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ABSTRACT

Real-time object identification and classification are essential in many microfluidic applications especially in the droplet microfluidics.
This paper discusses the application of convolutional neural networks to detect the merged microdroplet in the flow field and classify
them in an on-the-go manner based on the extent of mixing. The droplets are generated in PMMA microfluidic devices employing
flow-focusing and cross-flow configurations. The visualization of binary coalescence of droplets is performed by a CCD camera attached
to a microscope, and the sequence of images is recorded. Different real-time object localization and classification networks such as You
Only Look Once and Singleshot Multibox Detector are deployed for droplet detection and characterization. A custom dataset to train
these deep neural networks to detect and classify is created from the captured images and labeled manually. The merged droplets are
segregated based on the degree of mixing into three categories: low mixing, intermediate mixing, and high mixing. The trained model is
tested against images taken at different ambient conditions, droplet shapes, droplet sizes, and binary-fluid combinations, which indeed
exhibited high accuracy and precision in predictions. In addition, it is demonstrated that these schemes are efficient in localization of
coalesced binary droplets from the recorded video or image and classify them based on grade of mixing irrespective of experimental
conditions in real time.

Published under license by AIP Publishing. https://doi.org/10.1063/5.0008461

I. INTRODUCTION

Droplet microfluidics generates and manipulates discrete drop-
lets having tiny-volumes inside microchannel networks through two
or more immiscible multiphase flows.1–3 Furthermore, droplet
microfluidics plays a decisive role in many microfluidic applications,
particularly in lab-on-a-chip (LOC) or micro-total-analysis systems
(μTAS) owing to its immense potential with regard to on-demand
droplet generation, manipulation of tiny volumes, precise encap-
sulation, programmability, reconfigurability, high throughput,
and so on.2,4–7 Moreover, it offers many technical advantages8

and are being deployed in many applications involving single-
cell encapsulation and analysis,9 rapid screening, effective
volume control, fast species mixing, accurate extraction and sep-
aration, efficient chemical synthesis,10–13 and so on. With such
microfluidic platforms, the mono-dispersed droplets can easily

be created, transported, stored, splitted, and sorted by passive or
active means to accomplish desired functionality.14–17 Many a
time, these droplets act as a micro-reactor in which chemical or
bio-chemical analysis such as titration, precipitation, hydrolysis,
particle synthesis, enzyme or protein analysis, cell culture, and
barcoding are executed.2,15,18

The basic requirement for generating such tiny chemical reac-
tors inside a microchannel is two or more immiscible fluids in con-
tinuous and discrete phases as well as a junction to shear off the
fluid. Typically, flow geometries such as T-junction,19 co-flow, and
flow-focusing configurations20–22 are being used for passive droplet
generation by employing continuous and dispersed fluids.23 The
droplet break-up regimes are ensued based on the capillary number,
flow ratio, and viscosity of fluids.24–26 The droplets formed encom-
pass different types of reagents and mixing of species occurred due
to chaotic advection rather than dispersion.27 Another strategy is
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formation of alternative droplets having desired reagents exclu-
sively and allow them to coalesce inside the channel by a passive
manner.28–31 Moreover, binary droplet coalescence in micro-
channels was obtained by means of expansion sections,32 diverg-
ing–converging geometries,33 circular sections,10 pillar-induced
fusion,34 and sequential fusion.35 Thus, binary droplet merging
techniques in conjunction with microfluidics is a promising
technology in many scientific and engineering disciplines.36–42

The colorimetric and fluorescent images play a major role in on-line
monitoring of the homegenization of multi-species occurring in such
micro-reactors.43–50 Note that binary droplet mixing in a microchan-
nel depends on many factors such as the flow velocity, the diffusion
coefficient, viscosities of fluids, interfacial tension, capillary pressure,
the insertion angle, and wettability.28,51–53 The analytical detection
methods employed are bright-field and fluorescence microscopies,
laser-induced fluorescence, Raman, mass, and nuclear magnetic
resonance spectroscopies, electrochemistry, capillary electrophoresis,
absorption detection, and chemiluminescence. Nevertheless, opto-
fluidic techniques are currently predominant to detect mixing inside
binary-coalesced droplets owing to its flexibility, rapidness, and
sensitivity.10,28,46,54,55

Typically, in a micro-reactor, Janus-like droplets having two
species move along the channel and sample homogenization
enhances due to chaotic advection. Real-time estimation of mixing
inside such droplets is very important for monitoring the extent of
the chemical reaction/biochemical analysis.31,54 Indeed, a continuous
color/pattern change inside the droplet corresponds to the degree of
mixing.46,56 For instance, binary droplet fusion in a microchannel is
continuously quantified using a laser-induced fluorescence tech-
nique57 and micro-particle image velocimetry (μ-PIV) visualization.40

The quantification of mixing within the merged binary droplet was
estimated deterministically using grayscale optical images56,58 by cal-
culating the standard deviation of pixel intensities. However, in prac-
tical microfluidic applications, where the droplet specific features
such as the color of mixtures, the type of reagents used, fluid convec-
tion inside, the presence of proteins or biological cells, etc., limits its
applicability. Therefore, a better approach to quantify micromixing
irrespective of experimental, lighting, and reagent properties is
required for real-time applications. Most importantly, the real-time
detection of biological or synthetic targets is an important functional-
ity that an efficient μTAS should possess.59–62 The technological
advancements in computer hardware and computer vision algo-
rithms paved the way for the emergence of artificial intelligence (AI)
techniques for pattern recognition and detection in microfluidic
applications in general and biotechnology, in particular.63–68

Artificial neural networks encompass many connected neurons
so as to learn to perform tasks when trained with relevant data such
as images, audios, videos, and so on. An advanced version of it, con-
volutional neural networks (CNNs) are such huge networks especially
used for extracting features from data in an unsupervised
manner.64,69 Such new generation networks are used in fluid dynam-
ics problems such as positional information tracking,70 bubble recog-
nition in two phase bubbly jets,71 and so on. However, for
applications such as lab-on-a-chip where microchannel flows have to
be continuously monitored, real-time optical image processing and
feature extraction are of high demand.59–62,64,72 Furthermore, CNNs
such as the You Only Look Once (YOLO) series73–75 and the

Singleshot Multibox Detector (SSD)76 are fast in detection tasks
and can be used in real time with low computational cost. Though
the mixing patterns inside the microdroplets are very complex, the
CNN may be employed to quantify the magnitude of mixing,
avoiding conventional approach of determining the standard devi-
ation of pixel intensities inside droplets under consideration. Since
droplet microfluidics is the most promising technology in terms of
both detection and isolation, the adaptation of deep learning
schemes in microfluidics is expected to be a game changer.77 To
the best of the authors’ knowledge, real-time detection of droplets
and quantification mixing in fused binary droplets using optical
images and deep neural networks are not performed. In the
present work, two different CNN schemes are deployed to detect
and classify the degree of mixing inside binary merged droplets
passing through microchannels in a real-time manner.

This paper is structured as follows: Sec. II briefs about the
methodology of microfluidic device fabrication, fluid flow visualiza-
tion, data acquisition, neural network architecture, and training.
Section III details on microdroplet generation and mixing associ-
ated with different channel geometries and reagent properties.
Furthermore, the neural network training and testing in connection
with droplet mixing is discussed before the conclusion in Sec. IV.

II. METHODOLOGY

In this section, fabrication of microchannels, droplet genera-
tion and coalescence, visualization of mixing inside droplets,
dataset creation, and CNN architecture are presented in detail as in
the workflow chart given in Fig. 1. Microfluidic devices for con-
ducting experiments are fabricated using the polymethylmethacry-
late (PMMA) material. The channel is made precisely by computer
numerical control (CNC) milling and closed with a cover plate of
the same material using thermal bonding. Thereafter, to generate
droplets, silicone oil is used as the continuous phase, and aqueous
solutions of reagents are used as a dispersed phase. Fluids are
pumped into the device using two injection pumps, flow visualiza-
tion is carried out by an inverted bright-field microscope, and
image acquisition is performed by the associated CCD camera unit.
The mixing efficiency determination of individual droplets in the

FIG. 1. Schematic diagram of droplet generation in a flow-focusing microchan-
nel, droplet fusion, and image analysis and prediction using a deep neural
network. Alternate droplets with different properties are produced in upper and
lower branches, and merging occur in the diverging–converging section.
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flow field is carried out using ImageJ software and a custom
python program to enhance the classification efficiency. Droplet
classification and labeling are performed manually using LabelImg
software. Neural network recreation and training are carried out
using Keras, TensorFlow, and Darknet deep learning libraries com-
piled with OpenCV and custom python scripts. The developed
model is re-trained several times by fine-tuning the hyper-
parameters until a high detection accuracy is achieved.

A. Microfluidic device fabrication

In this section, steps involved in the fabrication of microflui-
dic devices used for conducting experiments are discussed.
Generally, PMMA is a quality material to fabricate microfluidic
devices due to its low cost, less preparation time, high transpar-
ency, good machinability, and scope for easiness in an automated
fabrication process.78 The microchannel is modeled in the Vcarve
software, and the output CNC code is deployed to operate the
ShopBot machine. Channels are milled on a PMMA sheet of 2 mm
thickness using a tungsten carbide end milling tool of 250 μm diam-
eter. The milling process is done in two steps; a coarse-cut at a
spindle speed of 12 000 rpm, followed by a fine-cut at a spindle
speed of 18 000 rpm, keeping the feed and depth of cut at 0.5mm/
min and 50 μm, respectively. The milled microchannel plate and
cover plates are cleaned using the iso-propyl alcohol and distilled
water. The channel geometry is rectangular in shape with an
average width of 255+ 5 μm for a single pass of the tool. The
entire microchip is cut off from a PMMA sheet with a 80� 40mm2

dimension using a laser cutting machine (Epilog Engraver, USA).
Corresponding cover plates with connector holes that are concentric
to reservoirs in the channel plate are also made with the same
dimensions as that of the channel plate as shown in Fig. 2.

The thermal bonding is an effective and simple method to
close a microchannel permanently.79 Here, the microchip counter-
parts are kept in physical contact with uniform pressure for a pre-
defined period of time under a temperature more than the glass
transition temperature. The minimum pressure to be applied uni-
formly on the two sheets simultaneously to facilitate thermal
bonding is found to be 200 kPa. A compression spring loaded
fixture is fabricated to provide the necessary uniform pressure on a

metal plate assembly. The compression springs are calibrated ini-
tially by conducting a load test, and the average stiffness of springs
under a range of operation is found to be 8 kgf/mm. The compres-
sion required is calculated by the pressure to be applied on the chip
surface area. It is estimated that a 0.4 mm compression for individ-
ual springs is sufficient for the bonding process. The whole assem-
bly is heated for 120 min from room temperature, 30+ 2 �C to
95+ 2 �C in a muffle furnace (3 kW) followed by air cooling. The
channel plate and cover plate are bonded together, thereby closing
the channel. The maximum depth variation from the bonding pro-
cedure is found to be 50 μm. Thus, the channel cross sectional
dimensions obtained are 400+ 15 μm� 350+ 10 μm. The repro-
ducibility of the procedure is ensured by measuring dimensions of
a few selected micro-chips.

Thereafter, flexible capillary tubes of an inner diameter of
1.3 mm and an outer diameter of 3.7 mm are used as a connector
for the microfluidic chip. The cover-plate holes are already drilled
using a laser cutter such that a connector tube ensures a tight fit.
The connection is made leak proof by the combination of Araldite®
and M-seal® epoxy adhesives. The leak test is done by passing water
through the channel at velocity 50 times higher than the maximum
velocity required during the experiment. The device did not exhibit
any water leakage and found to be good for conducting experi-
ments since it is resilient to high pressures.

B. Passive droplet generation and coalescence

In this study, two different microchannel configurations are
used for droplet generation and merging. Generally, a continuous
flow squeezes the dispersed phase and droplets are generated when
a shear force overcomes the surface tension force.80 Here, a double
T-junction and a flow-focusing device are used to produce alterna-
tive mono-disperse droplets of two reagents and are allowed to
merge passively in the channel. The droplet fusion section is varied
in dimensions (a diverging section) to retard succeeding droplets to
ensure binary merging and to visualize different mixing patterns.35

The droplet generation in the microchannel depends on the capil-
lary number Ca ¼ μU

γ of the continuous phase, where U is the mean
flow velocity, μ is the dynamic viscosity, and γ is the interfacial
tension between continuous and dispersed phase fluids. The flow
rate of the continuous phase varied from 2 to 10 μl=min as well as
that of the dispersed phase from 0.5 to 2 μl=min such that Ca varies
between 0.006 and 0.02. The microfluidic device is connected to
syringe pumps (NE4002X and KDS Legato 111 Makes), and the
flow is visualized by a microscope (Leica DMi8) working under 4�
optical magnification. Then, images are captured using a CCD
camera (DMC4500) as shown in Fig. 3. Image resolution is varied
from 900� 400 to 1280� 960 pixels depending on the area of the
droplet merging region, and both static images and time lapsed
videos of the binary droplets are recorded. Silicone oil (dynamic vis-
cosity 0.971 Pa s and interfacial tension 37.8 mN/m81) is used as the
continuous phase, and aqueous solutions of reagents given in
Table I are used as the dispersed phases.

C. Mixing quantification

All the images obtained are indeed binned into three different
categories: low mixing, intermediate mixing, and high mixing for

FIG. 2. Flow-focusing device fabricated using a CNC milled PMMA sheet
thermally bonded with a cover plate and connections attached.
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CNN training and testing. The classification of fused droplets is
performed by manual and mixing index methods. Mainly, a stan-
dard procedure to determine the degree of mixing is adopted to
classify images. The approach is to take grayscale pixel values of
the entire droplet area for which mixing efficiency is to be esti-
mated and finding the standard deviation of pixel intensities at
that section to quantify mixing. In this regard, relative mixing
index (RMI) is chosen, and it is the ratio of the standard deviation
of pixel intensities in a cross section to that of the unmixed state.

The RMI value is obtained as

RMI ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN
i¼1 (Ii � �I)2

q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN
i¼1 (Ii0 � �I)2

q ; (1)

furthermore, mixing efficiency also is defined as

ηmix ¼ 1� RMI, (2)

where Ii is the ith pixel intensity, �I is the mean pixel intensity in
the selection, Ii0 is the mean pixel intensity in the unmixed state,
and N is the total number of pixels in the selection.58 Low-mixing,
intermediate-mixing, and high-mixing categories are labeled
according to ηmix values of 0–0.5, 0.5–0.75, and 0.75–1, respec-
tively. However, it is noticed later that the mixing efficiency that is
expected to increase with a time lapse is decreasing drastically for
a few outliers especially in the intermediate mixing cases.
Furthermore, the coalescence of droplets that leads to a completely
new color leads to an inaccurate RMI prediction owing to the defi-
ciency of proper reference values. In these situations, the binning
is carried out by visual judgment. Therefore, approximately 20% of
the images are categorized manually to appropriate classes.

D. Convolutional neural networks for real-time object
detection

A CNN refers to an artificial neural network capable of con-
verting unstructured data into structured to build complex concepts
from simple ones. In this study, the CNN adopted is a specialized
neural network, which uses image/video data for the training and
extracts features to distinguish later. It is noteworthy that, different
dye combinations, various sizes and shapes of droplets and compli-
cated diffusion and convection patterns inside the droplets necessi-
tate an advanced neural network to handle this scenario. For
real-time applications, the network should be capable to process a
large number of images per second. Networks such as YOLO
series73–75 and SSD76 are much faster and can be used on-line for
the object detection and categorization tasks. More specifically,
lightweight real-time object detection networks, YOLOv3-Tiny
(YOLOv3) and SSD300, are chosen for the present investigation.
The difference between two networks lies in the detection part;
while the YOLOv3 divides images into grids and finds the confi-
dence score of each object being processed, the SSD predicts default
bounding boxes instead of anchor boxes used in YOLOv3. Speciality
of these networks is the ability to perform efficiently by the expense
of limited computational resources. The comparison of the number
of trainable parameters in each network is shown in Table II.

FIG. 3. Experimental setup consisting of two syringe pumps, a microfluidic
device, a microscope, a CCD camera, and a computer system for image acqui-
sition and analysis.

TABLE I. Details of dyes used to generate droplets for binary merging.

Species
Molecular

mass (g/mol)
Concentration

(moles/l)

Potassium thiocyanate 97.18 0.369
Ferric chloride 162 0.123
Iron thiocyanate 230.09 0.123
Methylene blue 319.85 0.075
Sunset yellow 452.36 0.075

TABLE II. Trainable parameters of neural networks.

Network Trainable parameters

SSD300 24 013 232
YOLOV3-TINY 8 674 496
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The convolutional filters before the YOLOv3 anchor layer are
changed based on the number of classes. The network architectures
of YOLOv3 and SSD are shown in Fig. S1 of the supplementary
material. The YOLOv3 network achieves more accuracy compared
to their predecessors YOLOv1 and YOLO9000 by introducing
batch normalization and scaling and short-cut pathways. The drop-
lets are enclosed using bounding boxes and labeled to a pre-defined
class which they belong using a LabelImg tool. For more imple-
mentation details of the CNN architecture, refer the previous
work.82 The network training and testing was performed on a Dell
precision tower 5810 with a 3.5 GHz Intel Pentium II Xeon proces-
sor, 16 GB of RAM, and 2 GB Nvidia Quadro K620 GPU.

III. RESULTS AND DISCUSSION

This section details about the droplet generation, its binary
coalescence by experimental means, and mixing quantification
employing deep neural networks.

A. Droplet generation

In this study, flow-focusing devices and double T-junction
microchannel configurations are deployed for droplet generation.
Both coaxial and off-setted double T-junctions are used for droplet
generation and coalescence. At first, the coaxially configured
T-junction as sketched in Fig. 4(a) is fed with two fluids having dif-
ferent surface tension and viscosities. A continuous fluid is allowed to

pass through the main channel, while the alternating disperse phases
are allowed through top and bottom inlets. Once the shearing force
of continuous liquid overpowers the surface tension force of dispersed
fluid, droplets are formed inside the microchannels.

Alternating droplet generation is observed similar to the
push–pull mechanism reported83 at a double T-junction device
as shown in Figs. 5(a)–5(f ). Furthermore, the simultaneous
droplet generation is observed for a T-junction device with offset
dispersed channels. The rise of the flow rate of the continuous
phase resulted in a droplet break-up regime shifting to a dripping
regime from a squeezing regime24 as evident in Figs. 5(g)–5(l).
Note that, for both cases, different dyes are chosen to provide a
generalized dataset for neural network training. Furthermore, at a
predefined flow ratio of channel fluids, alternating monodis-
persed droplets are generated. In addition, by varying the flow-
ratio, drops of different sizes are obtained for merging. Here, the
ratio of the channel to droplet size is �1:1.

FIG. 4. Schematic diagram of (a) a coaxial double T-junction and (b) a flow-
focusing microchannel configuration for alternating droplet generation and
coalescence.

FIG. 5. Transition of the droplet regime from squeezing (a)–(f ) to dripping
(g)–(l) in a microfluidic T-junction. Distilled water, methylene blue, and sunset
yellow solutions are used as dispersed phases and silicone oil as a continuous
phase. The flow rate of the continuous phase is 6 μl=min, and the dispersed
phase flow rate is 2 μl=min for (a)–(f ) (Ca ¼ 0:0175). The flow rate of the con-
tinuous phase is 10 μl=min, and the dispersed phase flow rate is 2 μl=min for
(g)–(l) (Ca ¼ 0:0292). Images are captured at an interval of 180 ms for (a)–( f )
and 220 ms for (g)–(l).
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In contrast, a flow-focusing device as shown in Fig. 4(b) is
used to avoid contact of the dispersed phase with channel walls and
to increase monodispersity. For instance, the continuous fluid in the
top branch squeezes the dispersed fluid from either side and the
droplet forms at the middle of the junction as evident in Fig. S2 of
the supplementary material. On the other hand, the second phase
droplets in distilled water are generated at the lower branch. By
varying the flow rate of the continuous phase from 2 to 10 μl=min
and that of the discontinuous phase from 0.5 to 2 μl=min, near
mono-disperse droplets of effective diameters ranging from 300 μm
to 600 μm are obtained. The junction of a flow-focusing device is
shown in Fig. 4(b), and due to the geometrical symmetry and the
flow rate, the droplet twins meet near the junction. Moreover, these
droplets move together through the main channel until it reaches
the diverging–converging section where the droplet retards.

B. Droplet coalescence and mixing

Thereafter, an instability is cased at the interface, which causes
merging of two droplets, referred as decompression merging.33 The
droplet fusion in a microchannel is a sequential process, including
attachment, film drainage, interface coalescence, rupturing, and pen-
etration depending on the channel geometry.55 Various dye (non-
fluorescent) combinations are also used in order to visualize the
mixing process under different conditions. The mixing modes
include reactive mixing, diffusive mixing, and convective mixing.
Moreover, there exists mixing resulted in a third color during binary
reactive mixing as well. The RMI is used primarily for the estimation
of mixing efficiency so as to classify the degree of mixing for all dye
combinations used for the experiment. In some of the cases, irre-
spective of the initial conditions, the mixing patterns turned out to
be similar in nature. For instance, the merging of droplets with equal
and unequal sizes results in an identical mixing pattern, as observed
in Fig. 6. It is noteworthy that the sunset yellow and methylene blue
are used for mixing in both the cases. Even though the droplet size
and dye intensity differ, the mixing patterns developed inside are
similar as seen in Figs. 6(f) and 6(l).

Next, Fig. 7 depicts mixing patterns developed by the merging
of water and iron-thyocyanate droplets in a microchannel. Here, the
multicomponent droplets are identical in size as in Figs. 7(a)–7(e). In
contrary, Figs. 7(f)–7( j) demonstrate fusion of droplets having
un-identical sizes and shapes. Moreover, when the merged droplet
traverses the microchannel, the level of mixing changes from low to
intermediate and finally to high as shown in Fig. 8. Indeed, these
three classifications are used in the current study to categorize the
degree of mixing inside the coalesced droplets. Initially, just after the
droplet fusion is initiated, the fluid from one of the parent droplet
penetrates into the other as seen in Figs. 8(a)–8(e) in the low-mixing
category. Note that the geometry of the binary droplet in this regime
is not symmetric and is complex. Thereafter, the droplet transported
downstream and mixing promoted further due to diffusion and con-
vection, and an intermediate state is reached as in Figs. 8(f)–8( j).
The droplet advances stream-wise and mixing completes. Then, the
concentration of fluids in the droplet reaches uniformity throughout
the volume and high mixing is accomplished. Later, these categoriza-
tions are employed by the neural networks to classify the recorded
images. Importantly, the shape, size, color, and concentration values

of the merged droplets are different; consequently, the detection and
classification turn to be a difficult task for the neural network. The
merging droplet micrographs are collected, classified, and labeled
manually. The dataset consists of 1273 images consisting of 1442
manually labeled bounding box annotations for each of the merging
droplet. In order to distinguish merging droplets perfectly, some
unmixed droplets were intentionally present in the flow field and
they remained unlabeled. Labelled images were split as training and
testing datasets as shown in Tables III and IV.

C. Training and testing of CNN

This section elaborates on the creation of the image data set of
merged droplets, training of CNN, and testing to classify the degree

FIG. 6. Droplet merging in a diverging–converging section due to decompres-
sion. Sunset yellow and methylene blue solution are used as dispersed phases
and silicone oil as a continuous phase. (a)–(e) represent mixing of equal drop-
lets and (g)–(l) represent mixing of unequal droplets. The flow rate of the contin-
uous phase is 5 μl=min and the dispersed phase flow rate is 1 μl=min. Images
are captured at an interval of 180 ms.
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of mixing. The experiment and visualization are conducted using
different reagent pairs and microchannel geometries, which contrib-
uted to a custom dataset of images for training and testing of
CNNs. The various mixing patterns are generated inside the drop-
lets, which are influenced by the channel geometry, the flow rate,

the type of fluid, the size of the droplet, the droplet color, convec-
tion currents inside drops, the diffusion coefficient of fluids, and the
sequence of merging. The CCD camera exposure rate is controlled
randomly to avoid biasing of the training data. In order to avoid
over-fitting of the training data, image augmentation techniques
such as horizontal and vertical flipping, resizing, and random crop-
ping are performed on acquired images to improve detection and
classification accuracy. Thus, the initial image dataset with 1273
color images resulted in 6365 images after the augmentation.

The classifications to train CNN are based on the extent of
mixing, which is calculated by the RMI method for individual
droplets or by manual means. The droplet boundary is selected and
pixel intensities inside the selected boundary; initial pixel intensity
values of individual droplets are measured using ImageJ software,

FIG. 7. Droplet coalescence and mixing of iron thyocyanate and water droplets
of (a)–(e) unequal and (f )–( j) equal sizes in a T-junction microchannel.
Diameters of unequal droplets are 600 μm and 400 μm and the diameter of
equal droplets is 500 μm.

FIG. 8. Sample image dataset and classes. (a)–(e) belong to a class of low-
mixing droplets, (f )–( j) belong to droplets with intermediate mixing, and (k)–(o)
belong to a class of highly mixed droplets.

TABLE III. Merged droplet dataset.

Total number of images 1273

Training dataset 1020
Validation dataset 127
Testing dataset 126
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and ηmix is evaluated using a custom python program employing
Eq. (2). In boundary value cases, based on the ηmix value, the drop-
lets are classified into low-mixing, intermediate-mixing, and high-
mixing classes. For instance, Fig. 9 demonstrates the time evolution
of mixing in a merged droplet generated from sunset yellow and
methylene blue. Here, the droplet merging starts at time t ¼ 0 ms
and that elevates as the droplet moves along the flow. Then, the
mixing progresses to an intermediate stage around t ¼ 480 ms.
Later, complete mixing takes place and homogenization of species
is occurred. The ηmix values of the droplet against time are plotted
in Fig. 9( j), which helped in identifying marginal cases.

Extreme care is taken while preparing the dataset such that no
other parameters such as the droplet size, shape, and color of drop-
lets becoming a distinguishable feature of any of the classes. To this
end, the droplets having identical sizes with different reagents are
allowed to merge, and subsequent images are recorded to avoid the
size dependence of data. Thereafter, experiments are repeated for
different droplets with sizes spanning from 125 μm to 280 μm.
Furthermore, the droplet merging is monitored for the same size
and shape, instead with different reagents to circumvent data
biasing toward the color. A wide range of droplet merging interme-
diate shapes are also taken at different locations in the channel to
mitigate the data skewing. Though ηmix provides satisfactory esti-
mation for low mixing and high mixing, an intermediate mixing
regime finds to be fluctuating with a zig-zag pattern due to internal
circulation of droplets. In addition, mixing efficiency determination
of the reactive mixing process with ηmix is pointless as unmixed
pixel intensities have no relation with mixed state pixel intensities.
In such cases, classification is done by manual inspection. Since
localization of the merging droplet is necessary during detection,
the merging droplets in the training and validation dataset are
bounded by rectangular boxes, and the coordinates of these boxes
are also fed to networks along with images in order to distinguish
between classes as well as background features such as channel
walls, unmixed droplets, and other noisy features of images.

The resolution of images taken from a CCD camera is varied
according to the field of view. Images of resolution that vary
from 1280� 960 pixels to 850� 475 pixels are used for training
purposes. Due to high computational cost, full resolution images
cannot be directly used for CNN training. All images are resized
to a uniform resolution before feeding to the network. For the
SSD network, the input image dimension was 300� 300 pixel
RGB color images, whereas input pixels for the YOLOv3 network
are 416� 416 pixel RGB color images. The sample dataset used
for CNN training consisted of all the classes (low, intermediate,
and high) as shown in Fig. 8.

In the present investigation, SSD and YOLOv3 networks that
are optimized to train in mid-tier GPU are deployed for training

and testing. The YOLOv3 is trained on a Darknet deep learning
library84 for 10 000 steps, with a batch size of 32 and subdivisions
of 8 for YOLO models, whereas the SSD network is implemented
in Keras with Tensorflow as a back-end. Furthermore, the SSD
network, being computationally heavy compared to YOLOv3, is
trained for 70 epochs and at a batch size of 1 image per batch.

Two defining parameters to compare the performance of
CNN networks are precision and recall. The precision is defined as
the fraction of the number of true positive predictions to the total
number of positive predictions, whereas recall is the ratio of the

TABLE IV. Labeled classes and the number of images.

Label Total count Training Testing

Drop with less mixing 248 200 48
Drop with intermediate mixing 611 493 118
Drop with high mixing 583 473 110

FIG. 9. Mixing efficiency determination of the merged droplet in a diverging
channel using the RMI method. Methylene blue and sunset yellow are used as
dispersed phases and silicone oil as a continuous phase. The continuous
phase flow rate is 10 μl=min and the dispersed phase flow rate is 2 μl=min. (a)–
(i) Sequence of images shows merging of droplets, and ( j) depicts variations of
the mixing efficiency of a fused droplet against time. The duration of species
homogenization for low-mixing, intermediate-mixing, and high-mixing categories
is 0–360 ms, 360 ms–1400 ms, and 1400 ms–2400 ms, respectively.
Iso-efficiency lines demarcate all the three classes.
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number of true positive predictions to a number of total predicted
results. Precision-recall curves are drawn for both the networks
according to different confidence thresholds ranging from 0 to 1 as
shown in Fig. 10. The average precision is calculated based on the
standard approach of 11 point recall values85 for each mixing class as
in Table V. In addition, by estimating the mean of average precision
of each class, a parameter mAP (mean average precision) is calculated
for SSD and YOLOv3 networks and is given in Table VI. Note that
both the networks are employed with the same dataset for training
and testing. From the precision-recall curves, it is evident that the
SSD network provides a better compromise between precision and
recall, whereas the YOLOv3 network surpasses SSD in the case of
speed of detection as mentioned in Table VI. Furthermore, mAP
based on 11-recall points is better for SSD as compared to the
YOLOv3 network. In comparison, real-time prediction can be done
using the YOLOv3 network in mid-tier computers by sacrificing some
amount of prediction accuracies; meanwhile, SSD networks can be
deployed on high-end computers in such cases where detection accu-
racy cannot be compromised. To circumvent the data biasing, the
fivefold cross-validation is employed during the training phase of
both the networks and used early stopping when losses are minimum.

After training and validation, another mutually exclusive set of
testing images is used to evaluate the performance of the networks.
The testing data consist of images taken at different light exposures,

reagent combinations, and mixing patterns. The performance of
both networks for the same input images is compared in Fig. 11. It
is observed that both the networks excel in a classification task;
however, SSD seems to be better in terms of localization of the
droplet with a bounding box that encloses the droplet. Both the
models also avoided unmixed droplet images to be wrongly detected
as perfectly homogenized droplets even though they have close
resemblance in terms of color and uniformity. Nevertheless, the
SSD network is efficient in the localization task, and the classifica-
tion of the droplet seems to be difficult with some reagents and pat-
terns as seen in Fig. 11(b). Precision and recall parameters that are
used to evaluate network performance are compared for SSD and
YOLOv3 networks in Table VI. It is evident that YOLOv3 provides
better class prediction meantime, and the SSD network provides
better bounding box prediction for a merging droplet dataset.

In addition to the image input, the models are tested with a
video input as well to check its validity in classifying binary-
coalesced droplets in real time. It is demonstrated that both net-
works are able to localize the droplet and classify it irrespective of
the droplet shape, color of reagents, size, and background.
However, the YOLOv3 network can handle up to 39 frames per
second (FPS), while SSD can do it for 7 FPS (see Table VI).
Hence, for the purpose of classification from the video data input
where the exact location of object is of less concern, the YOLOv3
network is preferred. It is evident from Figs. 11(a) and 11(d) that mul-
tiple droplet localization and classification can be executed simultane-
ously from a single frame efficiently. To reconfirm the applicability of

FIG. 10. Precision-recall curves for (a) low-mixing, (b) intermediate-mixing, and (c) high-mixing classes evaluated on trained SSD and YOLOv3 models by using a com-
bined testing and validation dataset.

TABLE V. Average precision comparison of networks in classifying the degree of
droplet mixing in three categories.

Classes
Average precision

(SSD)
Average precision

(YOLOv3)

Low mixing 0.853 0.827
Intermediate mixing 0.905 0.833
High mixing 0.933 0.828

TABLE VI. Comparison between test results of SSD and YOLOv3 networks.

Network Input size mAP FPS

SSD 300 × 300 0.897 7
YOLOv3 416 × 416 0.8298 39
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the proposed networks, the classification of binary droplet fusion
reported in the literature34,86 is performed (refer to Fig. S3 in the
supplementary material). Even though the experimental conditions,
reagents, and channel dimensions are entirely different and these
images are not part of the current dataset, the classification is carried
out by both the networks with good precision. Most importantly, this
microfluidic configuration and deep neural network framework can
easily be extended to a much more complicated analysis such as
detection of biological cells, DNA, exosomes, etc., encapsulated in
droplets in a real-time manner. In particular, bio-analytical applica-
tions such as detection of targeted cells, microfluidic nucleic acid
amplification, microfluidic pathogen incubation, etc.,15,62,87–89 which
involves target specific dyes/primers also can adopt this AI strategy
after generating a corresponding dataset.

IV. SUMMARY

In this work, detection and classification of binary-coalesced
droplets inside microchannels based on the degree of mixing using a
deep neural network is performed. Different microchannel configura-
tions are fabricated on the PMMA material using micro-milling tech-
niques in conjunction with thermal bonding. Monodispersed droplets
are generated using flow-focusing and cross-flow microchannel geom-
etries, and the droplets are allowed to coalesce passively. Owing to
the complex internal flow dynamics, volume ratio, different dye com-
binations, etc., various mixing patterns have been visualized from the
commencement of coalescence to the end of homogenization. A large
image dataset of binary droplets is generated with distinct features.
The microdroplet detection and classification based on the extent

of mixing is carried out using the pattern recognition capability of
deep neural networks. Real-time object detection models, SSD and
YOLOv3, are deployed in this examination. The trained CNN
models are able to detect merged droplets at different stages and
classify based on pattern recognition irrespective of experimental
conditions such as fluid color, dye properties, volume ratio, light-
ing, and so on. The real-time monitoring of mixing efficiency is
carried out with a mid-tier GPU equipped computer and achieved
39 FPS speed of frame processing with the YOLOv3 network,
which is fast enough to implement on real-time applications. The
current droplet microfluidic platform in conjunction with the AI
framework can be explored in future for a bio-macromolecule
analysis and developing diagnostic systems by modifying the train-
ing dataset and neural network architecture.

SUPPLEMENTARY MATERIAL
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figures is available for the reader’s reference.
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