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Abstract

I have successfully generated a graphic user interface that predicts microfluidic droplet

diameters from a neural network. The neural network inputs are fluid properties and

geometries of 3D glass capillary devices. For water-in-oil single emulsions, the mean-

squared error at the end of 100 epochs for training and validation converged to 7.2%

and 7.4%, respectively. The deep machine learning model provides an alternative

method of predicting droplet size without the need for rigorous theory. Moreover,

the model can be altered to predict other microfluidic parameters or properties and

could be extended to other fluids as well.
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Chapter 1

Introduction

A very brief outline of the chapters in this thesis is presented in this introductory

Chapter. This project involves using machine learning techniques to better under-

stand some of the physics behind drops made with microfluidic devices. The thesis

will introduce the theory of droplet-based microfluidics, as well as the relevant ma-

chine learning techniques. The methods with which this project was accomplished

will follow, before the results are presented. The thesis will discuss the interpreta-

tion of the results and provide a conclusion and future prospects of the project. All

the Python code that was used to obtain the machine learning and linear regression

results is presented in the appendices. The outline of the thesis follows.

• Chapter 2 briefly presents the theory behind the subjects presented in this

thesis, as well as the project goal.

• In Chapter 3 the methods of the experimental and machine learning portion

are outlined.

• Chapter 4 contains the results and discussion of the project.

• Chapter 5 presents a conclusion of the analyses presented in the thesis.

• Chapter 6 introduces future prospects of the project.

1



Chapter 2

Theory of Microfluidics and

Machine Learning

In section 2.1, a brief overview of the theory of droplet-based microfluidics and relevant

physics is discussed. In section 2.2, neural networks, which are a branch of machine

learning, are introduced. In section 2.3, the goal of the project is presented.

2.1 A Brief Theory of Microfluidics

Microfluidics is the study or manipulation of fluids at a micro-scale that involves

simple or complex, single phase or multiphasic flows circulating through natural or

artificial micro systems. In microfluidics, at least one dimension of the system is

typically less than 500 micrometers. Naturally, microfluidic systems can be found

throughout the human body in capillaries and arterioles or in trees’ capillaries where

water and nutrients are transferred.

There are numerous applications of microfluidics. For example, microreactors are

small-scale controlled chemical reactions, allowing for minimal safety concerns and a

low required yield of reactants [1]. The pharmaceutical industry uses microfluidics for

drug discovery and development, and for the controlled release of encapsulated materi-

als like drugs, dyes, and enzymes [2]. Similarly, the medical field can use microfluidics

2
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by generating micro-bubbles (2-5 microns in diameter) to enhance ultrasound imag-

ing and for passing through lung capillaries [3]. Figure 2.1 includes images from Dr.

Adams’ work. The left image shows a multi-component emulsion, which may resem-

ble a microreactor with several reactants contained to a single droplet [4]. The right

image shows encapsulated air bubbles, similar to how an encapsulated micro-bubble

may be generated [5]. The applications for microfluidics extends far beyond these

examples and new uses are emerging steadily.

Figure 2.1: Images of multi-component emulsions (left) and encapsulated air bubbles

inside an emulsion (right) from Dr. Laura Adams.

Droplet-based microfluidics are discrete volumes of two or more immiscible fluids,

like water and oil. The volumes of fluids for emulsions generated with microfluidics are

on the order of nano- to pico-liters. For certain applications (typically commercial),

it is important that these droplets are uniform in size and shape. To achieve uniform

drops, the fluids must remain in the dripping regime. The dripping regime is synony-

mous with the monodisperse regime, meaning droplets of uniform size. Polydispersed
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drops, meaning the drops vary in size, are formed in the jetting regime.

Microfluidics occurs in laminar flow, which describes smooth flow, where stream-

lines do not cross (no eddies in the fluid) [6]. Laminar flow is constrained by the

Reynolds number: the ratio of inertial forces (ρv2d2) to viscous forces (3πµvd) on

the fluid. Equation 2.1 is the Reynolds number and demonstrates the relationship

between the forces.

Re =
ρlv

µ
(2.1)

Reynolds number relates the fluid density ρ, the characteristic length l, the fluid

velocity v, and the fluid viscosity µ. The Reynolds number is a dimensionless param-

eter derived from the Navier-Stokes equation. The Navier-Stokes equation governs

fluid dynamics and describes macro- and micro-scale fluid dynamics (down to 10-100

nm). Water and oil are the fluids used in this project, so incompressible flow can be

assumed. Equation 2.2 describes the motion of the fluid by relating the forces per vol-

ume (f=F
V
) that contribute to the fluid’s acceleration with the change in momentum

[7].

fa = fpressure + ffriction + fvolume

ρ[
∂v

∂t
+ (v · ∇)v] = −∇p+ µ∇2v + ρg (2.2)

where ρ is the fluid density, v is the fluid velocity, p is the pressure, µ is the

viscosity, and g is the gravitational acceleration on earth. The left side of equation

2.2 describes the change in momentum due to the change in velocity. The right side

describes the forces acting on the fluid: pressure, friction, and volume forces. Volume

forces include centrifugal, gravity, and electrostatic forces.

Starting with equation 2.2, and rewriting the Navier-Stokes equation using dimen-

sional analysis techniques and non-dimensional change of variables where:

u∗ =
u

v

t∗ =
t

T
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x∗ =
x

L

These are non-dimensional due to the scaling: v=L
T
is the velocity scale, T is the

time scale, and L is the length scale.

Then Equation 2.2 now becomes:

ρ[
∂u∗

∂t∗
+ (u∗ · ∇∗)u∗] = − 1

ρv2
∇∗p+

µ

ρvL
∇∗2u∗ +

L

v2
g (2.3)

The friction force term produces a dimensionless coefficient on the ∇* 2 u*:

µ

ρvL
=

1

Re

In microfluidics, gravitational effects are negligible (last term on the right side of

equation 2.3) because pressure effects due to gravity are much less than atmospheric

pressure due to the mirco-scale characteristic length of the channel. Additionally,

viscous effects dominate (second term on right side of equation 2.3). Thus the equa-

tion can be simplified by assuming that there is no convection momentum transport

(second term on left side of equation 2.3) and flow is stationary or in the laminar

regime (first term on left side of equation 2.3).

The Navier-Stokes equation for microfluidics then reduces to equation 2.4.

fpressure = −ffriction

∇p = µ∇2v (2.4)

Low Reynolds numbers indicate laminar flow, where the velocity profile of the

flow is parabolic (velocity is zero at the walls with the no-slip boundary condition).

Turbulent flow is often not reached in microfluidics due to the micro-scale character-

istic length. In this microfluidic system, Reynolds number is always less than one,

indicating that viscous forces dominate over inertial forces.

Another important dimensionless parameter in microfluidics is the capillary num-

ber, Ca. The capillary number is the ratio of viscous forces (3πµvd) to interfacial

forces (2πσd). Equation 2.5 shows the relationship between the viscosity µ and in-

terfacial tension σ.
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Ca =
µv

σ
(2.5)

Capillary number is important in the dripping regime because the two dominating

forces are the viscous and interfacial force. Inertial force is less important due to

the inner fluid flow rate being much less than the outer fluid flow rate to generate

monodispersed drops.

2.1.1 Theory of Droplet Formation

Microfluidic droplet generation is analogous to a dripping faucet. A drop begins to

form, and the surface tension holds the drop to the faucet. As more water is added

to the water drop, the volume increases, and gravitational forces (ρgV ) overcomes

the surface tension forces (σd), and the drop falls. Now, flip the system horizontally.

A microfluidics system involves three main forces as shown in Figure 2.2: viscous,

inertial, and interfacial. At low fluid velocities, in the dripping regime, the viscous

force is larger than the inertial (which depends on the inner fluid velocity). Once the

viscous force overcomes the opposing interfacial force, the droplet shears. Equation

2.5 is one of many definitions for calculating a capillary number and is not a direct

translation of the force ratios. Thus, the capillary numbers for the dripping regime

are always less than one for this microfluidic system [8]. At larger fluid velocities,

in the jetting regime, the inertial force is comparable to the viscous force, and the

Reynolds number is still less than one. The droplet shears far away from the orifice

of the tapered capillary and pinches off from a long neck that develops due to the

increase in the inner fluid speed.
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Figure 2.2: Schematic of inertial, interfacial, and viscous forces acting on the fluids

in a microfluidic capillary.

The size of the droplet formed depends on a number of parameters. To estimate

the size d of the drop given certain constraints and variables, Erb et al. [9] fit ex-

perimental data to a mathematical model. Equation 2.6 shows the fit for a device

generating single emulsions.

Cacritµ̃δ
4 + qnetδ

3 − (qnet + Cacritµ̃D
2)δ2 − q1D

2δ + q1D
2 = 0 (2.6)

Cacrit refers to the Capillary number at which the drop shears from the orifice.

Some dimensionless parameters: the ratio of fluid viscosities is µ̃ = µ1

µ2
, the droplet

size δ = d
Dd

, and the ratio of capillary diameters is D = Dc

Dd
, where Dc is the diameter

of the exit capillary and Dd is the diameter of the orifice of the tapered capillary. The

flow rates are described by q1=
Q1

Qo
, q2=

Q2

Qo
, and qnet=q1+q2. Qo is a reference flow rate

to non-dimensionalize the flow rates. The takeaway from this complex polynomial

(Eq. 2.6) is that this is one example, and possibly the only example, of an analytical

method for determining the droplet diameter from experimental data. As shown, this

approach for calculating the droplet diameter is tedious. Machine learning can be a

useful tool for modeling and predicting microfluidics systems in a much simpler and

more time-efficient way.
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2.2 A Brief Theory of Machine Learning

Machine Learning (ML) uses large data sets to recognize patterns and make predic-

tions. An artificial neural network (ANN) maps data similar to a brain’s neurological

branches and connections. This method of modeling has reached a broad scope of

fields of study. Beyond computer science and other science fields, machine learning

has been widely used for image recognition, recommendation systems, and for mak-

ing mundane tasks easier. For example, a group used machine learning methods to

detect COVID-19 from CRISPR-based surveillance [10]. Another model was created

to recommend movies based on user interests [11]. Artificial intelligence has already

been replacing human jobs. For example, a literature reviewer at the New York Times

experimented with an AI agent to write a book review [12]. More recently, the world

of ChatGPT interacts with the user in a conversational way and can be used for

writing essays, writing code, summarizing papers, and endless other possibilities [13].

In this age, artificial intelligence is dominating technology and science spaces at rapid

rates. For this application, a deep learning model allows predictions of microfluidic

droplet sizes, which supplements experiment and theory. An analytical approach for

determining the output size of droplets with a given set of initial conditions is not the

most reliable. There are various approaches to microfluidics theory, each with their

own limitations, which can at best give an approximate estimate for droplet diameter.

Neural networks are comprised of numerous key components. The data must first

be sectioned into training and testing data. The training data will set the weights of

the network, and the testing data will be used to assess the accuracy of the model.

The training data is further separated into two portions: training and validation.

The training portion of the training data is responsible for setting initial weights of

the network before the validation training data “fine-tunes” the weights each epoch

(or iteration) through the network. The input data is the input layer of the network.

Following the input layer are the hidden layers, before the output layer of the predicted

variable.

Each layer contains nodes, similar to neurons in the brain. The nodes are con-

nected across layers and each connection holds a corresponding weight. Each node
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receives data from the previous layer, typically multiple inputs into each neuron.

Each input is multiplied by the weight corresponding to the connection and all are

added plus a “bias” (or offset value). Note: the weights and biases are random values

for the first iteration of the network. The addition of weighted products is then sent

to an activation function. If that value exceeds a given threshold, the node will be

“activated”. If it is activated, the new value will pass to the next layer and repeat a

similar process.

Figure 2.3 shows a very simple neural network structure with two input nodes,

one hidden layer with two nodes, and the output layer with one node [14].

Figure 2.3: Schematic of a simple neural network.

The node h1 in the hidden layer is the output of the activation function, with the

input: x1*w1 (weight 1) + x2*w2 (weight 2) + b (the bias) [14].

A metric must be used to determine the performance of the training. This is called

a loss function. A loss function is essentially a way to determine the error between

the predicted value and the true value. Optimization functions aid in minimizing the

loss function by determining the weights and biases of the nodes. Optimizers use

gradient descent by calculating the gradient of the data to find a local minima, which

is used to update the weights from the previous epoch of the network [15].

The training continues through the set number of epochs. Assessing the training of

the network is important to ensure the model has not over-fit to the data. Over-fitting

is essentially the model memorizing the training data and not being able to predict
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well with “unseen” data. Finally, the test data can be sent through the network to

get predictions. This process will not affect the final weights of the NN. From there,

the predictions can be compared to the true value to determine the accuracy of the

model.
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2.3 Project Goal

The goal of this project is to predict droplet size using machine learning for three-

dimensional glass capillary microfluidic devices from a set of parameters: orifice width,

capillary spacing, flow rates, capillary numbers, and the regime (dripping or jetting).

Using experimental data, different computational methods are implemented and com-

pared with experimental results to assess the accuracy and success of each method.

The best of these can then be used in future research projects. For this application,

machine learning can reduce post-experimental analysis time and give more confidence

in experimental results. The methods that will be compared are linear regression and

a neural network. These are implemented in Python, as well as a graphic user in-

terface that allows ease of predicting droplet properties. Additionally, due to the

difficult nature of manipulating 3D glass microfluidic device geometries, this machine

learning approach provides knowledge of droplet diameters based on their fluid and

device parameters. Previous uses of machine learning in this field have predicted the

device sizes, with inputs of droplet diameter. This works well with PDMS devices,

where microfluidic device sizes can be fine-tuned.



Chapter 3

Methods

In section 3.1, the experimental methods of creating microfluidic droplets and fluid

properties are presented. Section 3.2 discussed the methods of modeling the data:

neural networks and linear regression.

3.1 Methods of Microfluidics

Glass capillary microfluidic devices allow for the generation of three-dimensional drops

[16] and are relatively simple to make. Since glass capillaries are inert, they are

convenient for creating emulsions which require both organic and inorganic materials.

A more common microfluidic device is fabricated using PDMS (polydimethylsiloxane),

which is a type of polymer than can be easily manipulated to a precise geometry using

photolithography [17]. While glass capillaries have advantages over PDMS devices,

there are constraints in glass capillary devices for producing droplets of a desired size.

For example, when making devices, the one controlled parameter that relates to the

process and also relates to the outcome of droplet size, is the diameter of the inner

glass capillary’s orifice. The standard technique for creating the orifice is to use a

pipette puller which heats the capillary and pulls on it until it breaks into two. The

point at which it breaks can be somewhat controlled, but the final diameter of the

pulled portion can not be fine-tuned without the use of harsh chemicals [18]. Instead,

researchers are left with making the most of the pulled capillary that the pipette

12
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puller generates. The obvious drawback is that tuning the drop’s diameter is severely

limited since the size of the orifice is limited. The lower image in Figure 3.1 shows the

pulled pipette on the left of the zoomed-in portion. Drops are formed in the pulled

section and flow through the exit capillary.

Figure 3.1: Image of the glass capillary device for generating single emulsions and

a closer image of the pulled pipette and untapered exit capillary. Photo taken by

Dheeraj Sapkota.

For a simple single-emulsion glass capillary device, one round capillary with a

tapered orifice and another untapered round capillary are slid into each end of a square

capillary. The outer dimension of the round capillaries match the inner dimension

of the square capillary creating a snug fit. The two round capillaries are brought

close together and after alignment is checked, the capillaries are sealed to a glass slide

with five-minute epoxy. In the co-flow geometry, which is used here, the inner fluid

flows in the same direction as the outer fluid as shown in the schematic of Figure

3.2. Droplets are generated when the shear force of the outer fluid is higher than the

interfacial force which seeks to keep the drop at the orifice.

Fluids are sent into the device using calibrated syringe pumps. The inner fluid

is distilled water and typical flow rates for the inner fluid are 50 - 500 µL/hr. The
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outer fluid which flows between the space of the inner round capillary and the outer

square capillary is soybean oil with 10% Abil EM90 surfactant. Typical flow rates

used for the outer fluid are between 2000 - 70000 µL/hr. Table 3.1 contains the key

fluid properties for the water and oil: viscosity and interfacial tension. These two

parameters comprise the capillary number, which is used as an input for the machine

learning model.

Table 3.1: Summary of the fluid properties. Capillary number is defined by µw:

viscosity of water, µo: viscosity of oil, Uw: velocity of water, Uo: velocity of oil, and

γ: interfacial tension between water and oil. Measurements were made by Dheeraj

Sapkota (2022).

Fluid
Viscosity

(mPa s)

Interfacial Tension

(mN/m)
Capillary Number

Water 1
µwUw

γ

6.83

Oil w 10% EM90 75
µoUo

γ

As shown in Figure 3.2, a schematic of a single emulsion device labels the key

parameters. The inner fluid (water) flow rate is denoted by Q1, and the outer fluid

(oil) is denoted by Q2. The orifice width, w, is the diameter of the pulled pipette

capillary. The capillary spacing, s, is the distance between the edge of the tapered

capillary and the flat exit capillary. The droplet diameter, d, is measured along the

horizontal axis.
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Figure 3.2: Schematic of generation of single emulsions in the dripping regime of a

glass capillary device. The inner fluid is water and the outer fluid is oil. Fluid flow

rates (Q1 and Q2) and viscosities are used for predictions of the droplet diameter, d.

The orifice width is denoted as w and the capillary spacing is s.

Droplet sizes are measured from images taken of drops from microfluidic devices

under an optical microscope with 4x magnification. The horizontal diameter is mea-

sured in ImageJ to convert the pixels to µm. Droplet sizes generated with these single

emulsion devices varied from 161 microns to 1085 microns in diameter, and the outer

to inner flow rate ratios (Q2

Q1
) varied from 0.75 to 140. The total number of data points

is 800, which is comparable to the number of data points used for similar projects

(i.e. 888 data points used by Lashkaripour et al. [19] or 742 data points used by

Mahdi and Daoud [20]).
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3.2 Methods of Modeling

3.2.1 Machine Learning

Much of the background for the methods of implementing machine learning to this

application comes from Lashkaripour et al. [19]. Their method of incorporating

machine learning involved inputting data of fluid properties and the desired droplet

size of mineral oil in water. Then, a neural network was fabricated to predict the

geometry of the drop generator and fluid flow rates. Once this base-model is trained,

the input parameters for different fluids can be changed to predict these variables for

other systems. This research group used a large data set, which is crucial to effectively

training a neural network and avoiding over-fitting. Other research groups’ methods,

Hadikhani et al. [21] and Dressler et al. [22], were used for supplemental material

for the background of this project. Hadikhani et al. used images of droplets to train

a deep neural network to predict fluid properties like surface tension and viscosity.

Dresseler et al. also used image processing to train a network, which outputs flow rate

predictions to automate the pressure pumps of the fluids to create a desired droplet

size. These three mentioned projects all use PDMS devices, which allow for precise

control over the device geometries. However, the nature of PDMS devices constrain

the droplets to two-dimensions. In Dr. Adams’ research group, three-dimensional

devices are used, which creates three-dimensional droplets that can be encapsulated

and used for commercial applications. As previously described, manipulating the

device geometries for the 3D capillaries is limited.

Applying similar techniques for constructing a neural network, the operation of

three-dimensional glass capillary devices can be better understood. Instead of having

the network predict the geometries of the device, those will be inputs. The droplet

diameter will be the predictor. In the realm of machine learning, a select number

of nodes in each layer of the artificial neural network (ANN) determine correlation

between the input nodes (input data). The attributes (or input parameters) of this

ANN are: orifice width (in µm), capillary spacing (in µm), flow rate ratio, inner fluid

capillary number, outer fluid capillary number, and the regime (dripping vs. jetting).
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In Figure 3.2, the orifice width, w, is the diameter of the opening with which the inner

fluid flows. The capillary spacing, s, is the distance between the orifice opening and

the second capillary. The flow rate ratio is the outer fluid flow rate over the inner fluid

flow rate Q2

Q1
(flow rates are measured in µL/hr). The capillary numbers are calculated

as described in Table 3.1. These parameters were selected because they each affect

the droplet diameter.

Reynolds numbers are important parameters to consider for PDMS devices be-

cause most experimental groups want to predict the device geometries with a desired

droplet size [19], [21], [22]. Capillary numbers were used as a parameter for this

project because it describes the forces acting on the fluid, similarly to the Reynolds

number. Capillary numbers do not depend on droplet diameter, whereas the Reynolds

number does with the characteristic length l. Since the predicted parameter is the

droplet diameter, it is crucial that it is independent of the input parameters.

The flow rate ratio captures the inertial forces that a Reynolds number would,

which gives confidence that no important information is missing in describing the

fluid system.

The data frame consists of 800 points; 80% of the data is for training the model

and 20% is for testing. The 80% for training is further split into two subsets, where

80% of the 80% is the actual training data and the remaining 20% of the 80% is

the validation data. Then, 20% of the total data is for testing after the network has

been trained. This leaves 512 data points for training, 128 for validation, and the

remaining 160 for testing. The training data determines the weights of the network,

then the validation data fine-tunes these weights each iteration or epoch through the

network. The testing data is used to gather a set of predictions to compare with the

tabulated data; this data does not alter the network.

The keras ANN model was created in Python (see Appendix A for code). The size

of the input layer is the number of attributes, which is six, followed by several hidden

layers with rectified linear activation functions (ReLU), as shown in Fig. 3.3. The size

of hidden layers are 64, 16, then 8. The output layer is the droplet diameter. Figure

3.3 shows a schematic of a neural network: the input layer contains each parameter,

the hidden layers are demonstrated with one layer showing connections between the
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nodes in the previous and next layer, and the output layer is a singular node for the

droplet diameter.

Figure 3.3: Neural network model with inputs, hidden layers (not accurate to actual

model), and output layer of prediction.

Educated trial-and-error was the main method for determining the final NN pa-

rameters, like the number of hidden layers, nodes per hidden layer, loss function,

activation function, optimizer, and learning rate. Understanding why other research

groups chose their parameters and researching various methods of building a neural

network provided insight and intuition. A rectified linear unit (ReLU) activation

function is a simple piece-wise function of linear components that allows for fast com-

putation, while capturing complex behaviors in the data through the non-linearity
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of the function [23]. The ReLU proved to be an effective activation function for this

data. Mean squared error is a commonly used and simple loss function that is intu-

itive [24]. Adam optimizer was used to update parameter weights and minimize the

mean squared error loss function. The Adam optimizer uses stochastic gradient de-

scent to first and second order estimation with computational efficiency [25]. For the

remaining parameters: number of hidden layers, nodes per hidden layer, and learning

rate, these values were adjusted until both the training and accuracy of the NN were

optimized. The learning rate, which sets the step size at each epoch to minimize the

loss function, is 0.0001. The model is saved after training and reloaded for predictions

to eliminate the need to retrain the network for each desired prediction.

To understand how each parameter affects the predictor (droplet size), their cor-

relations were determined. Table 3.2 contains the values of how closely an input is

correlated to the droplet diameter. In other words, if each parameter was plotted

with droplet diameter, the correlation is the best fit line of the plot. A value of 1.0

would indicate perfect correlation.

Table 3.2: The correlation magnitude relates how correlated each parameter is with

the droplet diameter. In other words, this is the slope if each were linearly compared.

A magnitude of 1.0, would indicate perfect correlation.

Parameter
Correlation Magnitude to

Droplet Diameter

Capillary Spacing 0.39

Orifice Width 0.25

Flow Rate Ratio 0.44

Inner Capillary Number 0.58

Outer Capillary Number 0.42

Observed Regime 0.58

The inner capillary number and observed regime (dripping or jetting) have the

highest correlation values with the droplet diameter (both 0.58). Thus, these param-

eters are the most influential in determining the size of the drop.
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3.2.2 Linear Regression

The experimental dataset indicates a neural network may handle predicting droplet

diameter more accurately because trends and patterns in the data break down at

certain points. Linear regression was attempted as a comparison with the predictions

of the NN (see Appendix B for code). Linear regression maps a linear model to the

data by minimizing the residual sum of squares [26]. The same seed was used to split

the training and test data as the neural network. This allows for a direct comparison

across the same 20% of test data. The 80% of training data was input into a simple

linear regression model. The test data was plugged into the linear equation, and each

160 data points produced a corresponding prediction.
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Results and Discussion

The neural network was trained through 100 epochs to aim for a less than 10% mean

squared error for the training and validation. The results from the training and

validation data are shown in the top of Figure 4.1. On the bottom, the predictions

are plotted with the true experimental data. Values close to the red line (with a slope

of 1), are more accurately predicted. A χ2 value is calculated for the data to be 0.126.

21
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(a) Training and Validation.

(b) Test Data vs. Predictions.

Figure 4.1: (a) Results of training and validation of droplet diameter prediction model.

The mean squared error loss function is plotted for 100 epochs. (b) The predictions

from the test data are compared with the actual measured diameter. A slope of 1

refers to a perfect prediction.
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From Figure 4.1(a), the training appears to be over-fitting to the data due to

the long plateau after about 25 epochs. Using early-stopping methods to avoid the

potential over-fitting, 25 epochs were run with all of the same parameters as with 100

epochs. The results from the training and validation data for 25 epochs are shown

on the top of Figure 4.2. On the bottom, the predictions are plotted against the

experimental data. Due to seeding the split of the data the same for all of these

trials, the predictions are from the same input data as with 100 epochs to ensure a

direct comparison.
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(a) Training and Validation.

(b) Test Data vs. Predictions.

Figure 4.2: (a) Results of training and validation of droplet diameter prediction model.

The mean squared error loss function is plotted for 25 epochs. (b) The predictions

from the test data are compared with the actual measured diameter. A slope of 1

refers to a perfect prediction.
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Figure 4.2(b) displays the χ2 value for these predictions: 0.238, and the model

performed worse across 25 epochs than across 100. Though the training data does not

seem to over-fit the data as much as with 100 epochs, the accuracy of the predictions

with 100 epochs exceed those with 25 epochs.

Linear regression was used as a simple comparison with a neural network, and the

trained model is Equation 4.1.

d = 17.18+0.268s+5.208w−0.893
Q2

Q1

+1.865∗106Cainner+426.0Caouter+51.36regime

(4.1)

The coefficients on linear regression model in Eq. 4.1 show the relationship with

the droplet diameter d with each of the dependent terms: capillary spacing s, orifice

width w, flow rate ratio Q2

Q1
, inner fluid capillary number Cainner, outer fluid capillary

number Caouter, and the regime (dripping or jetting). From these values, the inner

fluid capillary number proves to have the largest impact on the droplet size by a large

margin. The capillary spacing s contributes the least out of the six input variables.

Predictions were made, again, with the same exact set of test data as with the

neural networks. Figure 4.3 shows the results of these predictions compared to the

experimental data.
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Figure 4.3: The LR model performance is assessed with the same test data as the NN.

Again, the predictions are compared with the actual measured diameter. A slope of

1 refers to a perfect prediction.

The χ2 is 0.139, which is better than the NN with 25 epochs. The best model

performance was with the neural network training over 100 epochs. However, the

linear regression model seems to handle the larger droplet predictions better than the

neural networks. The neural network predictions of droplet diameters greater than

about 400µm have larger deviations from the observed droplet diameters, as seen in

Fig. 4.1(b) and Fig. 4.2(b). The linear regression model predicts droplet sizes better

at larger diameters. Experimentally, there are limits to the droplet production size.

The data contains the first droplet sizes that can be produced given the geometric

constraints of the device. There is also an upper limit at which the microfluidic

droplets reach the jetting regime, producing polydispersed drops that vary greatly in

size. Some data from this regime was used to train the neural network to predict the

regime (mono vs. polydispersed). However, due to the varied nature of the diameters

in the polydispersed region, the droplet diameter predictions are inherently not as

accurate beyond the dripping regime.
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A tkinter graphic user interface (GUI) was created in Python to allow for a stream-

lined means of predicting droplet properties. As shown in the top of Figure 4.4, the

user will type inputs of capillary spacing, orifice width, fluid flow rates, and dripping

or jetting regime. Then, a selection of “first” or “not the first” will determine if the

network will be trained or if it will use a previously-trained iteration. Once the model

is trained efficiently, the “not the first” option should be selected to make faster pre-

dictions. The network does not need to be retrained in between inputs. After the

inputs are gathered, the capillary numbers are calculated before calling the model

and extracting a prediction. After pressing the “predict” button, a new window pops

up with the droplet diameter prediction in µm, as shown in the bottom portion of

Figure 4.4.

Figure 4.4: Graphic User Interface with inputs of fluid and device parameters, outputs

the predicted droplet diameter.
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Conclusion and Discussion

A neural network (NN) model successfully generates predictions of microfluidic droplet

diameters for co-flow glass capillary microfluidic devices. A graphic user interface

takes a few input parameters and outputs predictions with the click of a button.

The training of the model converged to a 7.2% loss and the validation of the model

converged to a 7.4% loss, which gives confidence in the accuracy of predictions. A

simpler model, linear regression, was compared with the neural network. The neural

network with 100 epochs ultimately performed slightly better in the dripping regime,

which is more important for applications requiring monodispersed drops. The predic-

tions provide a quick way to understand the outputs of a specific experimental set-up

and provide the researcher with timely feedback without needing to use trial and

error in selecting fluid flow rates to achieve monodisperse drops of a given size. Due

to the difficult nature of generating 3D glass microfluidic devices, where geometries

cannot be fine-tuned, this machine learning approach provides knowledge of droplet

diameters based on their fluid and device properties. The NN model also effectively

eliminates the need for rigorous theory for determining droplet sizes. Modifications of

this model can be easily incorporated for other fluids and to predict other properties

such as droplet spacing, flow rate ratios to produce a desired droplet size, and regime

(mono- vs. polydispersed).

28
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Future Project Prospects

There are endless ways to use machine learning in research settings, and machine

learning can be particularly useful for commercializing or creating automation in mi-

crofluidics [27]. For this project, an easy extension would be to change the predictor.

Predicting the regime: mono- vs. polydispersed would be a useful tool. Additionally,

using the neural network for other fluids beyond oil and water. This would require

the user to change the viscosities and interfacial tension values within the code or

add these to the GUI. The NN may need to be retrained with the new data of other

fluids. Dr. Adams’s research focuses on double emulsions. Predicting the diameter of

each of the inner drops as well as the outer drop could be added to this project. Dou-

ble emulsions have commercial applications (e.g. encapsulating drugs), so generating

predictions of double emulsions would be a practical use of this NN. Finally, the GUI

could be translated into a phone application for ease of use for the experimentalists

and theorists that would want to interface with microfluidic predictions.
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Appendices

7.1 Appendix A

7.1.1 Code of Neural Network

Neural Network with Test Data:

1 from ten so r f l ow import keras

2 import numpy as np

3 import pandas as pd

4 from keras . c a l l b a c k s import CSVLogger

5

6 df=pd . r ead c sv ( ’ ourdata6 . csv ’ )

7

8 t r a i n = df . sample ( f r a c =0.8 , random state=0)

9 t e s t = df . drop ( t r a i n . index )

10

11 x t r a i n=t r a i n . i l o c [ : , 0 : 5 ]

12 x t e s t=t e s t . i l o c [ : , 0 : 5 ]

13

14 y t r a i n=t r a i n . i l o c [ : , 6 ]

15 y t e s t=t e s t . i l o c [ : , 6 ]

30



31

16 y t e s t=np . asmatr ix ( y t e s t )

17

18

19 de f bu i ld nn ( ) :

20 model = keras . Sequent i a l ( )

21 model . add ( keras . l a y e r s . Dense (64 , input shape=( l en (

x t r a i n . columns ) , ) ) )

22 model . add ( keras . l a y e r s . Dense (16 , a c t i v a t i o n=” r e l u ” ) )

23 model . add ( keras . l a y e r s . Dense (8 , a c t i v a t i o n=” r e l u ” ) )

24 #model2 . add ( keras . l a y e r s . Dense (2 , a c t i v a t i o n=”r e l u ”) )

25 model . add ( keras . l a y e r s . Dense (1 , a c t i v a t i o n=” r e l u ” ) )

26 pr in t (model . summary ( ) )

27

28 opt imize r = keras . op t im i z e r s .Adam( l e a r n i n g r a t e =0.0001)

29 model . compi le ( opt imize r=opt imizer , l o s s=’mse ’ )

30

31 c s v l o g g e r = CSVLogger ( ’ l og2 . csv ’ , append=True ,

s epa ra to r=’ ; ’ )

32

33 model . f i t ( x t ra in , y t ra in , b a t ch s i z e =5, epochs=100 ,

v a l i d a t i o n s p l i t =0.2 , c a l l b a c k s =[ c s v l o g g e r ] )

34

35 model . save ( ’ pred ict d iam model ’ )

36

37 r e turn model

38

39 de f p r ed i c t ( ) :

40 data=np . asmatr ix ( x t e s t )

41

42 model = keras . models . load model ( ’ pred ict d iam model ’ )



32

43

44 diam=model . p r ed i c t on ba t ch ( data )

45

46 r e turn data , diam

47

48 model=bui ld nn ( )

49 [ data , diam]= pr ed i c t ( )

50 np . savetxt ( ”ytestNN . csv ” , y t e s t , d e l im i t e r=” ; ” )

51 np . savetxt ( ”ypredNN . csv ” , diam , d e l im i t e r=” ; ” )
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Neural Network and GUI:

1 # Serena Holte

2 # 06−2022 to 06−2023

3 # Use a GUI to input parameters −−> output p r e d i c t i o n s

4 # This code outputs d rop l e t diameter with the f o l l ow i ng

inputs :

5 # Or i f i c e width

6 # Cap i l l a ry spac ing

7 # Flow ra t e r a t i o

8 # Cap i l l a ry number ( inne r and outer )

9 # Regime ( dr ipp ing vs . j e t t i n g )

10

11 from tk i n t e r import t tk

12 import t k i n t e r as tk

13 import math

14 from ten so r f l ow import keras

15 import pandas as pd

16 import numpy as np

17 from keras . c a l l b a c k s import CSVLogger

18

19 de f p r ed i c t ( ) :

20 data=np . genfromtxt ( ’ gu i i npu t . csv ’ )

21 data=np . asmatr ix ( data )

22

23 model1 = keras . models . load model ( ’ p r ed i c t r eg ime mode l ’ )

24 model2 = keras . models . load model ( ’ pred ict d iam model ’ )

25

26 regime1=model1 . p r ed i c t on ba t ch ( data )

27 regime=np . argmax ( regime1 , ax i s=1)

28 diam=model2 . p r ed i c t on ba t ch ( data )



34

29

30 np . savetxt ( ’ r e g imepr ed i c t i on . txt ’ , regime )

31 np . savetxt ( ’ d iampred ic t ion . txt ’ , diam)

32 r e turn regime , diam

33

34

35 de f bu i ld nn ( ) :

36

37 df=pd . r ead c sv ( ’ ourdata6 . csv ’ )

38

39 t r a i n = df . sample ( f r a c =0.8 , random state=0)

40 t e s t = df . drop ( t r a i n . index )

41

42 x t r a i n=t r a i n . i l o c [ : , 0 : 5 ]

43 x t e s t=t e s t . i l o c [ : , 0 : 5 ]

44 y t r a i n=t r a i n . i l o c [ : , 6 ]

45 y t e s t=t e s t . i l o c [ : , 6 ]

46 y t e s t=np . asmatr ix ( y t e s t )

47

48 # model p r e d i c t s d rop l e t diamter

49 model = keras . Sequent i a l ( )

50 model . add ( keras . l a y e r s . Dense (64 , input shape=( l en (

x t r a i n . columns ) , ) ) )

51 model . add ( keras . l a y e r s . Dense (16 , a c t i v a t i o n=” r e l u ” ) )

52 model . add ( keras . l a y e r s . Dense (8 , a c t i v a t i o n=” r e l u ” ) )

53 #model2 . add ( keras . l a y e r s . Dense (2 , a c t i v a t i o n=”r e l u ”) )

54 model . add ( keras . l a y e r s . Dense (1 , a c t i v a t i o n=” r e l u ” ) )

55 pr in t (model . summary ( ) )

56

57 opt imize r = keras . op t im i z e r s .Adam( l e a r n i n g r a t e =0.0001)
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58 model . compi le ( opt imize r=opt imizer , l o s s=’mse ’ )

59

60 c s v l o g g e r = CSVLogger ( ’ l og2 . csv ’ , append=True ,

s epa ra to r=’ ; ’ )

61

62 model . f i t ( x t ra in , y t ra in , b a t ch s i z e =5, epochs=100 ,

v a l i d a t i o n s p l i t =0.2 , c a l l b a c k s =[ c s v l o g g e r ] )

63

64 model . save ( ’ pred ict d iam model ’ )

65

66 r e turn model

67

68

69 de f input data ( ) :

70

71 de f en t e r da ta ( ) :

72

73 capspace=capsp entry . get ( )

74 o r f=o r f e n t r y . get ( )

75 regime=regime combobox . get ( )

76 f l ow in=f l ow in en t r y . get ( )

77 f l owout=f l owout en t ry . get ( )

78 num=prd combobox . get ( )

79

80 v i s c o i l =0.075

81 v i s cwate r =0.001

82 i n t t e n s i o n =0.00683

83 channe larea=math . p i ∗(0.58∗10∗∗ −3) ∗∗2
84 conv=2.78E−13 # ul /hr to mˆ3/ s conver s i on

85
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86 capnumo=v i s c o i l ∗ f l o a t ( f lowout ) / channe larea ∗conv /(
i n t t e n s i o n )

87 capnumi=v i s cwate r ∗ f l o a t ( f lowout ) / channe larea ∗conv /(
i n t t e n s i o n )

88 f l ow r a t i o=f l o a t ( f lowout ) / f l o a t ( f l ow in )

89

90 i f regime == ”Dripping ” :

91 regime=1

92 e l s e :

93 regime=2

94

95 data=np . array ( [ capspace , or f , f l owra t i o , capnumo , capnumi

] )

96 np . savetxt ( ’ gu i i npu t . csv ’ , data , fmt=’%s ’ )

97

98 i f num ==” F i r s t ” :

99 bui ld nn ( )

100 p r ed i c t ( )

101 diampred=open ( ” d iampred ic t ion . txt ” ) . read ( )

102 diampred=round ( f l o a t ( diampred ) ,1 )

103

104 regimepred=open ( ” r eg imepr ed i c t i on . txt ” ) . read ( )

105 regimepred=round ( f l o a t ( regimepred ) ,0 )

106

107 i f regimepred==0.0:

108 reg imepredtext=’Monodispersed ’

109 e l s e :

110 reg imepredtext=’ Po lyd i spe r s ed ’

111

112 window1=tk .Tk( )
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113 window1 . t i t l e ( ”Display Pred i c t i on ” )

114

115 frame1=tk . Frame(window1 )

116 frame1 . pack ( )

117 r e s u l t s f r ame=tk . LabelFrame ( frame1 , t ex t=”Droplet

Diameter Pred i c t i on in \u03BCm” )

118 r e s u l t s f r ame . g r i d ( row=0, column=0, padx=20, pady

=10)

119

120 s t r i n g v a r i a b l e = tk . Str ingVar ( r e su l t s f r ame ,

diampred )

121

122 r e s u l t s f r ame2=tk . LabelFrame ( frame1 , t ex t=”Regime

Pred i c t i on ” )

123 r e s u l t s f r ame2 . g r i d ( row=1, column=0, padx=20, pady

=10)

124 s t r i n g v a r i a b l e 2 = tk . Str ingVar ( r e su l t s f r ame ,

reg imepredtext )

125

126

127 l a b e l = tk . Label ( r e su l t s f r ame , t e x t v a r i a b l e=

s t r i n g v a r i a b l e )

128 l a b e l 2 = tk . Label ( r e su l t s f r ame , t e x t v a r i a b l e=

s t r i n g v a r i a b l e 2 )

129 l a b e l . pack ( )

130 l a b e l 2 . pack ( )

131

132 window1 . mainloop ( )

133

134 e l s e :
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135 p r ed i c t ( )

136

137 diampred=open ( ” d iampred ic t ion . txt ” ) . read ( )

138 diampred=round ( f l o a t ( diampred ) ,1 )

139

140 regimepred=open ( ” r eg imepr ed i c t i on . txt ” ) . read ( )

141 regimepred=round ( f l o a t ( regimepred ) ,0 )

142

143 i f regimepred==0.0:

144 reg imepredtext=’Monodispersed ’

145 e l s e :

146 reg imepredtext=’ Po lyd i spe r s ed ’

147

148 window1=tk .Tk( )

149 window1 . t i t l e ( ”Display Pred i c t i on ” )

150

151 frame1=tk . Frame(window1 )

152 frame1 . pack ( )

153 r e s u l t s f r ame=tk . LabelFrame ( frame1 , t ex t=”Droplet

Diameter Pred i c t i on in \u03BCm” )

154 r e s u l t s f r ame . g r i d ( row=0, column=0, padx=20, pady

=10)

155

156 s t r i n g v a r i a b l e = tk . Str ingVar ( r e su l t s f r ame ,

diampred )

157

158 l a b e l = tk . Label ( r e su l t s f r ame , t e x t v a r i a b l e=

s t r i n g v a r i a b l e )

159 l a b e l . pack ( )

160
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161 window1 . mainloop ( )

162

163

164 r e turn data

165

166 window=tk .Tk( )

167 window . t i t l e ( ”Data Entry” )

168

169 frame=tk . Frame(window)

170 frame . pack ( )

171

172 f l u i d p r op s f r ame=tk . LabelFrame ( frame , t ex t=” Input

Parameters ” )

173 f l u i d p r op s f r ame . g r i d ( row=0, column=0, padx=20, pady=10)

174

175 c ap sp l ab e l=tk . Label ( f l u i d p rop s f r ame , t ex t=”Cap i l l a ry

Spacing (\u03BCm)” )

176 c ap sp l ab e l . g r i d ( row=0, column=0)

177 capsp entry=tk . Entry ( f l u i d p r op s f r ame )

178 capsp entry . g r i d ( row=1, column=0)

179

180 o r f l a b e l=tk . Label ( f l u i d p rop s f r ame , t ex t=” O r i f i c e Width

(\u03BCm)” )

181 o r f l a b e l . g r i d ( row=0, column=1)

182 o r f e n t r y=tk . Entry ( f l u i d p r op s f r ame )

183 o r f e n t r y . g r i d ( row=1, column=1)

184

185

186 f l ow i n l a b e l=tk . Label ( f l u i d p rop s f r ame , t ex t=” Inner Flow

Rate o f Water (\u03BCL) ” )



40

187 f l ow i n l a b e l . g r i d ( row=2, column=0)

188 f l ow in en t r y=tk . Entry ( f l u i d p r op s f r ame )

189 f l ow in en t r y . g r i d ( row=3, column=0)

190

191

192 f l owou t l a b e l=tk . Label ( f l u i d p rop s f r ame , t ex t=”Outer

Flow Rate o f Oi l (\u03BCL) ” )
193 f l owou t l a b e l . g r i d ( row=2, column=1)

194 f l owout en t ry=tk . Entry ( f l u i d p r op s f r ame )

195 f l owout en t ry . g r id ( row=3, column=1)

196

197 r e g ime l ab e l=tk . Label ( f l u i d p rop s f r ame , t ex t = ”Regime” )

198 regime combobox=ttk . Combobox( f l u i d p rop s f r ame , va lue s=[”

Dripping ” , ” J e t t i ng ” ] )

199 r e g ime l ab e l . g r i d ( row=4, column=0)

200 regime combobox . g r i d ( row=5, column=0)

201

202 prd=tk . Label ( f l u i d p rop s f r ame , t ex t = ” I s t h i s the f i r s t

p r ed i c t i o n ?” )

203 prd combobox=ttk . Combobox( f l u i d p rop s f r ame , va lue s=[”

F i r s t ” , ”Not the f i r s t ” ] )

204 prd . g r i d ( row=4, column=1)

205 prd combobox . g r i d ( row=5, column=1)

206

207

208 f o r widget in f l u i d p r op s f r ame . w in f o ch i l d r en ( ) :

209 widget . g r i d c o n f i g u r e ( padx=10, pady=5)

210

211 button=tk . Button ( frame , t ex t=”Pred i c t ” , command=

ente r da ta )



41

212 button . g r id ( row=1, column=0, s t i c ky=”news” , padx=20, pady

=10)

213

214 window . mainloop ( )

215

216

217 input data ( )
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7.2 Appendix B

7.2.1 Code of Linear Regression

1 import numpy as np

2 from sk l e a rn . l i n ea r mode l import L inearRegre s s i on

3 import pandas as pd

4

5 df=pd . r ead c sv ( ’ ourdata6 . csv ’ )

6

7 t r a i n = df . sample ( f r a c =0.8 , random state=0)

8 t e s t = df . drop ( t r a i n . index )

9

10 x t r a i n=t r a i n . i l o c [ : , lambda df : [ 0 , 1 , 2 , 3 , 4 , 5 ] ]

11 x t e s t=t e s t . i l o c [ : , lambda df : [ 0 , 1 , 2 , 3 , 4 , 5 ] ]

12 x t e s t=np . asmatr ix ( x t e s t )

13

14 y t r a i n=t r a i n . i l o c [ : , 6 ]

15 y t e s t=t e s t . i l o c [ : , 6 ]

16 y t e s t=np . t ranspose (np . asmatr ix ( y t e s t ) )

17

18 model=LinearRegre s s i on ( ) . f i t ( x t ra in , y t r a i n )

19

20 y pred = model . p r ed i c t ( x t e s t )

21

22

23 np . savetxt ( ”ytestLR . csv ” , y t e s t , d e l im i t e r=” ; ” )

24 np . savetxt ( ”ypredLR . csv ” , y pred , d e l im i t e r=” ; ” )
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