelMA. As a result, the GelMA solution will become the form 

of polymer. 

The properties of these experimental materials will be further discussed later in the 

Physics model and methods chapter. 

2.2 Experimental devices 

According to our goal introduced in the Introduction chapter, we need a device to 

provide us with all kinds of magnetic fields to manipulate the magnetic particles 

inside the GelMA sample and a microscope to observe the behaviors of them. To 

fulfill all these requirements, we used the Octapolar electromagnet setup introduced in 

Ref. 14, which is shown in Fig.2.3. 

The electromagnet (A) (the Octapole) can provide a magnetic field in the 3-D space, 

but in our experiments we only need magnetic fields in the horizontal plane. Between 
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a pair of face-to-face poles, a relatively uniform and linear magnetic field can be 

generated and maintained (Fig.2.4 (B)). And this kind of uniform magnetic field can 

be used to manipulate the magnetic particle chains, which will be discussed later. 

 

Fig. 2.3. The Octapolar electromagnetic setup (A) the electromagnet (B) the electromagnet controller (C) the 

microscope (D) the microscope controller 

From Fig.2.4 we can see that in order to do experiments within the Octapolar 

electromagnetic setup, we need to design a chip that can first be put into the setup, 

then locate the sample in the central area of the setup to guarantee an uniform 

magnetic field around the sample. The design of the chip is shown in Fig.2.4 (A) and 

it is used in all our experiments. 

 

Fig. 2.4. The chip to hold the sample in the Octapole (A) the design of the chip (B) the chip in the 

electromagnet (C) the magnetic field between a couple of poles 
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The controller of the Octapole enables us to control the frequency, amplitude, phase 

and wave form (square or sinusoidal) of each pole. To get an uniform magnetic field 

in the space between a pair of poles, we need to set the two poles with the same 

amplitude and a phase difference of 180°as a constant square wave. And the 

relationship between the amplitude of a pair of poles and the magnetic field in the 

central space of the two poles is shown in Fig.2.5. Please note that the A here is the 

amplitude of the poles rather than the current in their wires. 

 

Fig. 2.5. The magnetic field in the central space between a pair of poles of the Octapole 

Consequently, this Octapolar electromagnetic setup can enable us to manipulate and 

observe the behaviors of the magnetic particles in the GelMA sample. 

However, if we look at the simplified hysteresis curve of the ferromagnetic particles 

(Fig.2.2(B)) we can see that the curve is quite narrow. And this narrow curve means 

although the magnetic remanence after the saturation is quite large (about 0.08T) yet 

if the saturation is not reached the magnetic remanence will be very small. But the 

saturation requires the magnetization field to be about 500mT, which is far beyond the 

capability of the Octapolar electromagnet (the Octapole). In order to get a 

magnetization field as strong as possible, we can use a more powerful electromagnet 

shown in Fig.2.6. For our convenience, we call it the BIG in the later context. 
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Fig. 2.6. Magnetizing the chains of ferromagnetic particles in the BIG 

The gap between the two poles is 6cm, and when the current in the wire is 20A the 

magnetic field in the central plane of the gap is about 290mT, which is much larger 

than the magnetic field that the Octapole can provide. And the gap can be decreased 

by fixing a pad to one of the poles, further increasing the magnetic field. 

To UV treat the GelMA samples, we use a handheld UV lamp (UVL-56, UVLTM) 

providing UV light with the wavelength of 365nm. 

2.3 Preparation of experimental samples 

With the previously introduced materials we can prepare the experimental sample, 

which involves two main parts, namely making the chip and preparing the GelMA 

solution. 

We use the laser cutter to make the chip, and the procedure is shown in Fig.2.7 below. 

The first step is to cut the top layer, which is a 0.5mm-thick PMMA plate with 

double-sided tapes on both of its sides. The second step is to cut the bottom layer, 

which is a 3mm-thick PMMA plate. Then bond these two layers together with the 

double-sided tape. 
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Fig. 2.7. The procedure of fabricating the chip 

The GelMA solution is made of GelMA, Irgacure2959, the magnetic particles and 

PBS. According to the amount of the PBS to be used in one sample, we can weigh the 

GelMA and Irgacure2959, pipette the magnetic particle suspension liquid and put 

them into the PBS. Then we heat the mixture up to 70℃ on a hotplate for about 

10min to make the GelMA and Irgacure2959 completely dissolved in the PBS. After 

the sample is obtained, the container should be covered with some aluminum foil to 

prevent the photoreaction of the Irgacure2959. 

GelMA solution samples of different GelMA concentrations will result in polymers of 

different levels of stiffness after being fully cured under the UV light. The amount of 

Irgacure2959 will affect the polymerization of the GelMA, too. As for the amount of 

magnetic particles, it should be large enough to enable the particles to form chains, 

while small enough to prevent the formation of too long chains or clusters. 

Consequently, the amount of all the materials used in one sample should be very 

carefully tuned, which will be discussed in the Experiments and results chapter. 

After making the chip and GelMA solution, we can put the GelMA solution into the 

central chamber of the chip and cover the chip with a glass cover. Finally, we can fix 

the chip into the Octapole and start our experiment. 
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3. Physics model and methods 

In this chapter we are going to discuss what the GelMA sample will be like after some 

UV treatment and what will happen to the GelMA sample when there is an external 

magnetic field. Once we can make a reasonable physics model to describe the 

behavior of the magnetic particles inside the GelMA sample under the effect of an 

external magnetic field, we can find methods to probe the local stiffness inside the 

GelMA sample. Please note that in this report all the physics symbols in bold are 

vectors, and the others are scalars. 

3.1 Principle 

For some GelMA solution, if the temperature is low enough it will undergo a sol-gel 

transition and turn into a gelation form22. This process is reversible as when the 

temperature is increased, the GelMA will undergo a gel-sol transition22 and turn back 

into the liquid phase. However, if we expose the GelMA sample under some UV light, 

it will polymerize irreversibly. We can see both the gelled (B) and polymerized (C) 

GelMA are in a gelation form from Fig.3.1. However, in Fig.3.1 (C) we can easily see 

that the fully polymerized GelMA is an elastomer, while the gelled GelMA is more 

like some visco-elastomer.  

 

Fig. 3.1. The GelMA sample in different phases (A) the liquid GelMA solution (B) the gelled GelMA (C) the 

fully polymerized GelMA 
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For an elastomer, the scenario is quite simple since there is obviously only the effect 

of elasticity in it. As for some visco-elastomer, there are effects of both elasticity and 

viscosity within it. But for the stiffness of this visco-elastomer, we only want to 

measure the effect of elasticity. When some deformation occurs within some 

visco-elastomer, the stress caused by viscosity scales with the rate of the strain (Eq. 

3.1), while the stress caused by elasticity scales with the strain (Eq. 3.2), which is the 

famous Spring and Dashpot model (the SLS model) shown below (Fig. 3.2). 

σ = 𝜂�̇�   (Eq. 3.1) 

σ = 𝐺𝛾   (Eq. 3.2) 

 

Fig. 3.2. The Spring and Dashpot model for visco-elastomers (A) the Spring model (B) the Dashpot model 

Consequently, it is possible to measure only the effect of elasticity when the 

deformation of GelMA reaches a static state, thus the strain is present while its rate is 

zero. Then the question becomes whether there will be a way that we can deform the 

GelMA sample locally and observe the corresponding local deformations. It has been 

demonstrated that paramagnetic particles can be aligned and form chains in soft 

polymer gels under the effect of some magnetic field23. And among all the chains, the 

relatively short ones can be wiggled by a magnetic field with some angle away from 

the direction in which the chains are aligned, while keeping a relatively straight 
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shape23. Consequently, when a magnetic particle chain is wiggled by a magnetic field 

in some (visco-)elastomer and reaches static (Fig. 3.3), we can tell that there is a 

balance between the magnetic and elastic effects on the chain. 

 

Fig. 3.3. A magnetic chain at static under the magnetic and elastic effects 

For a magnetic particle, it can be recognized as a magnetic dipole 𝒎 (unit: A ∙ 𝑚 ). 

When the particle is in a uniform magnetic field 𝑩 (unit: T), the magnetic field only 

applies a magnetic torque on it (Eq. 3.3a). As for the magnetic force, it scales with the 

gradient of the magnetic field, which is absent for a uniform magnetic field (Eq. 3.3b). 

And for a chain of multiple magnetic particles, the total magnetic torque is the sum of 

the magnetic torques on all the particles. If the magnetic particle chain does rotate 

under the effect of the magnetic torque, the surrounding (visco-)elastomer will apply 

an elastic torque on it to prevent the deformation. When the chain is static, there is a 

balance between the total magnetic torque (trying to rotate the chain towards the 

direction of the magnetic field) and the total elastic torque (trying to rotate the chain 

back to its original direction) on the chain (Eq. 3.4). In this way, we can use Eq. 3.4 to 

find the relationship between the rotational angle of the chain and the shear modulus 

of its surrounding (visco-)elastic material. 

𝑻 = 𝒎 × 𝑩   (Eq. 3.3a) 

𝑭 = ∇(𝒎 ∙ 𝑩)   (Eq. 3.3b) 
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∑ 𝑻 = ∑ 𝑻    (Eq. 3.4) 

In principle we want to study this phenomenon and obtain a physics model to describe 

it. This idea is very advantageous, as the target situation doesn’t require capturing the 

dynamics of the chains, which will need analyzing a video instead of just two images 

(of the original and stable states). As a result, this idea requires only the image 

analysis which consumes much less computer memory and leads to a faster algorithm 

than the video analysis algorithms. 

In order to conclude with a relatively simple and practical physics model, a few 

simplifications about the scenario are made. First of all, we can get a group of 

uniform magnetic fields within the whole space where the GelMA sample lies, so that 

when we are wiggling the magnetic chains there is only the magnetic torque on the 

chains. Secondly, we can ignore the dimensions of the micro magnetic particles and 

recognize them as magnetic dipoles. Thirdly, the GelMA sample is so soft that the 

rotation of a magnetic chain can only lead to the local deformation of the GelMA 

around it. With all these simplifications, a relatively less complicated situation is 

illustrated in Fig. 3.4, and all the later discussions are based on it. 

 

Fig. 3.4. The simplified scenario of the physics model 
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The chain is originally formed by aligning multiple magnetic particles (with a radius 

of 𝑟 ) in the deep blue plane in the GelMA sample (a flat column just surrounding the 

chain). Under a uniform magnetic field B perpendicular to its aligned direction, the 

chain rotates an angle of α degree and stays static at its current location. The total 

magnetic torque on the chain is 𝑻  and both the upper and lower parts of the 

GelMA have an elastic torque 𝑻  opposite to 𝑻  on the chain. In this situation, Eq. 

3.4 becomes Eq. 3.5. 

𝑻 = −2𝑻 , 𝑇 = 2𝑇    (Eq. 3.5) 

3.2 Model of gel 

The model of gel is to calculate the elastic torque 𝑻  in Fig. 3.4. Consequently, the 

object we are studying now is the flat column GelMA and its deformation (Fig. 3.5). 

The deformation is a typical torsion with the strain of the outer layer as 𝛾 (Eq. 3.6). 

 

Fig. 3.5. Torsion in the GelMA surrounding a chain (A) the GelMA column (B) the strain (C) the lower part 

of the GelMA 

γ = 𝛼 ≈ tan ( )   (Eq. 3.6) 

As the GelMA column is symmetric for the upper and lower parts, either part is 

twisted by a torque T from the chain. Let’s look at the lower part of the GelMA 

column, which is illustrated in Fig. 3.5 (C). If we take the GelMA as the object to 
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analyze, we can see that it can be recognized as a flat column twisted by a torque from 

the magnetic chain. From the Newton’s third law, we know that the torque from the 

GelMA to the chain and the torque from the chain to the GelMA are equal in value 

but opposite in directions (Eq. 3.7). 

𝑻 = −𝑻, 𝑇 = 𝑇   (Eq. 3.7) 

Consequently, if we can calculate the torque on the GelMA T according to the 

resulted deformation of the GelMA, we can get the elastic torque from the GelMA to 

the chain 𝑻 . But the strains at different locations are not the same, and we need to 

find a way to calculate the corresponding stresses to finally calculate 𝑻 . Let’s look 

at the cross-section in Fig. 3.7, which is in a polar coordinate. 

 

Fig. 3.7. The elastic torque on the GelMA (A) the cross-section (B) the elementary area 

An elementary area dA which is r (0 ≤ r ≤ R) away from the center of the circular 

area (Fig. 3.7(B)) with a width of dr and a span of d𝜃 is studied. The equations of the 

strain 𝛾(r), stress 𝜏(r), force f  and torque t on this elementary area are shown in Eq. 

3.8 below, in which the G is the shear modulus of the GelMA (unit: pa). 

γ(r) = tan ( ) , 𝜏(𝑟) = 𝐺 ∙ γ(r)   (Eq. 3.8a) 

f =  𝜏(𝑟)𝑑𝐴, 𝑑𝐴 = 𝑟𝑑𝜃𝑑𝑟   (Eq. 3.8b) 
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t = f ∙ r = 𝜏(𝑟) ∙ 𝑟 ∙ 𝑑𝐴 = 𝐺 tan ( ) 𝑟 𝑑𝜃𝑑𝑟   (Eq. 3.8c) 

With the elementary torque on one random elementary area (Eq. 3.8c), we can 

integrate this elementary torque on the whole cross-section to get the total torque T on 

this lower part of the GelMA column to result in the rotational angle φ. 

𝑇 = ∫ 𝑡 = ∫ ∫ 𝐺 tan ( )𝑟 𝑑𝜃dr = 𝐺 ∫ 𝑑𝜃 ∫ tan ( r)𝑟 dr =

2𝜋𝐺 ∫ tan ( r)  = {tan ( R) ∙ 𝑅 − ∫ 𝑟 d[tan ( r)] }   (Eq. 3.9a) 

Then we need to calculate the resulted integration of Eq. 3.9a. 

∫ 𝑟 d[tan ( r)] = ∫ 𝑟 ∙
( )

 dr = ∫ [𝑟 −  ]dr =

(𝑅 − ∫  )   (Eq. 3.9b) 

To calculate the resulted integration of Eq. 3.9b, we can implement the integration by 

substitution in Eq. 3.9c. 

∫  = ∫
[ ]

 = ln [1 + 𝑅 ]   (Eq.3.9c) 

By substituting Eq.3.9c into Eq.3.9b, we can get Eq.3.9d below. 

𝑟 d[tan (
𝜑

𝑟
r)] =

𝑟

2𝜑
𝑅 −

𝑟

𝜑
ln 1 +

𝜑

𝑟
𝑅  

= − ln 1 + 𝑅    (Eq.3.9d) 

By substituting Eq.3.9d into Eq.3.9a, we can get the T in Eq.3.9e below 

𝑇 = [tan ( R) ∙ 𝑅 − + ln(1 + 𝑅 )]   (Eq.3.9e) 
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From Eq. 3.7, we can finally get 𝑇 , assuming that the chain is made up of N particles, 

thus R = N ∙ 𝑟 . 

𝑇 = 𝑇 = [tan ( R) ∙ 𝑅 − + ln 1 + 𝑅 ]       

= [tan ( Nφ) ∙ 𝑁 𝑟 − + ln(1 + 𝑁 𝜑 )]   (Eq.3.10) 

3.3 Model of paramagnetic chains 

As described in Section 2.1, the micro paramagnetic particles used in our experiments 

are typically paramagnetic, thus have no magnetic remanence after being magnetized. 

So, after the particles are aligned into a chain, they are just geometrically aligned and 

there is no magnetization within them. Then why would the magnetic field B 

implement a magnetic torque on the paramagnetic chain and let it rotate towards B? 

Because when the magnetic field B magnetizes the paramagnetic particles, there is a 

geometry-dependent demagnetization effect within the particles21, which is very 

strong in the direction where the geometry of the paramagnetic object is relatively 

shorter, while very weak in the direction where the geometry of the paramagnetic 

object is relatively longer21. Consequently, for a magnetic chain made up with 

paramagnetic particles, when it is in a magnetic field B it will be magnetized more 

along its main axis than in other directions. And this uneven magnetization m will 

have an angle with respect to the magnetic field B, resulting in a magnetic torque 𝑻  

on each particle of the chain towards the direction of B (Fig. 3.8). As for the chain, 

with the interactions between single particles, the form of the chain will be kept and 

the particles will rotate together if the chain is not too long23. 
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Fig. 3.8. Magnetization in a paramagnetic particle chain (A) the chain (B) a single particle 

To get the magnetizations 𝒎  and 𝒎 , we need to first use the magnetization curve 

of the paramagnetic particles (Fig. 2.2(A)) to get magnetizations 𝒎 ,  and 𝒎 ,  

according to the magnetic field B without the demagnetization effect, then subtract 

the demagnetization effect from the magnetizations (Eq. 3.11).The demagnetization 

effect is often represented by the demagnetization factors 𝑛  and 𝑛 . 

𝒎 = 𝒎 , (1 − 𝑛 ), 𝒎 = 𝒎 , (1 − 𝑛 )   (Eq. 3.11) 

For a paramagnetic sphere, the demagnetization factors are 1/3 for each of the three 

directions, because of its complete geometrical symmetry. But for the chain, with its 

length along the main axis much longer than the dimensions in the other two 

directions, we can assume that the demagnetization factor along the main axis (𝑛 ) is 

nearly 0, while the demagnetization factors for the other two directions (𝑛  𝑎𝑛𝑑 𝑛 ) 

are both nearly 1/2 (Fig. 3.9). And from the data measured in previous works24, this 

assumption is quite accurate and proper. Note that in this report, we only pay attention 

to the x-y two-dimensional plane. 
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Fig. 3.9. Geometry of a chain 

As discussed in Section 3.1, we only need to analyze the condition of a chain when it 

is at static with the equilibrium between the elastic torque and the magnetic torque on 

it. Let’s look at Fig. 3.10, which illustrates the static condition of the chain under the 

equilibrium. The particles were originally aligned in the direction of the red dash line, 

then wiggled by the magnetic field B and rotated an angle of φ degree (Fig. 3.10(A)). 

The chain stays static under the balance between the magnetic and elastic torques in 

this new position. 

 

Fig. 3.10. The magnetization of a chain at static after rotating an angle of φ (A) the geometry of the chain (B) 

the decomposition of the magnetic field (C) magnetic torques in two directions 

As discussed previously, the demagnetization factors in the directions along and 

perpendicular to the main axis of the chain are different. So, the magnetic field B is 

decomposed in these two directions (Fig. 3.10(B)) into 𝑩   𝑎𝑛𝑑 𝑩  (Eq. 3.12).  
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𝑩 = 𝑩 + 𝑩 , 𝐵 = 𝐵 sin 𝜑 , 𝐵 = 𝐵 cos 𝜑   (Eq. 3.12) 

For any one of the particles, we can use these two magnetic fields 𝑩   𝑎𝑛𝑑 𝑩  to get 

the intensities of the magnetic fields 𝑯   𝑎𝑛𝑑 𝑯  (unit: A ∙ 𝑚 /𝑘𝑔) and apply them 

to the magnetization curve of the paramagnetic particles (Fig. 2.2(A)) to get the 

magnetizations 𝑴   𝑎𝑛𝑑 𝑴  (unit: A ∙ 𝑚 /𝑘𝑔 ). After this we can use the 

magnetizations to get the magnetic moments 𝒎 ,   𝑎𝑛𝑑 𝒎 ,  (unit: A ∙ 𝑚 ) in these 

two directions. The relationships between these physics terms are summarized in Eq. 

3.13, in which 𝜇  is the permeability of vacuum, 4π × 10  𝐻/𝑚. 

𝑯 = 𝑩 , 𝑯 = 𝑩    (Eq. 3.13a) 

𝒎 , = 𝑚𝑴 = 𝜌𝑉𝑴 = 𝜋𝑟 𝜌𝑴 , 𝒎 , = 𝜋𝑟 𝜌𝑴    (Eq. 3.13b) 

After getting the magnetic moments 𝒎 ,   𝑎𝑛𝑑 𝒎 , , we should recall Eq. 3.11 that 

the demagnetization factors of these two directions are not the same (𝑛 = 0, 𝑛 =

0.5). And this condition is illustrated in Fig. 3.10(C). 

From Fig. 3.10(C), we can see that for a random particle, the magnetic torque 𝑻  

resulted from 𝒎   𝑎𝑛𝑑 𝑩 and the magnetic torque 𝑻  resulted from 𝒎   𝑎𝑛𝑑 𝑩 

are in the opposite directions. So, the sum magnetic torque T from the magnetic field 

B on the particle should be the sum of 𝑻  𝑎𝑛𝑑 𝑻  (Eq. 3.15). 

𝑻 = 𝒎 × 𝑩, 𝑇 = (1 − 𝑛 ) ∙
4

3
𝜋𝑟 𝜌 ∙ 𝑀 ∙ sin

𝜋

2
− 𝜑 ∙ 𝐵 

= 𝜋𝑟 𝜌𝐵 ∙ 𝑀 (1 − 𝑛 ) cos 𝜑   (Eq. 3.15a) 

𝑻 = 𝒎 × 𝑩, 𝑇 = (1 − 𝑛 ) ∙
4

3
𝜋𝑟 𝜌 ∙ 𝑀 ∙ sin 𝜑 ∙ 𝐵 

= 𝜋𝑟 𝜌𝐵 ∙ 𝑀 (1 − 𝑛 ) sin 𝜑  (Eq. 3.15b) 
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𝑻 = 𝑻 + 𝑻 , 𝑇 =
4

3
𝜋𝑟 𝜌𝐵 ∙ 𝑀 (1 − 𝑛 ) cos 𝜑 −

4

3
𝜋𝑟 𝜌𝐵 ∙ 𝑀 (1 − 𝑛 ) sin 𝜑 

= 𝜋𝑟 𝜌𝐵[𝑀 (1 − 𝑛 ) cos 𝜑 − 𝑀 (1 − 𝑛 ) sin 𝜑]   (Eq. 3.15c) 

Up till now, we have obtained the magnetic torque on one particular particle in the 

chain. The next step is to calculate the sum magnetic torque on the whole chain 𝑻 . 

If we can recognize the chain as a rigid body, we can get the sum magnetic torque on 

the chain by simply summing the magnetic torques on all the particles together (Eq. 

3.16). This is why we emphasized in Chapter 2 that we need the chains to keep the 

form of a rigid chain during the rotation. And whether it can be reached in our 

experiments will be discussed in depth in Chapter 5. 

𝑇 = ∑ 𝑇 = 𝑁𝑇 = 𝜋𝑁𝑟 𝜌𝐵[𝑀 (1 − 𝑛 ) cos 𝜑 − 𝑀 (1 − 𝑛 ) sin 𝜑]  (Eq. 3.16) 

3.4 Model of ferromagnetic chains 

For the ferromagnetic particles, they will be magnetized under a magnetic field just as 

the paramagnetic ones do. Consequently, the magnetic torque on a ferromagnetic 

particle chain involves a part with the form of Eq. 3.16. Besides, as mentioned in 

Chapter 2, the ferromagnetic particles can have some remanence once magnetized. So, 

the total magnetic effect on the ferromagnetic chain is the combination of the effects 

of magnetization and magnetic remanence. 

The way how magnetization works on the chain is discussed in the previous section. 

Let’s take a look at how the magnetic remanence works. After magnetized by a 

magnetic field 𝑩 , each ferromagnetic particle will have a remanence of 𝑩  

according to its hysteresis loop (Fig. 2.2(A)), and can be recognized as a magnetic 

dipole with its magnetic moment 𝒎  shown in Eq. 3.17. 

𝒎 = 𝑩 𝑉 = 𝜋𝑟 ∙ 𝑩    (Eq. 3.17) 
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Consequently, for a ferromagnetic particle chain, if it is magnetized in the direction in 

which the particles are aligned, the chain will always have a remanence along its main 

axis. And once there is a magnetic field with an angle away from the main axis of the 

chain, there will be a magnetic torque on each ferromagnetic particle of the chain. The 

situation is illustrated in Fig. 3.11. 

 

Fig. 3.11. A chain of magnetized ferromagnetic particles at static (A) the geometry of the chain (B) a single 

particle of the chain 

For each particle (Fig. 3.11(B)), the magnetic torque 𝑻  caused by the remanence is 

shown in Eq. 3.18. 

𝑻 = 𝒎 × 𝑩, 𝑇 = 𝑚 𝐵 sin( − 𝜑) = 𝑚 𝐵 cos 𝜑 = 𝜋𝑟 𝐵 𝐵 cos 𝜑   (Eq. 3.18) 

Just as discussed in the previous section, if the chain can be recognized as a rigid 

body, we can simply get the sum magnetic torque by summing up all the torques on 

the single particles (Eq. 3.19). 

𝑇 = ∑ 𝑇 = 𝑁 ∙ 𝑇 = 𝜋𝑁𝑟 𝐵 𝐵 cos 𝜑   (Eq. 3.19) 

And the total magnetic effect on the ferromagnetic chain should be the combination of 

the magnetic torques caused by the remanence and the magnetization, thus the 

combination of Eq. 3.16 and Eq. 3.16. 
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𝑇 = 𝑇 +
4

3
𝜋𝑁𝑟 𝜌𝐵[𝑀 (1 − 𝑛 ) cos 𝜑 − 𝑀 (1 − 𝑛 ) sin 𝜑] 

= 𝜋𝑁𝑟 𝐵{ 𝐵 cos 𝜑 + 𝜌[𝑀 (1 − 𝑛 ) cos 𝜑 − 𝑀 (1 − 𝑛 ) sin 𝜑]}    (Eq. 3.20) 

Note that the 𝑀  𝑎𝑛𝑑 𝑀  here are mass magnetizations (unit: A ∙ 𝑚 /𝑘𝑔), because 

for the magnetization curve of the paramagnetic particles (Fig. 2.2(A)) the mass 

magnetization is directly achieved. But for the hysteresis loop of the ferromagnetic 

particles (Fig. 2.2(B)), the magnetic fields 𝐵  𝑎𝑛𝑑 𝐵  (unit: T) are directly 

achieved, we need to adapt Eq. 3.20 to this feature and result in Eq. 3.21. 

𝑇 = 𝑁𝑉
1

𝜇
𝐵 𝐵 cos 𝜑 + 𝑁𝑉𝐵

𝐵

𝜇
(1 − 𝑛 ) cos 𝜑 −

𝐵

𝜇
(1 − 𝑛 ) sin 𝜑  

= {[𝐵 + 𝐵 (1 − 𝑛 )] cos 𝜑 − 𝐵 (1 − 𝑛 ) sin 𝜑}   (Eq. 3.21) 

𝐵  𝑎𝑛𝑑 𝐵  are the resulted magnetic fields of the ferromagnetic particles being 

magnetized by the external magnetic field B, which can be decomposed into two parts 

𝐵  𝑎𝑛𝑑 𝐵  (Eq. 3.12). 

3.5 Method to probe the gel stiffness 

After the three previous sections, we are able to calculate the magnetic torque 𝑇  

and the elastic torque 2𝑇  on the chain. And according to Eq. 3.5, we can reach our 

goal, the shear modulus G (unit: Pa). For a chain made up of paramagnetic particles, 

we need to combine Eq. 3.10 and Eq. 3.16 and the resulted G is shown in Eq. 3.22. 

G = NBρ
[ ( ) ( ) ]

[ ( )∙ ( )]
   (Eq. 3.22) 

For a chain made up of ferromagnetic particles, we need to combine Eq. 3.10 and Eq. 

3.21 and the resulted G is shown in Eq. 3.23. 

G = ∙
{[ ( )] ( ) }

[ ( )∙ ( )]
   (Eq. 3.23) 
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It is not easy to see the difference between these two types of models by simply 

looking at these two equations. So, a simulation using our available magnetic particles 

(Section 2.1) is done to show this difference in a more direct way. Assume that we 

have two chains with one of five paramagnetic particles and the other of five 

ferromagnetic particles, and we wiggle them with a magnetic field perpendicular to 

their originally aligned direction with the value of 30mT (the maximum that the 

Octapole can provide). Note that the magnetic field that aligned the ferromagnetic 

chain also affects the result by setting the remanence in the chain 𝐵 . So, we assume 

this magnetic field is also 30mT. With the rotational angle of the chains ranging from 

5° to 85° (Fig. 3.12(A)), the calculated shear moduli of these two kinds of chains are 

shown in Fig. 3.12(B). From Fig. 3.12 it can be easily seen that the calculate shear 

modulus using the chain of ferromagnetic particles is much larger than the calculate 

shear modulus using the chain of paramagnetic particles. In fact this phenomenon is 

very easy to explain, as the ferromagnetic particles can be magnetized much stronger 

than the paramagnetic ones, not to mention the remanence in the ferromagnetic 

particles, making the total magnetic torque on the ferromagnetic chain much stronger 

than that on the paramagnetic chain. Consequently, the same rotational angle φ means 

the GelMA containing the ferromagnetic chain is stiffer than the GelMA containing 

the paramagnetic chain, applying a stronger elastic torque on the chain. 

 

Fig. 3.12. Comparison between the paramagnetic and ferromagnetic models (A) a chain of five particles at 

static (B) calculated shear moduli of the two models 
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From the hysteresis loop of the ferromagnetic particles (Fig. 2.2(B)), we can see that 

the loop is quite narrow, which means when magnetized in a field much smaller than 

the saturation magnetic field (400kA/m) the remanence in them will not be big. So, 

when the ferromagnetic particles are not magnetized by a strong magnetic field, 

whether we can simplify the ferromagnetic model (Eq. 3.23) to the paramagnetic 

model (Eq. 3.22) need to be determined. To show the effect of the magnetic 

remanence in ferromagnetic particles on the results of the models, a comparison 

between the simulated results with chains (of five particels) with different 

magnetization conditions is shown in Fig. 3.13. The magnetization fields in Fig. 3.13 

are 25mT, 30mT and 190mT, which can be achieved by the Octapole and the BIG. 

From Fig. 3.13 we can see that even for the magnetization fields of 25mT and 30mT, 

which can be achieved within the Octapole, the magnetic torques on the 

ferromagnetic chain are much higher than the torques on the paramagnetic chain (Fig. 

3.13(B)) with the same rotational angle. As for the calculated shear moduli with 

different magnetization conditions, the difference is also very obvious (Fig. 3.13(C)). 

Consequently, the remanence in ferromagnetic particles cannot be ignored. 

 

Fig. 3.13. Simulation of a five-particle chain with different magnetization conditions 
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From Fig. 3.12 and Fig. 3.13, we can see that ferromagnetic particles can form chains 

able to probe the shear moduli of much stiffer GelMA than ferromagnetic particles 

can. And if we can magnetize the ferromagnetic chains in the BIG, the maximum 

shear modulus they can probe is increased by several times. 

With all the previous discussion in this chapter, we can conclude that the principle of 

the method to probe the stiffness of the GelMA shown in Fig. 3.4 is practical and 

reasonable. And we can summarize a rough procedure of this process here. Firstly, 

align the magnetic particles in the GelMA solution in one direction. Secondly, 

polymerize the GelMA to some degree. Thirdly, magnetize the chains in the BIG to 

get a larger remanence in them, and this step is optional. Finally, we can wiggle the 

chains with a magnetic field perpendicular to the direction where the chains are 

originally aligned and observe the rotational angles when the chains are static. With 

all the required data, we can apply Eq. 3.22 or Eq. 3.23 to calculate the shear modulus 

of the GelMA region in which each chain lies. The detailed procedure and the 

phenomena during this procedure will be discussed in Chapter 5. 

Among all the needed data for the equations to calculate the shear moduli, the number 

of the particles and the rotational angle of each chain are obtained with some image 

processing algorithm, which will be introduced in Chapter 4. 
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4. Image processing algorithms 

In this chapter, the algorithms to process the experimental images and extract required 

data for the equations of the physics model (Eq. 3.22 and Eq. 3.23) are introduced. 

The method to obtain the stiffness map of the whole image area is discussed. All the 

algorithms mentioned are implemented in Python and the image processing part 

makes use of the library OpenCV. Please note that whether the physics model is 

accurate is not discussed in this chapter, thus the values of the calculated shear moduli 

are not mentioned or discussed here. 

4.1 Structure of the program 

As mentioned in Chapter 3, our way to measure the stiffness of the GelMA sample 

requires us to get the rotational angles of all the magnetic chains within the sample 

after they are wiggled by an external magnetic field. So, we only need to look into the 

experimental image of the static state of the chains after the magnetic torque and the 

elastic torque on each chain are equal. And the program to fulfill this goal involves 

generally three modules, namely the image processing module, the physics model and 

data storage module and the stiffness map estimation module. The procedure of how 

this program works is shown in Fig. 4.1 below. 

 

Fig. 4.1. The procedure of the program 
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The output is a heatmap showing the stiffness distribution of the whole image field, 

which can tell us the local stiffness of any small region in this area. If we keep 

renewing the stiffness map of an area, we are able to probe the local stiffness changes 

within the area.  

In order to fulfill this procedure, each module has to deal with different tasks, which 

will be discussed in the later sections of this chapter. 

4.2 Image processing algorithm 

From Fig. 4.1 we can see that the first task for the program is to recognize and locate 

all the chains in one experimental image. A typical experimental image of 

paramagnetic particles is shown below as Fig. 4.2, and it will be used to demonstrate 

the results of each algorithm discussed in this section. 

 

Fig. 4.2. A typical experimental image (A) the whole image area (B) an example of clusters (C) an example 

of out-of-focus particles (D) an example of single particles 

As shown in Fig. 4.2 (B), (C) and (D), there are generally three kinds of issues in an 

experimental image, namely the clusters, out-of-focus particles and single particles. In 

order to get rid of these three kinds of disturbing factors, we use some pre-processing 
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method to filter out the out-of-focus particles and some object recognition algorithm 

to distinguish chains from clusters and single particles. The whole procedure is shown 

in Fig. 4.3. 

 

Fig. 4.3. The procedure of the image processing algorithm 

4.2.1 Image pre-processing 

Before converting the grayscale image back to a RGB image (note that for OpenCV 

the sequence of the three channels of the colored images is B, G and R, so we call the 

colored images BGR images here), it is the image pre-processing part. The chief goal 

of this part is to get rid of all features other than the particles in the focal plane in the 

image, which involves filtering out all the out-of-focus particles as well as noises. As 

the out-of-focus particles are very blurry, they may either act as noises or make the 

background darker. For the out-of-focus particles acting as noises, a Gaussian filter 

can filter them out together with the noises in the image. However, for a region with 

out-of-focus particles darkening the background, a traditional Gaussian filter will 

further smoothen this region, making the chains within it harder to be recognized. 

Consequently, the Gaussian filter is optional and only applied when the image is a 

little bit too noisy. 
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In fact, the thresholding does most of the job to filter out the features not in the focal 

plane. The simplest thresholding is just to binarize the image with a global threshold 

value, which is not helpful in our case, as the experimental images are too 

complicated. For example, we can see in Fig. 4.2(A) that the background brightness 

intensities vary from region to region due to many reason, such as different lighting 

conditions caused by the scattering and reflection of the light by the GelMA, and the 

previously mentioned out-of-focus particles. Consequently, this global thresholding 

with only one threshold value is not used here. Instead, we apply the combination of 

the adaptive thresholding and the Otsu’s binarization25 to our image. 

Unlike the global thresholding, the adaptive thresholding applies one specific 

threshold value for each specific region of the image. And this threshold value of the 

region is usually the mean value or a weighted sum of the pixel values in this region. 

So, we no longer have to worry about the different lighting conditions for different 

regions. As for the Otsu’s binarization, it is an algorithm to calculate the optimal 

threshold value for a bimodal image (an image with two peaks in its histogram) from 

its histogram. So, we can recognize the Otsu’s binarization as a way to find the 

optimal threshold value for a global thresholding. The results of these two 

thresholding algorithms working on the experimental image Fig. 4.2(A) are shown in 

Fig. 4.4, with the white parts representing the particle information of the focal plane. 

 

Fig. 4.4. The thresholding results of (A) the adaptive thresholding (B) the Otsu’s binarization 
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We can see from Fig. 4.4 that either of these two algorithms alone has one major 

defect for our application. For the result of the adaptive thresholding, it can get rid of 

the effect of different lighting conditions for different regions, but as its threshold 

value is very local it is also very sensitive to any feature in a region including the very 

unsharp ones like the out-of-phase particles and some noises, resulting in too many 

noises (Fig. 4.4(A)). As for the result of the Otsu’s binarization (Fig. 4.4(B)), we can 

see that it includes much fewer noises than Fig. 4.4(A). But if we look at the down 

and right sides of Fig. 4.4(B), we can see that the unwanted features are not filtered 

out, instead too much area of the regions is kept as some information of the focal 

plane. The reason is that although the Otsu’s binarization can find the optimal 

threshold value for an image, yet it is still a global thresholding, which means if the 

lighting conditions of this image vary in a very wide range, for some regions with 

quite extreme lighting conditions the thresholding with the optimal threshold value 

will fail to filter out the unwanted features. 

Fortunately, the defects of the two algorithms are not the same. Instead they are quite 

complementary, as the adaptive thresholding is too sensitive to local noises while the 

Otsu’s binarization cannot deal with regions with extreme lighting conditions. 

Consequently, we want to combine the advantages of these two algorithms. And by 

simply putting a bitwise and operator between these two results, we can keep only the 

features that appear in both of them and filter out all other features. Thus we get rid of 

the too many noises in Fig. 4.4(A) and the regions which the Otsu’s binarization is not 

able to deal with. The combined result is shown in Fig. 4.5(B) and can be further 

de-noised by a morphological opening operation (Fig. 4.5(C)). For comparison, the 

original image (Fig 4.2(A)) is also included here as Fig. 4.5(A). Fig. 4.5(D) is the 

final result of all the image pre-processing part, and will be introduced later. 
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Fig. 4.5. The image pre-processing results (A) the original image (B) after the combined thresholding (C) 

after the morphological opening operation (D) after the border clear 

The idea of the morphological opening operation is to use a kernel to slide through the 

image and conduct a task of two steps. For the first step, only when all the pixels in 

one kernel area are 1, they are set to 1; otherwise all the pixels will be set to 0. Then 

for the second step, all the pixels in one kernel area are set to 1 if at least one of them 

is 1. Consequently, for the relatively large and continuous features they will be eroded 

in the first step and dilated in the second step, thus in general no big change is made; 

while for noises or relatively small features (mostly single particles in our case) their 

small neighborhoods will be eliminated in the first step and nothing is left to be 

dilated in the second step. In this way, the noises and some single particles can be 
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filtered out, while the useful features are kept after the two steps of the opening 

operation. 

And the last step of the image pre-processing is to eliminate all features directly 

connected to the borders of the image. Because the features connected to the borders 

like one part of a chain can provide no usable information for us and we have to avoid 

putting them into the physics model. The result is shown in Fig. 4.5(D). 

So far, we have just finished the image pre-processing part and the next move is to 

extract the information about magnetic chains from the resulted Fig. 4.5(D), thus the 

object recognition part. After all the image pre-processing steps, there are only 

features of chains, clusters and single particles left in the resulted image. So, the main 

task is to distinguish among these three classes of objects. 

4.2.1 Object recognition 

The geometrical features of the objects are used to classify them. Consequently, the 

first step is to find all the contours in the image. Before starting processing the whole 

image, there is one very important property of the particles we need to obtain, the 

average number of pixels one particle occupies. This value can be used to recognize 

the single particles and calculate the lengths of chains later. We can achieve this goal 

by getting several segments of typical single particles from the original image and 

process them with all the previous procedures. Then we can get a bunch of single 

particle contours, of which the areas can be obtained. Normally, these particle area 

values would be almost a normal distribution, for which we can set a certain 

confidence zone (e.g., 90%) and only use the values within this zone. The mean value 

of these trusted values will be taken as the area of a single particle, from which we 

can obtain the average diameter of the particles. The results of this procedure are 

shown in Fig. 4.6. Just as mentioned, these segments of single particles are also from 

Fig. 4.2(A). Please note that the particle size, area and diameter here refer to the 

pixels one particle occupies. Besides, this average particle diameter is also used to 
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determine the number of particles in each chain, which is important to the physics 

model. 

 

Fig. 4.6. Measuring the average particle size (A) segments of single particles (B) the histogram of pixels 

occupied by detected single particles 

From Fig. 4.6 we can see that the single particles in the segments are successfully 

recognized (Fig. 4.6(A)) and the histogram of the area values (Fig. 4.6(B)) is 

generally in the form of a normal distribution. The region between the two black dash 

lines in Fig. 4.6(B) is the 90% confident zone and the rad line is the mean value. But 

as mentioned previously, the image pre-processing part aims at eliminating the noises 

as well as some single particles in the image, which will not affect its performance in 

measuring the average particle size because we just take the mean value of the area 

values of all the detected particles and only require the number of the detected 

particles to be large enough without having to know the rate of the particle detection. 

From the statistical point of view, the more single particles can be detected, the more 

accurate our measured value can be. For this image, we have the average particle area 

as 52 pixels and the average particle radius as 4 pixels. 

After obtaining the average size of the particles, we can classify all the objects. Firstly, 

the contours occupying too small areas are recognized as single particles. Normally, 
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any contour with an area smaller than three times the average particle area is 

recognized as a single particle and will be swept away from the image. This is 

reasonable, since too short chains are useless too. Secondly, we need to find the 

minimum bounding rectangle of each contour. Then the contours with aspect ratios 

(the ratio between the length and the width of the minimum bounding rectangle) not 

big enough (< 3) are recognized as clusters. Then the left contours are recognized as 

chains. The comparison between a cluster and a chain is shown in Fig. 4.7. 

 

Fig. 4.7. Aspect ratios of (A) a cluster (B) a chain (C) a chain buckling a little (D) a chain buckling a lot 

It can be seen from Fig. 4.7 that we can easily distinguish between chains (Fig. 4.7(B)) 

and clusters (Fig. 4.7(A)) by simply looking at their aspect ratios. And if we set the 

bar for the critical ratio rate properly, we can recognize the chains buckling a little bit 

(Fig. 4.7(C)) as chains and recognize the chains buckling too much (Fig. 4.7(D)) as 

clusters. After this object recognition process, the single particles are swept out, the 

clusters are painted blue, and the targeted chains are labeled with their central lines 

(Fig. 4.8(B)). The reason why the clusters are kept is that although in our current plan 

they are useless, yet for the future more complicated tasks the clusters can provide a 

lot of locational and geometrical information that may be useful. 
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Fig. 4.8. Result of the image processing module (A) the original image (B) the output image 

We can make use of the bounding rectangle of a chain to calculate the geometrical 

information of it. The idea is to first fit a line to the contour of a chain using the 

least-squares method (the slope-intercept form of the line: y = kx + b); then apply 

the boundaries of the bounding rectangle to determine the start-point (𝑥 , 𝑦 ) and 

end-point (𝑥 , 𝑦 ) of the line, which can be used to calculate the number of particles 

within this chain. This calculation is demonstrated in Fig. 4.9. 

 

Fig. 4.9. Calculation of the geometrical information of a chain (A) a chain with a slope between -1 and 1 (B) 

otherwise 

So far, we have obtained the locational and geometrical information of most of the 

chains in the original image. But there is one thing to note that for different 
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experimental conditions (e.g., the lighting condition, the concentration of the particles 

and the polarization of the GelMA) the experimental images may need different 

parameters or even different strategies for the image processing algorithms. In fact, 

almost every step of the previously introduced has some parameters that are tunable. 

And for some experimental images, there is another step needed before the object 

recognition. When the lighting condition is very good and the concentration of the 

particles is so proper that they can form chains but almost no clusters, everything 

seems so desirable (Fig. 4.10(A)). However, if we go through all the image processing 

procedure on this image, the result is quite disappointing, as only a few chains are 

found (Fig. 4.10(B)). This is confusing that compared to Fig. 4.2(A), Fig. 4.10(A) is 

much clearer, with less noise, less shadow from out-of-focus particles, and more 

obvious chains. And if we apply a morphological closing operation to the filtered 

image before the particle recognition part, a lot more chains can be found (Fig. 

4.10(C)). 

 

Fig. 4.10. Image processing results of an image with a good lighting condition (A) the original image (B) the 

resulted image after the previous procedure (B) the resulted image with a morphological closing operation 

The morphological closing operation is the opposite of the morphological opening 

operation, able to close small holes inside of some foreground objects. If we want to 

know the reason why it works, we should take a look at the contour of a chain 
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extracted from the original image after the image pre-processing part with (Fig. 

4.11(B)) or without (Fig. 4.11(C)) the morphological closing operation. 

 

Fig. 4.11. The object recognition of an image with good lighting condition 

From the contours of the two labeled chains in Fig. 4.11(B) and (C) we can see that 

because the original image was taken under a lighting condition so good that the 

particles are so clear and just on focus, the image pre-processing can even detect and 

keep the very small gap between two neighboring particles in a chain. As a result, the 

particles in one particular chain may have unconnected contours like islands (Fig. 

4.11(B)), which will not be recognized as a chain but a group of single particles by the 

object recognition algorithm. So, with a morphological closing operation able to close 

these small gaps between the neighboring particles in a chain, the continuous contour 

of a chain is kept, which will be recognized as a chain by the object recognition 

algorithm. 

In general, the parameters of the image processing algorithm and the parameters of 

the imaging conditions for the experiment should be tuned in a way that they can 

work together to provide satisfactory results. 
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4.3 Artificial images 

After all the work introduced in the previous section, we are able to extract all the 

information we need for our physics model. By putting the needed data into the 

physics model calculation algorithm, we can obtain the calculated shear moduli of the 

GelMA regions around the chains. For Fig. 4.2(A), it is an image describing some 

paramagnetic particle chains being wiggled by a magnetic field perpendicular to the 

direction in which they are aligned (the model of paramagnetic chains). And the 

calculated shear moduli of the whole GelMA area are shown in a heatmap (Fig. 

4.12(C)). Here we also include the original image and the resulted image of the image 

processing module for reference. We can see from Fig. 4.12(C) that each detected 

chain results in a circular region of a determined shear modulus (stiffness), while 

there is no data for places without detected chains. It is obvious that no matter how 

many chains there can be in one image, there must be some places without any 

calculated data, and that’s why we need to perform the stiffness map estimation in the 

next section. 

 

Fig. 4.12. The calculated shear moduli of a GelMA area (A) the original image (B) the result of the object 

recognition (C) the heatmap of the calculated GelMA shear moduli 

When we were trying different strategies for the stiffness map estimation, we found it 

hard evaluate the results with this kind of experimental images (Fig. 4.12), because 

we could not expect a certain pattern for the result of an experimental image after the 

estimation. For Fig. 4.12(C), although it seems that the value of each calculated shear 
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modulus varies in a big range, yet it is because the range of the heatmap is set to be 

very narrow. And if we make the range of the heatmap a little bit bigger, the 

difference between the brightness of different chain regions will be very small. 

Consequently, it was hard to tell whether one estimation strategy worked well on an 

experimental image. 

To have a better way to evaluate our data estimation strategies, we should take the 

advantage of the structure of the program, which separates the image processing and 

stiffness map estimation into two modules. For the stiffness map estimation module, it 

only takes an image like Fig. 4.12(B) to calculate the shear modulus of each chain 

region and estimate the shear modulus map of the whole image area. So, we can draw 

some artificial images which have some designed patterns, and if the chains in them 

can be detected successfully can result in images like Fig. 4.12(B), we can use them to 

test the data estimation strategies. Knowing the previously designed pattern, we can 

evaluate the result of the data estimation algorithm. An example of such artificial 

images is shown in Fig. 4.13, and the design pattern of this image is a mountain-like 

stiffness heatmap with the peak at its center. 

 

Fig. 4.13. An artificial image (A) the original image (B) the result of the object recognition (C) the heatmap 

of the calculated shear moduli 

In Fig. 4.13(A) we can see that we designed five chains in total, with one at the center 

and the other four at the four corners and the image processing module is able to 

detect all these five chains (Fig. 4.13(B)). And Fig. 4.13(C) is the resulted shear 
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modulus heatmap with an obviously high value region at its center. Consequently, we 

can use this kind of artificial images with designed patterns to test our data estimation 

algorithms. 

4.4 Stiffness map estimation 

For any data estimation task, it is clear that there is no way to get the exact and 

completely right result. But according to the application scenario, there are some 

principles, and the algorithms able to fulfill these principles are proper choices. The 

principle of the data estimation of the stiffness map is quite straightforward, that the 

shear modulus of one area is mostly affected by its nearest neighbors with known 

shear modulus. And among these nearest neighbors, the nearer one neighbor is to the 

target area, the more effect it has on the target area. Besides, as the GelMA is an 

elastomer, the shear modulus distribution should be continuous. 

Based on these principle and rule, the algorithm to estimate the shear modulus of the 

whole GelMA field is implemented. And this algorithm has two main parts, namely 

the K-nearest-neighbor algorithm and the Continuum algorithm. 

4.4.1 The KNN algorithm and the Continuum algorithm 

The K-nearest-neighbor algorithm is based on the principle mentioned above, and it is 

quite similar to the famous KNN algorithm for classification. The main idea of this 

algorithm is to find k nearest neighbors with known shear moduli for a point with no 

known shear modulus, and take the weighted average of the shear moduli of the k 

nearest neighbors as the shear modulus of this point (Eq. 4.1). The weights are the 

reciprocals of the distances between the target point and its k nearest neighbors to 

make sure that the nearer the neighbor is to the target point the more effect it has on 

the target point. 

𝐺 =
∑ ∙

∑
    (Eq. 4.1) 
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By applying this KNN algorithm (k = 2) to estimate the shear moduli in the vast areas 

without particle chains detected in Fig. 4.13, we can obtain an estimated shear 

modulus heatmap (Fig. 4.14). This is quite reasonable, as the raw distribution shows a 

high value at the center and a low value at each of the four corners making a 

mountain-like distribution desirable. But this figure has an obvious defect, that it has 

some sharp boundary lines, though some other boundary lines are very gradual. This 

defect is apparently against the continuous rule mentioned above. 

 

Fig. 4.14. The estimated shear modulus field of Fig. 4.13 via the KNN algorithm (k = 2) 

This incontinuous defect of the KNN algorithm is inherent and hard to get rid of. For 

(k + 1) data points with known data which are all candidates for the k nearest 

neighbors, if (k -1) of them are in a relatively narrow range while the other two are on 

two different sides far out of this range, there will appear a sharp boundary line. The 

reason is that this boundary line is separating the area into two parts sharing the (k - 1) 

data points and owning one of the two data points far out of the range respectively. 

Apparently, the estimated values in one part will be very different from estimated 

values in the other part. Moreover, along either side of the boundary line the values 

are different for different points, but the difference is very small as they all share the 

same k nearest neighbors, only the ratio of effect from these k neighbors on them are 

different. And as the boundary line is relatively far from the two data points with 

values far out of the range, the change of the estimated values is very small with the 

ratio of the dominant data point is relatively stable. 
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Let us look at an example to illustrate this idea. For a field of only four points with 

known values, two of which are very similar to each other (8 and 10 in Eq. 4.2), and 

the other two values (2 and 20) are far out of the range of these two values ([8, 10]). 

All the points If we set the k to three for the KNN algorithm, there will always be 

boundary lines in the resulted estimation field. 
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   (Eq. 4.2) 

With the size of the field becoming bigger, the boundary lines become sharper and 

more conspicuous as the result of the big contrast between the areas on both of their 

sides and the relatively constant values along them. This phenomenon is demonstrated 

in Fig. 4.15 below. 

 

Fig. 4.15. Examples to show the conspicuous boundary lines in the results of the KNN algorithm 
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In general, the KNN algorithm is designed for clustering, which aims at separating 

one area into several discrete parts for object classification. And Fig. 4.16 shows a 

typical KNN algorithm. 

 

Fig. 4.16 A typical task of the KNN algorithm 

In order to overcome the defect of the KNN algorithm, thus to eliminate the sharp 

boundary lines and make the whole field continuous, the Continuum algorithm is 

implemented. This algorithm is to mimic some continuous material by letting each 

point affect and be affected by its connecting neighbors. In order to keep the influence 

of the data points on each other in an acceptable range to avoid divergence, this 

algorithm is divided into steps and within each step every point is changed a little to 

make the difference between its connecting neighbors and itself smaller (Fig. 4.17). 

And each step makes use of the data from the previous step to calculate current values 

for each point (Eq. 4.3). 

𝐺 (𝑖, 𝑗) =  𝐺 (𝑖, 𝑗) +  𝛼{[ 𝐺 (𝑖 + 1, 𝑗) − 𝐺 (𝑖, 𝑗)] + [ 𝐺 (𝑖 − 1, 𝑗) − 𝐺 (𝑖, 𝑗)] +  [ 𝐺 (𝑖, 𝑗 +

 [ 𝐺 (𝑖, 𝑗 + 1) − 𝐺 (𝑖, 𝑗)] +  [ 𝐺 (𝑖, 𝑗 − 1) − 𝐺 (𝑖, 𝑗)]} = (1 − 4𝛼)𝐺 (𝑖, 𝑗) + 𝛼[𝐺 (𝑖 + 1, 𝑗) +

𝐺 (𝑖 − 1, 𝑗) +  𝐺 (𝑖, 𝑗 + 1) +  𝐺 (𝑖, 𝑗 − 1)]    (Eq. 4.3) 
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Fig. 4.17. The Continuum algorithm enables each data point to affect and be affected by its neighbors 

The Continuum algorithm can be recognized as diffusing the values at the known data 

points in a gentle and continuous way. If the updating rate (α in Eq. 4.3) is small 

enough, the values at the known data points will diffuse step by step, as shown in Fig. 

4.18. Finally this diffusion will reach the whole field and obtain stability. Of course a 

too small diffusing rate will make it take too long to reach stability (convergence). 

 

Fig. 4.18. The diffusion process of the Continuum algorithm 
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The point of this algorithm is that after the convergence all estimated values will not 

have too big difference between their connecting neighbors, thus no sharp boundary 

lines will appear and everything flows like a continuum, especially when the diffusion 

of several known values meet. After the implementation of the Continuum algorithm, 

the field of Fig. 4.13 becomes what is shown in Fig. 4.19 below. Compared with Fig. 

4.14, Fig. 4.19 gets rid of the sharp boundary lines and has a continuous appearance 

which suits the continuous rule mentioned before. 

 

Fig. 4.19. The estimated shear modulus field of Fig. 4.13 via the Continuum algorithm 

As shown in Fig. 4.18, the diffusion of the known values is stepwise, which means for 

a raw data filed with a lot of zeros like Fig. 4.12(C) (the raw stiffness map of a real 

experimental image) the known values can only diffuse one point further in each 

direction per step. Consequently, it takes a long period of time for the calculated 

values to diffuse to the whole field (Fig. 4.20), and even longer to reach the final 

convergence. For a neighborhood with only zeros, this step will have no change in 

any of the points in this neighborhood. So, to save time, we need to initialize the field 

by assigning reasonable initial values to all the unknown data points. 
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Fig. 4.20. The slow Continuum algorithm (A) the raw stiffness map (B) the result after 10000 steps 

As discussed previously, though with a defect, the KNN algorithm can give a 

reasonable data distribution to the field in general. Consequently, we can use the 

KNN algorithm to initialize the whole field and then use the Continuum algorithm to 

fix the defect of the KNN algorithm, thus eliminating the sharp boundary lines and 

making the field more continuous. In comparison to the slow diffusion process in Fig. 

4.20, the result of the combination of the KNN algorithm (k=5) and the Continuum 

algorithm (7579 steps) upon the same raw data field is shown in Fig. 4.21 below. 

 

Fig.4.21. The combination of the KNN and the Continuum algorithms 



Probing local stiffness changes of artificial extracellular matrix using magnetic particles               Pan Zuo 

 51 / 82 
 

By comparing Fig. 4.20 and Fig. 4.21, we can easily see the combination of the KNN 

algorithm and the Continuum algorithm can obtain a result that generally suits the 

principles mentioned at the beginning of this chapter. 

As the Continuum algorithm is stepwise, we need to find a way to make sure when 

the convergence is achieved and the algorithm can stop. In fact, after some steps the 

data field is already quite close to the convergence and it is hard to determine whether 

it is indeed convergent only by looking at the heatmap. In the heatmap, some defects 

are quite hard to be observed if it is not compared with the heatmap after a few steps. 

The resulted heatmaps of the KNN and Continuum algorithm after different steps are 

shown in Fig. 4.22. 

 

Fig. 4.22. The resulted heatmaps of the KNN and Continuum algorithms after different steps 

It can be seen from Fig. 4.22 that the difference between (A) and (B) is quite obvious, 

while the difference between (B), (C) and (D) is very subtle. So, from our visual 
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experience we can say that the data field achieved convergence at Step 6939. But is 

there a way to determine whether the data field has reached convergence numerically? 

The answer is yes. 

The changing rate of a data point at Step t is defined as Eq. 4.4, which describes the 

percentage of the value change of a data point at Step t. 

δ =  
∆

=  
  

   (Eq. 4.4) 

So, the changing rate can reflect the degree of change at one data point for one step. 

And if we look at Fig. 4.17, we can see that when one neighborhood is nearly 

continuous (the differences between one point and its neighbors in the horizontal and 

vertical directions are nearly equal) the changing rate will be nearly zero, thus the 

convergence is achieved. 

Of course, for a limited range of area (maybe a few neighborhoods) very small 

changing rates for a few steps do not mean that the convergence is achieved at these 

data points. Just look back to Fig. 4.18, sometimes a very small changing rate at some 

points is because that the influence of other areas has not diffused to these points. 

Consequently, in order to get a general understanding about whether the whole field is 

changing fast, we need to use the mean changing rate over the whole filed without the 

fixed areas of calculated shear moduli (Eq. 4.5). If the mean changing rate has 

reached a certain bar, the whole data field is generally continuous and we call it 

convergent. And the (B) part of Fig. 4.22 is the result of this algorithm, with the bar 

set at 1 × 10 . Note that in Eq. 4.5, n is the number of data points without 

originally calculated values. 

δ𝑡 =
∑ ∆𝑖,𝑗

𝑡

𝑛∙∑ 𝐺𝑖,𝑗
𝑡 −𝐺𝑖,𝑗

0 =
∑ 𝐺𝑖,𝑗

𝑡+1−𝐺𝑖,𝑗
𝑡

𝑛∙∑ 𝐺𝑖,𝑗
𝑡 −𝐺𝑖,𝑗

0    (Eq. 4.5) 
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But is the mean changing rate perfect? The answer is no. Because this mean changing 

rate can only show the general condition of the whole field, which means if the whole 

field is quite continuous with only a few data points not continuous enough this mean 

changing rate may still reach the bar and declare that the data field is convergent. 

There is in fact a way to fix this minor defect, as we can replace the mean changing 

rate with the maximum changing rate. In this way, only when all of the data points 

have obtained changing rates below the set bar, can the maximum changing rate reach 

this bar. But is it better to do this replacement? We do not think so. Because on one 

hand this situation (the whole field is very continuous with only a few points having a 

sharp difference between their respective neighbors) is quite rare with the help of the 

KNN initialization, while on the other hand computing the maximum changing rate is 

far more time-consuming than computing the mean changing rate. As a result, the 

mean changing rate is chosen as the symbol to show whether the convergence has 

arrived 

4.4.2 Three modes of the Continuum algorithm 

As mentioned previously, the Continuum algorithm mentioned is strictly obeying the 

assumption of the physics model that the shear modulus in a rotational zone of a chain 

is uniform. The calculated shear moduli of the detected chain zones are only used to 

estimate values in other places, and will not be changed. A typical heatmap of the 

estimated field is just as Fig. 4.19 and Fig. 4.22 show, which is the most common 

mode of the Continuum algorithm designated as Mode 1 (plain updating). And this 

mode has a small issue that the chain zones are a little bit conspicuous. So, in order to 

make the resulted heatmaps visually comfortable, how to make these chain zones not 

so conspicuous should be figured out. 

A very explicit method is to let the values in the chain zones also alterable. However, 

if the data points in the chain zones are updated the same way as data points without 

calculated values, the whole field will be nearly uniform after many steps. 
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Consequently, an improvement named regional updating is implemented. This 

method is to let data points in the chain zones be updated with a smaller updating rate 

than other data points. To reach this goal, we only need to change the last move of 

each step of the Continuum algorithm. 

Instead of setting an updated value of a point in a chain zone back to its original value, 

we let it update in a slower manner by setting a certain ratio (β < 1) of the updated 

value back to the value before this step. This method is done by following Eq. 4.3 

with a formula in Eq. 4.6 below, and we call it Mode 2 (regional updating) of the 

Continuum algorithm. 

𝐺  (𝑡 + 1) = 𝛽𝐺  (𝑡 + 1) + (1 − 𝛽)𝐺  (𝑡) =

𝛽 (1 − 4𝛼)𝐺  (𝑡) + 𝛼 ∑ 𝐺 + (1 − 𝛽)𝐺  (𝑡) =

(1 − 4𝛼𝛽)𝐺  (𝑡) + 𝛼𝛽 ∑ 𝐺     (Eq. 4.6) 

It can be easily seen that values at points in the chain zones are updated with a rate 

smaller than the updating rate (αβ < α). In this way, the regional updating is fulfilled. 

The resulted heatmap of this regional updating method (β = 0.5) working on the 

KNN result of Fig. 4.21 is shown in Fig. 4.23(B). For a better comparison, the result 

of Mode 1 is put here as Fig. 4.23(A). It can be seen that the Continuum algorithm 

with or without regional updating generally share the same pattern, except that Fig. 

4.23(B) shows this pattern in a more visually comfortable way. 

 

Fig. 4.23. The comparison between the results of (A) Mode 1 (B) Mode 2 of the Continuum algorithm 
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The only problem of the regional updating is that it in fact changes the calculated 

values a little bit, even though this change is quite subtle (the value bar of the heatmap 

is changed, as the maximum of the values is diluted). For scenarios without a need to 

look into the exact values of data, Mode 2 (regional updating) is a good choice. And 

in our designed scenario of application, we do not care about the exact values of the 

GelMA shear modulus too often. Instead, we want to always keep track the pattern of 

the GelMA shear modulus distribution and see if it matches the trend of the tumor 

metastasis. 

But is there a way to combine the advantages of Mode 1 and 2 of the Continuum 

algorithm? The answer is yes. The defect of Mode 1 is that the values within the chain 

zones are too conspicuous compared to their neighboring areas, while the defect of 

Mode 2 is that it actually changes the calculated values lowering the accuracy of the 

model. So, can we let the values within the chain zones update a little to make them 

less conspicuous, while keep the calculated values constant? Here, a method called 

adaptive updating, which is designated as Mode 3 of the Continuum algorithm is 

capable of this task. 

For the adaptive updating, the updating rate α is different for data points, and the 

farther one data point is to its nearest neighbor with a calculated value the bigger its 

updating rate is, thus its value updates faster. In this way, the value at the center of a 

chain zone will never be changed, thus the calculated values of each chain zone are 

kept constant. Meanwhile, the values of data points within one chain zone only except 

for the center can update in a way that the farther a data point is to the canter the 

faster its value updates, making the edge of the chain zone smoother than Mode 1. 

Let’s look at the result of Mode 3 and compare it with the other two modes of the 

Continuum algorithm in Fig. 4.24. And we can see that Mode 3 (Fig. 4.24(D)) is like 

the combination of Mode 1 (Fig. 4.24(B)) and 2 (Fig. 4.24(C)). 
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Fig. 4.24. Three modes of the Continuum algorithm (A) the raw data field (B) the result of Mode 1 (C) the 

result of Mode 2 (D) the result of Mode 3 

This adaptive updating (Mode 3) is achieved by calculating the updating map instead 

of a simple update rate α (for Mode 2, two parameters α and β). Firstly, we get the 

distance between each point to its nearest neighbor with a calculated value, which is 

done during the KNN algorithm for data field initialization. Secondly, we find the 

biggest distance 𝑑  among all the distances. Thirdly, the maximum updating rate 

is set as α. Then we can get the updating rate for a random date point (i, j) as Eq. 

4.7(A). For fast computation, we put the updating rates for all the data points together 

as an updating map A in Eq. 4.7(B). And how this fast computation works will be 

introduced in the next section. 

𝛼 , =
,

∙ 𝛼   (Eq. 4.7(A)) 

𝐴 × =

𝛼 𝛼
𝛼 𝛼

⋯ 𝛼
⋯ 𝛼

⋮ ⋱
𝛼 𝛼

⋮
⋯ 𝛼

   (Eq. 4.7(B)) 
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From Eq. 4.7(A) it can be seen that for a chain zone center, it has an updating rate of 0 

because of the distance to its nearest chain center is 0. But Mode 3 has a defect as 

almost all the updating rates in the updating map A are smaller than the maximum 

updating rate and according to Eq. 4.3 any updating rate has an upper bound of 0.25 

(we usually use an updating rate of 0.2). So, the average updating rate of the whole 

updating map for Mode 3 is much smaller than the updating rate for Mode 1. As for 

Mode 2, the data points within one chain zone have an updating rate of α ∙ β, which is 

also smaller than α, but it is bigger than the updating rates of data points within chain 

zones for Mode 3. Consequently, for the Continuum algorithm Mode 3 is the slowest 

one, thus it take more steps for the estimation of one data field to converge than Mode 

1 or 2. 

4.5 Vectorized computation 

The previously introduced two algorithms seem to work well for our purpose, yet if 

for all the computation we just loop through the whole data field it would be too 

time-consuming. For example, for an experimental image of size(r × c) with n 

magnetic particle chains detected (the chain zones occupy m data points in total), 

there are (r × c − m) data points with values to be estimated. For each one of the 

(r × c − m) points, all the computation of the KNN algorithm is shown in Fig. 4.25. 

 

Fig. 4.25. The KNN algorithms for each data point 

As for the Continuum algorithm, the computation is even more time-consuming. First 

of all, this algorithm requires a lot of steps. Secondly, for each step it needs to loop 

through all the (r × c) data points. And this whole process is illustrated in Fig. 4.26. 

It takes a lot of time only to finish this process on (r × c) data points for even one 
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step. In general, to implement the previously mentioned combination of the KNN and 

Continuum algorithm, it needs unacceptably long time. 

 

Fig. 4.26. The Continuum algorithm for each data point 

Consequently, to reduce the time consumption of the whole value estimation process, 

the vectorized computation is used. The main idea of the vectorized computation is 

instead of looping through individual data points; the whole field is put into a matrix 

and all the relevant calculation is in algebraic computation. By using this method, the 

time consumption of the value estimation process is lowered in a great degree. 

The vectorized computation of the KNN algorithm is to calculate the n distance 

values of the n chains to one target point together. The target point is located at 

(𝑥 , 𝑦 ) and the centers of the chains are located at (𝑥 , 𝑦 ), (𝑥 , 𝑦 ), … , (𝑥 , 𝑦 ) 

with their chain zone radiuses of 𝑟 , 𝑟 , … , 𝑟 . The first step is to put all the data into 

matrices in the form that suits the computation (Eq. 4.8). 

𝑋 =

⎣
⎢
⎢
⎡
𝑥

𝑥

⋱
𝑥 ⎦

⎥
⎥
⎤

， 𝑌 =

⎣
⎢
⎢
⎡
𝑦

𝑦

⋱
𝑦 ⎦

⎥
⎥
⎤

 

𝑋 =
𝑥

⋱
𝑥

= 𝑥
1

⋱
1

 , 𝑌 = 𝑦
1

⋱
1

   (Eq. 4.8) 
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Then these n × n diagonal matrices are used to calculate the n distance values from 

the target point to the centers of the n detected chains (Eq. 4.9). 

𝑋 = (𝑋 − 𝑋 )(𝑋 − 𝑋 ) =

⎣
⎢
⎢
⎡
(𝑥 − 𝑥 )

(𝑥 − 𝑥 )

⋱
(𝑥 − 𝑥 ) ⎦

⎥
⎥
⎤
 

𝑌 = (𝑌 − 𝑌 )(𝑌 − 𝑌 ) =

⎣
⎢
⎢
⎡
(𝑦 − 𝑦 )

(𝑦 − 𝑦 )

⋱
(𝑦 − 𝑦 ) ⎦

⎥
⎥
⎤
    

𝐷 =  𝑋 + 𝑌 =

⎣
⎢
⎢
⎡
(𝑥 − 𝑥 ) + (𝑦 − 𝑦 )

(𝑥 − 𝑥 ) +(𝑦 − 𝑦 )

⋱
(𝑥 − 𝑥 ) + (𝑦 − 𝑦 ) ⎦

⎥
⎥
⎤
 

D =  √D =

⎣
⎢
⎢
⎢
⎡ (𝑥 − 𝑥 ) + (𝑦 − 𝑦 )

(𝑥 − 𝑥 ) +(𝑦 − 𝑦 )

⋱

(𝑥 − 𝑥 ) + (𝑦 − 𝑦 ) ⎦
⎥
⎥
⎥
⎤

 

 (Eq. 4.9) 

According to the assumption of the physics model that the shear modulus of the 

GelMA is uniform in one rotational zone of each magnetic particle chain, the distance 

between one target point with a value to be estimated and a chain zone should not be 

the distance between the target point and the center of the chain but the edge of the 

chain zone (Fig. 4.27). 

 

Fig. 4.27. The distance between a point and a chain zone 
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In this way, the distance between the target point and one chain zone should be 𝐷   

as Eq. 4.10 shows. 

R =

𝑟

𝑟

⋱
𝑟

 

𝐷 = 𝐷 − 𝑅 =

⎣
⎢
⎢
⎡ (𝑥1 − 𝑥𝑡)

2 + (𝑦
1

− 𝑦
𝑡
)2 − 𝑟1

(𝑥2 − 𝑥𝑡)2+(𝑦
2

− 𝑦
𝑡
)2 − 𝑟2

⋱

(𝑥𝑛 − 𝑥𝑡)2 + (𝑦
𝑛

− 𝑦
𝑡
)2 − 𝑟𝑛⎦

⎥
⎥
⎤

 

(Eq. 4.10) 

After all the computation above, we can get a (n × 1) array of the distance values 

between the target point and all the n chain zones by simply taking all the diagonal 

elements of matrix 𝐷 . And for the following computation to find the k minimum 

elements of the resulted array, it’s just the normal way. 

The vectorized computation for the KNN algorithm is to make the n distance 

calculations into five steps of algebraic computation, which can accelerate the process 

in some degree. But for the Continuum algorithm, as shown in Fig. 4.26, looping 

through all data points for a large experimental image with a size of (2048 × 2048) 

is unacceptably slow, making the vectorized computation very urgent. 

For the plain updating (Mode 1), from Eq. 4.3 we can see that the updating rate α is 

the same for all the data points and for each point the calculation is only limited 

within its connecting neighbors. So, we can construct the matrices for the algebraic 

computation by shifting the field matrix. For a field matrix with a size of (r × c) at a 

particular step t, it’s also written in the form of row and column vectors in Eq. 4.11. 

G(t) =

𝑔 ⋯ 𝑔
⋮ ⋱ ⋮

𝑔 ⋯ 𝑔
=

𝑥
⋮

𝑥
= [𝑦 … 𝑦 ]   (Eq. 4.11) 

And the shifting of the matrix G(t) is shown in Eq. 4.12. 
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𝐺 = [𝑦 𝑦 𝑦 … 𝑦 ] =

𝑔 𝑔 𝑔
⋮ ⋮ ⋮

𝑔 𝑔 𝑔

⋯ 𝑔 ,

⋱ ⋮
⋯ 𝑔 ,

 

𝐺 = [𝑦 𝑦 … 𝑦 𝑦 ] =

𝑔 𝑔 ⋯
⋮ ⋮ ⋱

𝑔 𝑔 ⋯

𝑔 𝑔
⋮ ⋮

𝑔 , 𝑔 ,
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𝑥
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⋮ ⋱ ⋮
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⎥
⎥
⎥
⎤

   (Eq. 4.12) 

It's not hard to see from Eq. 4.12 that 𝐺 , 𝐺 , 𝐺  𝑎𝑛𝑑 𝐺  are shifted leftwards, 

rightwards, upwards and downwards compared with the original field matrix G(t). 

And the updating of the whole field of step t can be done in one algebraic 

computation in Eq. 4.13. 

G(t + 1) = (1 − 4𝛼)𝐺(𝑡) + 𝛼(𝐺 + 𝐺 + 𝐺 + 𝐺 )   (Eq. 4.13) 

This method is obviously right for data points at the central part of the field. But is it 

right for data points on boundary lines or at corner? Let’s take the data point (1, 1) as 

an example for points at corners and the data point (1, 5) as an example for points on 

boundary lines. 

For the data point (1, 1), Eq. 4.13 can be written into Eq. 4.13(A) below. And it shows 

the fact that a data point at a corner has only two neighbors. 

𝑔(𝑡 + 1) = (1 − 4𝛼)𝑔(𝑡) + 𝛼[𝑔(𝑡) + 𝑔(𝑡) + 𝑔(𝑡) + 𝑔(𝑡) ] =

(1 − 2𝛼)𝑔(𝑡) + 𝛼[𝑔(𝑡) + 𝑔(𝑡) ]   (Eq. 4.13(A)) 

For the data point (1, 5), Eq. 4.13 can be written into Eq. 4.13(B) below. And it shows 

the fact that a data point on a boundary line has three neighbors. 

𝑔(𝑡 + 1) = (1 − 4𝛼)𝑔(𝑡) + 𝛼[𝑔(𝑡) + 𝑔(𝑡) + 𝑔(𝑡) + 𝑔(𝑡) ] =

(1 − 3𝛼)𝑔(𝑡) + 𝛼[𝑔(𝑡) + 𝑔(𝑡) + 𝑔(𝑡) ]   (Eq. 4.13(B)) 
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After this updating process for one step, we should always keep in mind that for the 

plain updating (Mode 1) the data calculated directly from the physics model and the 

chains detected should not be changed, as we are using these raw values to estimate 

values at other locations. So, at the end of each step, the values of data points within 

the chain zones should be set back to their original values. This work can be done by 

first setting elements of G(t + 1) at locations in the chain zones to zero, and then 

adding the raw field matrix G(0) to this resulted matrix (Eq. 4.14). 

𝐺  (𝑡 + 1) = 0,   𝐺(𝑡 + 1) = 𝐺(𝑡 + 1) + 𝐺(0)   (Eq. 4.14) 

In this way, we can conduct Mode 1 of the Continuum algorithm with vectorized 

computation. As for Mode 2 (regional updating), its difference to Mode 1 is only in 

the last step, that instead of setting the values in chain zones back to their original 

values we take the weighted average of their current values and their values of the last 

step. The weights are determined by the parameter in Eq. 4.6. In this way, Eq. 4.14 is 

replaced by Eq. 4.15 for Mode 2. 

𝐺  (𝑡 + 1) = 𝛽𝐺  (𝑡 + 1) + (1 − 𝛽)𝐺  (𝑡)   (Eq. 4.15) 

For Mode 3 (adaptive updating), we can replace the updating rate α in Eq. 4.13 with 

the updating map A in Eq. 4.7(B), and convert the product of a scalar and a matrix to 

the element-wise product (Hadamard product) of two matrices. Consequently, Eq. 

4.13 is replaced by Eq. 4.16 and no following step is needed for Mode 3. 
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G(t + 1) = (1 − 4𝐴)。𝐺(𝑡) + 𝐴。(𝐺 + 𝐺 + 𝐺 + 𝐺 ) =

⎣
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⎡ ∙ 𝛼 ∙ 𝛼

∙ 𝛼 ∙ 𝛼
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⎡ ∙ 𝛼 ∙ 𝛼

∙ 𝛼 ∙ 𝛼

⋯ ∙ 𝛼

⋯ ∙ 𝛼
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∙ 𝛼 ∙ 𝛼
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⋯ ∙ 𝛼⎦
⎥
⎥
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⎥
⎤

。(𝐺 + 𝐺 + 𝐺 + 𝐺 )   (Eq. 4.16) 
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5. Experiment and results 

In this chapter we are going to introduce the procedure of one experiment from the 

preparation of the GelMA solution to the measurement of the polymerized GelMA, 

and the corresponding phenomena of each step will be shown and discussed. Then as 

the result of the experiment, some experimental images will be processed and 

analyzed. 

5.1 Procedure of making the GelMA solution 

In Chapter 2, we introduced the way to make the GelMA solution and the chip to hold 

it. But the effects of the amounts of different components in the GelMA solution are 

not discussed. So, firstly the effect of the amounts of different materials on the 

resulted GelMA solution is discussed here.  

For each portion of the GelMA solution, 200μL PBS is used. And the concentrations 

of the GelMA and photoinitiator (Irgacure2959) affect the polymerization of the 

sample, while the concentration of the magnetic particles affects the quality of the 

chain formation and experimental images. 

The desirable state of the polymerized GelMA for our experiment is as Fig. 3.1(C) 

shows, as an elastomer. As introduced in Chapter 2, a handheld UV lamp (UVL-56, 

UVLTM) is used to cure the GelMA sample. During the UV treatment, the UV lamp is 

directly put on the Octapole and is 3cm above the surface of the GelMA sample. 

However, there is no reliable way to monitor the lighting conditions and component 

distributions within the GelMA sample, thus whether two GelMA samples UV treated 

for the same amount of time will be equally stiff is not determined. In order to only 

enable the concentrations of the GelMA and photoinitiator in the sample to determine 

the stiffness of the polymerized GelMA, each time we let the GelMA sample get fully 

polymerized by UV treating it for 15min. 
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For the photoinitiator, as only a very small amount of it is needed in each ration of the 

sample (about 0.25%w/v, 0.0005g in 200μL PBS), it is hard to accurately change its 

concentrations in each ration of the sample. In fact, a very small change in the 

concentration of the photoinitiator in the sample may affect the polymerization of the 

GelMA. Consequently, we fixed the concentration of the photoinitiator at 0.25%w/v 

for our experiment. 

So, there is only the concentration of the GelMA in the sample to be tuned to obtain 

GelMA samples of different stiffness. According our physics model, we need the 

polymerized GelMA to build connections with the magnetic particle chains within it. 

When this requirement is fulfilled, the magnetic chains can be wiggled by an external 

magnetic field and once the field is cancelled the chains will bounce back to their 

original directions because of the elasticity of their surrounding GelMA polymer (Fig. 

5.1). 

 

Fig. 5.1. Magnetic chains in the GelMA polymer (A) the original alignment of the chains (B) the rotation of 

the chains under an external magnetic field (C) the chains back to their original direction 

As shown in Fig. 5.1, to test our physics model, we need the GelMA sample not too 

stiff for the magnetic chains to rotate at sufficiently detectable angles under the 

magnetic field. After multiple experiments, we found that the sample with a GelMA 

concentration of 2.5%w/v can be polymerized into the kind of elastomer demonstrated 

in Fig. 5.1. 
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For the amount of the magnetic particles into the GelMA sample, both too many and 

too few particles should be avoided. Because if there are too many particles in the 

sample, the particles would tend to align into too long chains or even clusters (Fig. 

5.2(A)), which are not the targets of our physics model. And if there are too few 

particles in the sample, it would be very hard for them to align into chains (Fig. 5.2(B)) 

because the relatively big distance between each other makes the magnetic forces 

between them too small. In order to reach a proper number of particles within one 

ration of the sample as Fig. 5.1 shows, the volume of the ferromagnetic particle 

suspension (1.0%w/v) is 4μL. 

 

Fig. 5.2. GelMA samples with improper amounts of magnetic particles in (A) a GelMA sample with too 

many particles (B) a GelMA sample with too few particles 

In conclusion, each portion of the GelMA sample contains 200μL PBS, 0.0005g 

Irgacure2959 (0.25%w/v), 0.005g GelMA (2.5%w/v) and 4μL ferromagnetic particle 

suspension. And the experimental results to be discussed were based on this recipe, 

only that the amount of the GelMA used was 0.0056g (2.8%w/v). 

5.2 Experimental procedure 

After obtaining the GelMA sample described in the previous section, we can start 

manipulating the magnetic particles within the GelMA. The whole experimental 

procedure is shown in Fig. 5.3. 
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Fig. 5.3. The experimental procedure 

Firstly, we need to let the dispersed single particles form chains. As shown in Fig. 

3.1(B), the GelMA sample can get gelled by cooling down without any UV treatment. 

Although the GelMA gelation is much softer than the GelMA polymer, yet the 

gelation has connections with the magnetic particles in it and can prevent them from 

aggregation. Consequently, we use a rotational magnetic field (Fig. 5.4) to rotate the 

single particles and let them break their surrounding GelMA networks. Then one 

single particle can aggregate with nearby ones and form a chain. After the chains are 

formed, we can stop the rotational magnetic field. 

 

Fig. 5.4. The rotational magnetic field for the formation of chains (A) the amplitudes of the poles (B) the 

direction of the resulted magnetic field 



Probing local stiffness changes of artificial extracellular matrix using magnetic particles               Pan Zuo 

 68 / 82 
 

To achieve a magnetic field shown in Fig. 5.4, we can set the amplitudes of Pole 5, 6, 

7 and 8 as Eq. 5.1 shows. 

y = 0.5 sin 𝜋𝑥 +
𝜋

2
, y = 0.5 sin 𝜋𝑥 −

𝜋

2
; 

y = 0.5 sin(𝜋𝑥) , y = 0.5 sin(𝜋𝑥 + 𝜋)   (Eq. 5.1) 

Secondly, we can align these newly formed chains into one specific direction. And in 

our experiment, we aligned them in the direction of Pole 7 and 8. When the rotational 

magnetic field is cancelled the chains tend to break into very short ones because of the 

effect of inertia. And when the chains are first aligned in one direction, they are still 

very short as Fig. 5.5(A) shows. But they will aggregate back into longer ones as time 

goes on. 

Thirdly, we UV treat the GelMA sample for 15min; meanwhile the short chains can 

aggregate before the GelMA is completely polymerized. The resulted GelMA sample 

is shown in Fig. 5.5(B), in which the chains are of proper lengths. The networks of the 

GelMA polymer and the chains are so well connected that every time after the chains 

are wiggled they can immediately bounce back to their originally aligned direction, as 

shown in Fig. 5.1. 

 

Fig. 5.4. The alignment of chains in a GelMA sample (A) long chains break when the rotational magnetic 

field is just cancelled (B) short chains aggregate during the UV treatment 
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Then we can take the chip out of the Octapole and magnetize the chains in the BIG to 

give them a higher remanence. Please note that this magnetization magnetic field 

should be in the same direction as the chains are aligned. 

After all the previously introduced procedure, the proper GelMA sample for our 

experiment is achieved. And according to our physics model, we can wiggle the 

chains with a magnetic field perpendicular to the direction in which the chains are 

originally aligned. The results of our experiments will be shown and discussed in the 

next section. 

5.3 Experimental results 

In our experiment, the ferromagnetic particles were used. The components in the 

GelMA solution were 200μL PBS, 0.0005g Irgacure2959 (0.25%w/v), 0.0056g 

GelMA (2.8%w/v) and 4μL ferromagnetic particle suspension. After the chains were 

aligned in the direction of Pole 7 and 8, and the GelMA sample were UV treated for 

15min, the chip holding the sample was taken out of the Octapole and magnetized in 

the BIG with a magnetic field of 190mT. Then we wiggled the chains with different 

magnetic fields in the direction of Pole 5 and 6. The amplitudes of Pole 5 and 6 

ranged from 0.5 to 1.0 and we could know the corresponding magnetic fields 

according to Fig. 2.5. During this process, the experimental images were taken. 

As introduced in Chapter 4, the first step of the image processing is to figure out the 

average number of pixels one particle occupies in the image. In the segments of single 

particles, a total number of 43 particles were detected, and the histogram of the 

number of pixels occupied by one particle is shown in Fig. 5.5, which is fitted to a 

normal distribution. To filter out the extreme values (mostly caused by noises and 

shadows from out-of-focus particles), we take a confidence zone of 90% and the 

resulted mean value of the pixel numbers one particle occupies is 64. This value will 

be used in both the object recognition and the physics model. 
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Fig. 5.5. The histogram of the number of pixels one particle occupies (90% confident zone) 

The next step is to check whether that chains were aligned in the direction of Pole 7 

and 8. The experimental images of the static states of the sample after the UV 

treatment, the magnetization in the BIG and all the experimental procedure were 

analyzed, and the result of the object recognition is shown in Fig 5.6. Note that the 

images from the microscope were the mirror images of the real objects. 

 

Fig. 5.6. The experimental images, results of the object recognition and histograms of the directional angles 

of the chains (A) after the UV treatment (B) after the magnetization (C) after the whole experiment 
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The exact direction of Pole 7 and 8 should have a directional angle of 45°(Fig. 5.7), 

and we can see the statistical data of the detected chains in the three experimental 

images in Table 5.1, in which N is the number of chains detected, �̅� is the mean 

value of the directional angles (unit: °) of the chains, σ is the standard deviation of 

the directional angles, and 𝜃  is the mean value of the directional angles within the 

90% confidence zone for each image. 

 

Fig. 5.7. The directional angle of (A) a chain (B) the direction of Pole 7 and 8 

 N �̅� (°) σ 𝜃  (°) 

Fig. 5.6(A) 114 47.0 8.6 47.6 

Fig. 5.6(B) 111 51.0 8.2 51.4 

Fig. 5.6(C) 103 51.1 8.0 51.3 

Table. 5.1. The statistical data of the experimental images shown in Fig. 5.6 

From the histograms of Fig. 5.6 we can see that the distribution of the directional 

angles in each image is very close to a normal distribution with a small standard 

deviation. And from Table.5.1, we can see that the standard deviations of the three 

distributions are indeed very small (about 8, as 17% of the mean value), which means 

the chains were in quite uniform directions when there was no external influence on 

them. The mean directional angle of chains in Fig. 5.6(A) is very close to 45°, which 

means the chains were originally aligned very close to the direction of Pole 7 and 8. 

But the mean directional angles of chains in Fig. 5.6(B) and (C) are about 51°, 
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which means during the magnetization of the chains in the BIG the directions of the 

chains were changed a little. The mean directional angles of chains in Fig. 5.6(B) and 

(C) are so close that we can conclude that the chains could bounce back to their 

original directions after all kinds of manipulations. 

The previous analysis shows that the chains were originally aligned almost in the 

direction of Pole 7 and 8, and the connection between the networks of GelMA and the 

ferromagnetic chains inside of it was very strong. Consequently, we can conclude that 

the experiment meets our requirement for the physics model and the experimental 

images can be used to calculate the stiffness map of the GelMA sample. 

To measure the local shear modulus of the GelMA sample, we wiggled the 

ferromagnetic chains in it with a magnetic field in the direction of Pole 5 and 6 

(perpendicular to the direction of Pole 7 and 8), and the amplitudes of Pole 5 and 6 

ranged from 0.5 to 1.0. When the amplitudes were smaller than 0.5, the magnetic field 

was so weak that it could not let most of the chains rotate without buckling. Some 

results of the object recognition and the shear modulus calculation of the experimental 

images are shown in Fig. 5.8. From Fig. 5.8 we can see that the directional angles of 

the chains in the three experimental images are quite different, but the distributions of 

their calculated shear moduli are quite similar, which is very good as it shows that 

using different magnetic fields to measure the stiffness of the same GelMA sample 

can result in very similar outcomes. In this way, we can say our physics model is at 

least quite self-consistent. To look deeply into the results of the experimental images 

(amplitudes of the poles ranging from 0.5 to 1.0), the statistical data of the calculated 

shear moduli from these images are shown in Table.5.2, in which B is the magnetic 

field (unit: mT), N is the number of chains detected, �̅� is the mean shear modulus 

(unit: Pa), σ is the standard deviation of the shear moduli, and 𝐺  is the mean shear 

modulus within the 80% confidence zone for each image. 
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Fig. 5.8. The experimental images, results of the object recognition and the histograms of calculated shear 

moduli of the GelMA sample (A) B = 30mT (B) B = 27mT (C) B = 25mT 

B N �̅� (Pa) σ 𝐺  (Pa) 

30 94 39.4 37.3 30.1 

29 91 44.2 110.5 32.8 

28 90 34.4 28.8 27.2 

27 91 34.4 25.1 28.1 

26 95 30.8 23.2 23.9 

25 92 30.8 26.1 25.7 

Table. 5.2. The statistical data of the calculated shear moduli in the experimental images 
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Fig. 5.9. The mean calculated shear moduli of the GelMA sample (2.8%w/v) 

The mean shear moduli calculated from the images are generally quite similar (Fig. 

5.9), which shows the self-consistence of our physics model mentioned previously. 

However, the standard deviations of the calculated shear moduli are quite big 

(especially for A = 0.9), which seems to be unreasonable. In our expectation, a 

GelMA sample is homogeneous because it is the polymerization of the GelMA 

solution in which all components are well-dissovled and almost uniformly distributed. 

Consequently, the shear modulus at any location in the sample should be very similar 

to each other. But is this absolutely true? It is hard to draw a conclusion, because each 

chain in the GelMA sample only represents a very small area and there are a lot of 

factors affecting the polymerization of the GelMA. A typical situation in which the 

stiffness of one GelMA sample is far from uniform is shown in Fig. 5.10. 

 

Fig. 5.10. A GelMA sample with a softer left part and a stiffer right part (A) the static state (B) chains in the 

left part rotated under a magnetic field 
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Fig. 5.10(A) shows that in this GelMA the chains were aligned in the same direction 

(the direction of Pole 7 and 8). And Fig. 5.10(B) shows that when these chains were 

wiggled by a magnetic field perpendicular to their original direction, the chains in the 

left part rotated obviously while the chains in the right part didn’t rotate at all, which 

means the left part of the sample was much softer than the right part. The reason to 

this big difference between the stiffness of the two parts is a bubble in the left part. A 

bubble in the sample means the existence of oxygen, the lack of the photoinitiator and 

the scattering of the UV light, which can all lead to a poor polymerization in this area. 

Consequently, it is hard to figure out the major cause to this phenomenon. 

We can see from Fig 5.10 that the stiffness of a sample can vary a lot from one 

location to another even when the sample is the result of the polymerization of some 

uniform solution after a uniform UV treatment. If we look at the histograms of the 

calculated shear moduli of different experimental images, we can see that although 

there is some difference between them, yet they are of very similar patterns. So, it is 

hard to say whether the big standard deviations in Table.5.2 are a result of some 

defect in the physics model or just some fact about the situation. 

Another way to show whether the results of our physics model in this experiment are 

consistent is to see whether the estimated stiffness maps of different experimental 

images are of the same pattern. The stiffness maps of four experimental images are 

shown in Fig. 5.11, which have very similar patterns. There stiffness maps are results 

of the KNN (k=4) and Mode 3 (adaptive updating) of the Continuum algorithm for 

20000 steps with the maximum updating rate α of 0.2. 

However, the relatively similar mean calculated shear moduli, calculated shear 

modulus distributions and estimated stiffness maps can only show that our physics 

model and image processing algorithms are reasonable and self-consistent. It is not 

possible to conclude whether our current work can be recognized as an accurate tool 

to probe the local stiffness changes of the GelMA sample. To reach a conclusion, 
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more experiments are needed, which will be summarized in the future work part in the 

next chapter. 

 

Fig. 5.11. The estimated stiffness maps of the experimental images of the GelMA sample (A) B = 30mT (B) B 

= 28mT (C) B = 27mT (D) B = 25mT 
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6. Conclusion and future work 

Based on all the previously discussion, we can reach the following conclusions about 

our work. 

(1) GelMA samples on which we are able to conduct our experiments and obtain 

experimental images are made. Consequently, the procedure of preparing the 

experimental materials and conducting the experiment is fixed. 

(2) The resulted data of the experimental images are analyzed and the result shows 

that the physics model is quite self-consistent. 

(3) We have shown that our image processing program is able to use the experimental 

images to calculate shear moduli in a GelMA sample. Consequently, an image 

processing method to recognize the magnetic particle chains in an experimental 

image and extract the physics information from them is obtained. 

(4) We have demonstrated mathematically and visually that a data estimation method 

with different modes to estimate the stiffness map of an experimental image based 

on the calculated stiffness distribution is obtained. 

As for the future work, it is mainly about how to testify our physics model. 

(1) More experiments with GelMA samples of different GelMA concentrations and 

UV treatments need to be done to find the trend of the calculated shear moduli. 

(2) We can use a nano-indentational tester to measure the shear moduli (preferably 

the shear modulus maps) of GelMA samples and see if the results from our 

physics model are close to the results of the nano-indentational tester. 

(3) Based on the results from the nano-indentational tester, our physics model can be 

modified to reach a higher accuracy. 
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(4) The procedure of the experiment and parameters of the image processing 

algorithms can be tuned to obtain experimental images of a higher quality and a 

more accurate result of the object recognition. 

(5) The ultimate goal is to implement this tool into a cancer-on-a-chip model to study 

the interaction between the ECM and the tumor cells. 
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