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Fluorescence microscopy has become an essential tool for biologists, to visualize the dynamics of
intracellular structures with specific labeling. Quantitatively measuring the dynamics of moving
objects inside the cell is pivotal for understanding of the underlying regulatory mechanism.
Protein-containing vesicles are involved in various biological processes such as material transportation,
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Introduction

organelle interaction, and hormonal regulation, whose dynamic characteristics are significant to
disease diagnosis and drug screening. Although some algorithms have been developed for
vesicle tracking, most of them have limited performance when dealing with images with low
resolution, poor signal-to-noise ratio (SNR) and complicated motion. Here, we proposed a
novel deep learning-based method for intracellular vesicle tracking. We trained the U-Net for
vesicle localization and motion classification, with demonstrates great performance in both
simulated datasets and real biological samples. By combination with fan-shaped tracker (FsT)
we have previously developed, this hybrid new algorithm significantly improved the
performance of particle tracking with the function of subsequently automated vesicle motion
classification. Furthermore, its performance was further demonstrated in analyzing with
vesicle dynamics in different temperature, which achieved reasonable outcomes. Thus,
we anticipate that this novel method would have vast applications in analyzing the vesicle
dynamics in living cells.

Keywords: Deep learning; image processing; vesicle tracking; fluorescence microscopy; U-Net.

characteristics are significant to disease diagnosis

As optics and computer science develop, advanced
microscopy technologies have opened new eyesight
for biomedical researchers. Fluorescence microscopy
has been widely used in biomedical research to ob-
serve subcellular structures with specific labeling.'
These technologies enable us to acquire quantities of
time-lapse images, which contain assorted biomedical
information. At the same time, we are confronted
with new challenges of digesting these images by
quantitatively processing the data. Due to the limi-
tation of imaging speed, spatial resolution, and fluo-
rescent bleach, traditional image processing methods
could not perform robustly on microscopy images.* >

As a method of representational learning of
data,’ deep learning has developed and evolved in
many scientific fields, including microscopy image
processing. Deep learning models, such as convolu-
tion neural network (CNN), recurrent neural net-
work (RNN), generative adversarial nets (GANs),
have achieved satisfactory results in many tasks, for
instance image classification, object detection,
image segmentation, object tracking and super-
resolution reconstruction.”® Multi-object tracking
(MOT) is the task of following objects through a
series of time-lapse images.”>' Measuring the ve-
locity and dynamics of intracellular objects over
time is essential to analyze the underlying biological
mechanisms. For example, the trajectory of the
nucleus is related to cell localization,'"'? the dy-
namic information of the microtubule is associated
with cell mitosis.'*!* Intracellular vesicles have
proved to be involved in many cellular processes,
such as material transportation, organelle interac-
tion, and hormonal regulation, whose dynamic

and drug screening.'-'9717

Object tracking tasks can be divided into two
steps, namely object localization and data associa-
tion.'® For microscopy images, low signal-to-noise
ratio (SNR) and resolution, unpredicted over-
lapping, and deformation are the main challenges
for precise localization. Conventional data associa-
tion algorithms'“?" are always based on a specific
motion model, which fails to track vesicles varying
in different states of motion. In addition, the ran-
dom appearance and disappearance of the moving
objects further make the targets hard to follow.

U-Net is one of the most widely used models in
segmentation tasks, named for its U-shaped net-
work structure.?! U-Net is a derivative of fully-
convolution network, which can realize the trans-
lation from image to image, with its skip-connection
structure accelerating training. It performs well on
microscopy image segmentation tasks. Thus, in this
study, we applied U-Net to intracellular vesicle locali-
zation and motion classification, which effectively
improves the performance of particle tracking. We
further quantified the dynamic characteristics of in-
tracellular vesicles according to the tracking results and
achieved satisfactory outcomes in cell experiments.

2. Methods
2.1. Dataset
2.1.1. Cell dataset

Cell culture and transfection
COS-7 monkey fibroblasts were cultured in high-
glucose Dulbecco’s modification Eagle’s medium

2250031-2



(DMEM, Corning, Manassas, VA, USA) with 10%
fetal bovine serum (FBS, Gibco, Life Technologies,
USA) and 1% penicillin G/streptomycin at 37°C in
a humidified 5% COy incubator. According to the
manufacturer’s protocol, the cells were transiently
transfected with transferrin receptor (TfR)-mCherry
plasmid (purchased from Addgene, Catalog #55144)
using Lipofectamine 3000 (Thermo Fisher).

Live-cell imaging

COS-7 fibroblasts were cultured on 35 mm glass-
bottom dishes and imaged 18-24h after transfec-
tion. Before imaging, cells were cultured in KRBH
buffer, pH 7.4. Cells were kept in a thermostat-con-
trolled chamber at 37°C throughout the imaging
process. Finally, the cells were imaged in glass-bottom
dishes by total internal reflection fluorescent micro-
scope (TIRFM). The TIRFM system was based on an
Nexcope NIB900 microscope, equipped with a 100x
NA 1.49 oil immersion objective. The 488 nm argon
laser was used to excite labeled fluorophores. Time-
lapse images were taken by Andor iXon887 EMCCD
under the control of iQ3 software. Representative
video is provided in Supplementary Video S1.

Image preprocessing and manual annotation

The contrast and brightness of the acquired
images were adjusted using ImageJ (NIH). Then the
images were denoised using difference of Gaussian
(DoG) filter with python program.’??* Finally,
vesicles in the time-lapse images were annotated by
biological experts and box-bounded using Colabeler
AT Labeling Tool.

Data augmentation

Data augmentation refers to creating more data
by transforming the original data without adding
the original data. It can increase the amount and
enrich the diversity of data. 256 % 256-pixel win-
dows are set and shifted on the fluorescence images,
cropping five fields on the corners and center of each
image. Then, each field is rotated clockwise by 0°,
90°, 180°, and 270°. The images are then horizon-
tally and vertically overturned. Finally, the
brightness and SNR are, respectively, adjusted. The
results of data augmentation are shown in Fig. S1.

2.1.2.  Simulated dataset

Settings and parameters

To better simulate the statistical characteristics
of the vesicles, we used the distribution feature,
velocity, and dynamics from the real biological

U-Net-based deep learning for vesicle tracking

data. We generated 100 simulated image sequences,
and each has 50 frames. In the first frame, 30-50
vesicles were randomly distributed as diffraction-
limited spots with an initial location. In the mean-
time, new vesicles randomly appear at each frame.
The technical details are set in the following way:
(1) The size of the images is 256 * 256 pixels. (2)
The motion states of vesicles were varied from
directed motion, Brownian motion to restricted
motion. (3) Time-lapse centroid images and trajectories
were used as ground truth.

Microscope’s point spread function

Because of diffraction, the image produced by the
optics system is not the ideal geometric point image
but a light spot (Airy spot) with a specific size,
which can be defined as a point spread function
(PSF).?"26 We defined a kernel of size 5 * 5 pixels,
whose intensity decreased from the center to the
edge. The kernel convolved the centroid image to
convert each point as a light spot.

Microscopic noise

Noises involved in microscopic images can be
divided into device-based noise and sample-based
noise. The device-based noise is formed by photon
scattering, electromagnetic interference, and other
factors. It is random and roughly follows Poisson
distribution,?® which can be simulated by Gaussian
noise using Python’s Random Library. The sample-
based noise comes from spontaneous fluorescence.
Many background noises in real cell fluorescence
images were collected and augmented, added to the
synthesized images to simulate the sample-based
noise. Finally, we used 80% as the training data
while the remaining was used for testing. The sim-
ulation flowchart and result are shown in Fig. 1, and
the representative video is provided in Supplementary
Video S2.

2.2,

The proposed method constitutes four separate
steps: (1) Localize intracellular vesicle at each frame
with U-Net; (2) Classify the motion of each vesicle
with U-Net; (3) Connect the centroids among suc-
cessive frames by wusing fan-shaped tracker
(FsT)?"*" and nearest neighbor association (NNA);
(4) Quantitatively quantify the dynamics of vesicle
movement. The modules of the proposed method
and the architecture of the proposed network are
shown in Fig. 2. The proposed network consists of

Proposed algorithm
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Fig. 1. Simulation flowchart and representative images. (a) The simulation approach for modeling intracellular vesicle track.
(b) Real fluorescence microscopy image. (c) Simulated image. Scale bar: 10 pm.
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Fig. 2. Overview of the proposed method and architecture of the proposed network to extract dynamic information from
fluorescence microscopy image sequences.
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two U-Nets. The first one is for object localization,
while the second is for motion classification. U-Net
consists of two processes: down-sampling and up-
sampling. The down-sampling is realized by con-
volution and max-pooling layers, which extracts
image features and increases the size of the sensing
field, ensuring the robustness of the model and de-
creasing the risk of overfitting. The up-sampling is
achieved by deconvolution, which restores and
decodes the abstract features. The skip-connection
between layers is used to solve the problem of gra-
dient explosion and attenuation as the network
deepens.

2.2.1.

During the training step, the inputs to the first U-
Net were a series of fluorescence microscopy images,
while the ground truth was a series of centroid
images. To provide temporal information at the
input, we used the frames at the neighborhood of
the current frame. The loss function is defined as
Eq. (1), where L represents the difference between
predicted result PD and the ground truth GT, the
W and H refers to the width and height of the
image. We pre-trained the model on the simulated
datasets, and then we retrained it by loading
the pre-trained model into the real data with the
method of transfer learning to obtain the final
model.

1 W H
L=y (Z > " abs(GT(4,§) — PD(, j))) .

(1)

Localization

2.2.2.

As previously mentioned, conventional data asso-
ciation algorithms are always based on a certain
motion model. However, the movement of intracel-
lular vesicles varies, which can be categorized into
three types: Brownian motion, directed motion, and
restricted motion. Using the U-Net proposed pre-
viously, we classified each vesicle into a certain state
of motion. The inputs were successive frames of
acquired centroid images, while the ground truth
were centroid images of the middle frame in three
channels, respectively, corresponding to the three
motion states. The loss function is defined as
Eq. (2), where L represents the difference between
predicted result PD and the ground truth GT, W

Data association
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and H refers to the image’s width and height, and
C,, refers to the kth channel of output.

1 3 W H
L= m (Z Z abS(CkGT(Z,_])

k=1 i=1 j=1

— C,PD(i, ) (2)

In practical application, the data input into the
model is not a completely accurate vesicle centroid
map. However, it results in false negative and false
positive caused by the algorithm’s detection error,
significantly impacting on the motion classification
task. In order to improve the robustness of the
model, input centroid images with 10% false-nega-
tive and 10% false-positive are used to retrain the
model using transfer learning.”® Then we, respec-
tively, applied FsT to track vesicles of directed
motion and NNA to track vesicles of Brownian
motion and restricted motion.

2.2.3.  Dynamics quantification

Vesicle dynamics definition

The movement of intracellular vesicles can be
divided into Brownian motion, directed motion, and
restricted motion. Different categories correspond
to different physiological states and functions. With
the occurrence of internal physiological reactions
and the influence of external environment, the mo-
tion state of intracellular vesicles will change fre-
quently. The proportion of each state can be used to
analyze the dynamics of vesicles quantitatively. In
addition, the vesicle velocity indicates the efficiency
of material transportation and can be used as a
quantitative index to evaluate cell dynamics. Thus, we
defined the vesicle dynamics by percentage of the three
different motion states and quantified vesicle velocity.

Experiment validation

Many life processes such as vesicle transportation
in cells are related to temperature. The optimal
temperature for endothermy cells is 37°C. If the
temperature decreases, cell activity will be affected,
manifested as the weakening of dynamic char-
acteristics of subcellular structures such as vesicles.

The fluorescent cell samples transfected with
TfR-mCherry plasmid were placed in the live-cell
station. The fluorescent image sequences were taken
at 37°C, 25°C, and 10°C water baths. The time-
lapse image sequences were then analyzed with
the proposed algorithm, acquiring relevant dynamic
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characteristics. The video is provided in Supplementary
Videos S3-S5.

3. Results and Discussion
3.1.

Figure 3 illustrates the performance of feature par-
ticle detection (FPD)? and the proposed method
on vesicle localization. The proposed network could
localize most of the vesicles precisely in the image.
Conventional values Jaccard similarity coefficient
(JSC), false negative ratio (FNR), false positive
ratio (FPR) are employed to quantitatively evalu-
ate the localization performance.’’?? The values
are listed in Table 1, which shows that the proposed
method surpasses the existing method on both
simulated and real datasets.

In real biological dataset, the JSC on testing data
is relatively lower than that on training data, which
indicates that overfitting may occur. It is because
our network is trained on a small dataset. Table 2
illustrates the performance of U-Net under a dif-
ferent source of training and testing dataset. When
training and testing data comes from similar sour-
ces, the network can improve better accuracy. This
informs us that a large dataset containing fluores-
cent images of different cells and microscope
systems should be established.

Localization

Original Image

Simulated
Data

Real
Data

Fig. 3.

Table 1. Localization performance in terms of JSC, false
negative rate (FNR), and false positive rate (FPR) of proposed
U-Net and FPD.

Dataset Method FNR| FPR| JSC7
Simulated and training U-Net 0.001 0.001  0.998
Real and training U-Net 0.002 0.000  0.998
Simulated and testing U-Net 0.037 0.027  0.939

FPD 0.073  0.026  0.901
Real and testing U-Net 0.140 0.116  0.744

FPD 0.211 0.096  0.693

Table 2. Localization accuracy of U-Net under different
source of training and testing datasets.

Source of training and Training Testing
testing data JSC JSC
Different cell 0.968 0.744
Same cell and different scene 0.954 0.803
Same cell and same scene 0.956 0.946

3.2.

The motion classification performance of U-Net
with a varied number of input frames (N) was
shown in Table S1. With the increase of N, the
classification accuracy improves and gradually
converges. As previously mentioned, detection of
false negative and false positive may greatly influ-
ence vesicle motion classification. Table 3 shows the

Data association

FPD
Predicted

U-Net
Predicted

Original image, FPD predicted result, and U-Net predicted vesicle localization results on simulated data and real data. The

red stars stand for ground truth. In contrast, the blue boxes stand for predicted results. Scale bar: 10 yum.
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Table 3. Effect of detection false negative and FPR on motion
classification on original trained and retrained model (number
of input frames = 7).

Input

centroid Directed Brownian Restricted Weighted

image Model motion motion motion average

Ground  Original  0.927 0.949 0.978 0.954
truth

10%FN,  Original  0.521 0.795 0.835 0.747
10%FP

10%FN, Retrained 0.851 0.852 0.850 0.851
10%FP

effect of detection false negative and FPR on motion
classification on original trained and retrained
model. After retraining, the accuracy significantly
recovers from 74.7% to 85%. Figure 4 illustrates
that our proposed method has better centroid as-
sociation performance than FsT. The association
performance of tracking methods with or without
motion classification were summarized in Table 4.
GT and PD represent the ground truth and predic-
tion of motion classification, respectively. Obviously,
our proposed deep learning-based method can

Ground Truth

Fan-shaped Tracker

U-Net-based deep learning for vesicle tracking

Table 4. Data association algorithms’ performance with/
without motion classification (number of input frames = 7).

Data association algorithm JSC FNR FPR
FST 0.623 0.321 0.120
FST + NNA + MC(GT) 0.991 0.006 0.003
FST + NNA + MC(PD) 0.936 0.046 0.020

significantly reduce the mismatching and improve
the accuracy of centroid association. Furthermore, as
shown in Fig. 5, the proposed vesicle tracking algo-
rithm could track single vesicles and classify different
vesicle motions with great accuracy.

3.3. Dynamics quantification

The dynamics quantification performance of the
proposed method in simulated datasets was sum-
marized in Table 5. The relative error of each index
is less than 10%, which indicates that the proposed
method could quantitatively analyze the dynamic
characteristics of intracellular vesicles precisely. We
further applied our method to quantitative analyze
the vesicle dynamics under different temperatures.
The results are shown in Fig. 6, which demonstrates

Proposed Method

-

: : :
’ w» T ""-\' v ST “’\' ’ o Nl "V-\'
'L L iy, X ¥
Cro Kreas Koga
VATl | ATRE] | AT
O e - 1 M

) ~ '
<™ 3 N

3

Fig. 4. Centroid association performance. (a) Ground truth and result of data association on simulated data predicted by FsT and
our proposed method. (b) Enlarged views of region squared in (a), the differences of trajectories were marked with red arrows.
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Fig. 5. Application results of the proposed vesicle tracking algorithm in real vesicle image sequences. (a) Representative vesicle
moving sequences (frame rate of 5fps); (b) Motion state classification and tracking results, the yellow track represents directed
motion, the blue track represents Brownian motion, and red track represents restricted motion. Scale bar = 1 ym.

Table 5. Dynamic characteristics quantification performance of our proposed method in simulation dataset.

Dynamic characteristics Ground truth Predicted result Relative error
Ratio of restricted motion 0.240 0.250 0.040
0.568 0.567 0.002
Ratio of directed motion 0.129 0.128 0.006
0.486 0.451 0.071
Ratio of Brownian motion 0.254 0.269 0.059
0.503 0.515 0.024
Average velocity (um/s) 0.258 0.268 0.038
0.313 0.311 0.007
0.409 0.403 0.015
, 25 *%
*
B oo7 g
g 5 0
o0 o,
@ o —
8 0.05 (_l; 0 ’
2 Q |
- ®©
5 0.04 | \ o
=
3 003 a
= g
O 0.02 = 1
= 0.
) 01

Temperature/°C Temperature/°C
(a) (b)
Notes: * means statistically different (p < 0.05), ** means significantly different (p < 0.01), N.S means no significance (p > 0.05).

Fig. 6. Quantitative analysis of dynamic characteristics of vesicles at different temperatures. (a) Percentage of Brownian motion
vesicles at different temperatures; (b) Percentage of directional motion vesicles at different temperatures; (c) Percentage of re-
stricted motion vesicles at different temperatures; (d) Average percentage of directional motion vesicles at different temperatures.
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Fig. 6. (Continued)

that the dynamics of vesicles movements, as eval-
uated by percentage of directed movement and the
velocity of moving vesicles were correlating with
elevated temperature. The concrete data are shown
in Table S2. As temperature decreases, the ratio of
Brownian motion and directed motion reduces,
while the ratio of restricted motion improves.
Moreover, the average velocity of vesicles decreases,
which fits with expectations according to relevant
physiological law.

4. Conclusion

In this paper, we presented a novel deep learning-
based tracking method for intracellular vesicles in
fluorescent microscopy image sequences. We col-
lected real vesicle movement videos and manually
annotated the vesicle trajectories. We simulated the
movements of intracellular vesicles and the micros-
copy imaging procedure to acquire synthetic data-
sets. We applied U-Net, which is first proposed for
segmentation of microscopy images, to perform lo-
calization and motion classification tasks and re-
ceived satisfactory results. Conventional tracking
algorithms are always based on a specific model of
motion, for which they have limited applications on
intracellular vesicles with various motion states.
Although we achieved robust data association per-
formance through combining motion classification
procedures, the drawbacks of deep learning that
require huge quantity of annotated and diverse

datasets should not be neglected. To overcome this
challenge, we tried to simulate and train our models
in synthetic datasets with diverse SNR levels. By
using transfer learning strategy, we believe the
performance of our model could be further improved
in the future.

In conclusion, this study provides biologists with
tools to track intracellular vesicles. It demonstrates
significant advantages in images with various mo-
tion states, which is the major challenge for tradi-
tional tracking methods. Meanwhile, the proposed
method can be applied for other subcellular orga-
nelles tracking such as microtubule and mitochon-
dria. We anticipate it will have significant
applications in computer-aided diagnosis and drug
screening in cells.
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