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ABSTRACT

Ordered movement of virus particles along cell filopodia be-

fore cell entry known as viral surfing is an important pathway

for cell infection. To quantitatively analyze the process of vi-

ral surfing, tracking of viruses over time in fluorescent time-

lapse microscopy images is required. We have developed an

automatic approach for tracking single surfing virus particles.

The approach combines probabilistic tracking of virus parti-

cles with a novel approach for segmentation of cell filopodia

which is used to discriminate surfing virus particles. The ap-

proach was successfully applied to synthetic images as well

as live cell microscopy images.

Index Terms— Microscopy image sequences, tracking

virus particles, segmentation of cell filopodia

1. INTRODUCTION

Attachment of viruses to receptors on cell surface actin pro-

trusions (filopodia) is followed by ordered lateral viral move-

ment toward the cell body before cell entry [1]. This process

is called “viral surfing” and viruses utilize cellular mecha-

nisms for absorption of proteins and lipids [1, 2]. To study the

influence of viral surfing on the infection rate and to identify

cellular factors that regulate cell infection, it is important to

analyze the dynamic behavior of surfing virus particles based

on live cell microscopy images.

In previous work on analyzing viral surfing, only semi-

automatic approaches have been used [1, 2]. There, the detec-

tion of virus particles was performed manually and tracking

was carried out either manually or semi-automatically with

manual correction of the trajectories. A completely automatic

approach has not yet been proposed for the analysis of viral

surfing. For the general problem of tracking virus particles

(e.g., [3, 4, 5, 6]) or other biological particles (e.g., [7]) au-

tomatic approaches have been used. Probabilistic methods

based on Bayesian filtering (e.g., [4, 7, 5]) have been shown

to yield improved results compared to deterministic methods

(e.g., [3]). For multiple virus tracking, approaches based on

particle filters [8] have been used successfully (e.g., [5]). In

these approaches, the dynamical and measurement models

can be represented by non-linear non-Gaussian models.

A drawback of previous automatic tracking approaches

for virus particles is that all particles within an image are

tracked irrespective of a specific biological context. Thus,

these approaches do not distinguish, for example, whether the

particles move outside a cell or enter a cell. Quantitative anal-

ysis of viral surfing requires tracking of only those virus parti-

cles that move along cell filopodia. Therefore, virus particles

should be tracked only when they attach to cell filopodia and

tracking should be finished as soon as they invade cells. How-

ever, previous automatic tracking approaches track all virus

particles and thus cannot be directly applied to the problem

of analyzing viral surfing.

Here, we propose a novel approach for automatic analysis

and quantification of the movement of virus particles during

viral surfing. The approach combines a probabilistic approach

for tracking virus particles with a novel approach for segmen-

tation of cell filopodia. Thus, only those virus particles are

tracked which move along cell filopodia. We also introduce

a technique to determine the motion direction and speed of

surfing virus particles relative to the cell body. We have suc-

cessfully applied our approach to synthetic images as well as

to real microscopy image sequences displaying virus-cell in-

teractions.

2. METHODS

In the first step of our approach, cell filopodia are segmented

and virus particles are detected. Second, the segmentation re-

sult is used to discriminate surfing virus particles from other

particles. Third, a probabilistic tracking approach based on

independent particle filters is used for tracking surfing virus

particles. Fourth, the direction and speed of the movement of

surfing virus particles towards or away from a cell are deter-

mined.
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(a) Original image (b) Vesselness filter (c) Matched filter (d) GD filter (e) GD-based NMS (f) Final result

Fig. 1. Segmentation of cell filopodia (red). The outline of the cell body is shown by a green contour.

(a) (b)
Fig. 2. Cross-sections of responses of the GD filter to (a) a

line structure and (b) a step edge structure.

2.1. Segmentation of Cell Filopodia

To discriminate surfing virus particles from other virus parti-

cles, we segment cell filopodia at each time point of an image

sequence. Filopodia are represented as thin elongated struc-

tures originating at the borders of cell bodies. Segmentation

of filopodia is difficult because these structures are very thin

and they strongly change their shape over time. To segment

filopodia, we first perform thin structure enhancement. We

have used two different approaches for enhancing thin struc-

tures.

The first approach for enhancing filopodia structures uses

a vesselness filter [9] (see the result in Fig. 1(b) for the origi-

nal image in (a)). The second approach is based on a matched

filter [10] with the kernel

KMF (x, y, α) =
1√
2πσ

e−
(x cosα−y sinα)2

2σ2 −m, (1)

where α ∈ [0, π) is the filter orientation, σ represents the

scale of the filter, and m is a normalization constant (see the

result in Fig. 1(c)). However, a disadvantage of directly ap-

plying these approaches is that they produce a high response

both at filopodia (thin line structures) and at cell borders (step

edge structures), which leads to false positive detections of

filopodia.

To discriminate thin line structures (filopodia) from step

edge structures (cell borders), we propose an approach based

on the response of a Gaussian derivative (GD) filter, where

the filter kernel is defined as

KGD(x, y, α) = −x cosα− y sinα√
2πσ3

e−
(x cosα−y sinα)2

2σ2 (2)

At each image point, the GD filter is applied in different di-

rections α ∈ [0, π) and the maximum response of the filter

is determined (Fig. 1(d)). Figure 2 shows cross-sections of

the GD filter responses applied to an ideal line (i.e., a straight

line with a Gaussian cross-section) and a step edge. For the

ideal line a local minimum at the center is obtained. For a

step edge, a local maximum at the center is obtained. We

utilize this fact to detect thin line structures. We perform non-

maximum suppression (NMS) and require that relevant line

points are not only local maxima of the response of the thin

structure enhancement in the direction of the image gradient

but also local minima of the GD filter response (Fig. 1(e)).

However, using thin structure enhancement and NMS as

described above often leads to segmented structures corre-

sponding to the same filopodium, which are not connected

(Fig. 1(e)). To improve the result, we use an approach based

on the fast marching algorithm [11]. We compute the minimal

action map U(z) as follows:

U(z) = min
γ∈AΩ,z

{∫
γ

P̃(γ(s))ds

}
(3)

where Ω is the region corresponding to the cell body and AΩ,z

is the set of all paths connecting a point z to Ω. As potential

function we use P̃ = 1
V + w, where V is the response of

the thin structure enhancement, and w is a normalization con-

stant. By using this approach, the segmented line fragments

are now connected either with each other or with the cell body

(Fig. 1(f)). To segment cell bodies, we first apply a median fil-

ter and a Gaussian filter to the original image, and then we use

Otsu histogram-based thresholding (see the green contour in

Fig. 1(f)).

2.2. Tracking Surfing Virus Particles

To track surfing virus particles, we combine a probabilis-

tic tracking approach based on independent particle filters

(IPF) [5] with a discrimination scheme based on the seg-

mentation result of cell filopodia. The intensity distribu-

tion of a particle is modeled by a 2D Gaussian function

with standard deviation σXY (radius of a particle). Each

tracked particle at time point t is represented by a state vector

xt = (xp,t, yp,t, Imax,t, σXY,t) which includes the position

xp,t = (xp,t, yp,t), the peak intensity Imax,t, and the radius

σXY,t. Let (R2, d(·)) be a metric space, where d(·) is the

Euclidean distance. Given the binary segmentation result

for filopodia St at time point t (Section 2.1), we consider a

particle at position xp,t to move along cell filopodia if there

exists an image point z ∈ R
2 such that

d(xp,t, z) ≤ σXY,t and z ∈ St (4)
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SNR CT

(%)

MT

(%)

ML

(%)

TF

(%)

FP

(%)

OD

(%)

8 98 2 0 1 0 1

4 85 14 1 8 6 7

Table 1. Quantitative results of our approach for synthetic

image sequences using different performance measures.

Otherwise, the trajectory of the virus particle is terminated at

time point t− 1.

To determine the motion direction of surfing virus par-

ticles relative to a cell, we use the fast marching algorithm,

where the potential function is P = 1 at points which belong

to segmented filopodia and P = ∞ elsewhere. As initial con-

tour for propagation, the contour of the segmented cell body

is used. The signed value of the displacement of a surfing

virus particle is computed as follows:

U(xt) = U1(t,xt)− U1(t− 1,xt−1) (5)

where U1(t,xt) is the minimal action path between the cell

body and the position of the particle at time point t. The sign

of U(xt) represents the direction of the motion of a virus par-

ticle moving towards or away from the cell body. The relative

speed of the particle is computed as v = U
T , where T is the

time interval between subsequent frames.

3. EXPERIMENTAL RESULTS

Our approach has been applied to synthetic as well as real mi-

croscopy image sequences. To quantitatively evaluate the per-

formance, the following measures were calculated: the num-

ber of correct trajectories (CT) (i.e., trajectories which start

when particles attach to filopodia and finish when they in-

vade cells, and which have no gaps), mostly correct trajec-

tories (MT) (i.e., trajectories which start later than the time

point of attachment to filopodia and/or finish before the time

point of invasion, which have no gaps, and contain more than

50% of correctly tracked time steps), and mostly lost trajecto-

ries (ML) (i.e., trajectories as for MT, but which contain less

than or equal to 50% of correctly tracked time steps), as well

as the number of trajectory fragments (TF), and the number

of false positives (FP) (trajectories of virus particles which

do not move along cell filopodia). To quantify cases when

tracking of a virus particle is started but the particle has not

yet reached filopodia or tracking is not stopped after a virus

particle has already reached the cell body, we compute the

number of overdetections (OD).

3.1. Evaluation based on synthetic image sequences

The generated synthetic image sequences consist of two chan-

nels. The first channel represents a cell which was modeled by

a circular shape and straight filopodia with Gaussian intensity

cross-sections. The second channel displays moving virus

particles. 15 out of 100 particles are moving along filopodia.

ID CT

(%)

MT

(%)

ML

(%)

TF

(%)

FP

(%)

OD

(%)

NS

1 92 8 0 8 0 4 13

2 100 0 0 0 0 0 3

3 91 6 3 9 3 5 32

4 94 6 0 11 0 2 18

5 93 5 2 4 3 3 439

6 88 12 0 6 12 6 17

Table 2. Quantitative results of our approach for 6 real mi-

croscopy image sequences. NS denotes the total number of

surfing virus particles in an image sequence.

Tracking was performed for two levels of the signal-to-noise

ratio (SNR). The computed performance values are shown in

Table 1. In the case of a high SNR=8, 98% of the particles

were tracked correctly. False positive (FP) detections did not

occur due to the good image quality. Also, track fragments

(TF) and overdetections (OD) occurred rarely. The perfor-

mance decreased in the case of the lower SNR=4, however,

we still obtain a good result.

We also applied a general tracking approach based on IPF

[5] to the same image sequences. Figures 3 (a), (b) show that

the results of this approach are not well suited for analyzing

the process of virus surfing, since all particles were tracked,

in contrast to our approach.

3.2. Evaluation based on real image sequences

We have also evaluated the performance of our tracking ap-

proach based on 6 real microscopy image sequences. The

images have been acquired using a confocal microscope and

consist of 27 up to 401 frames with a time interval between

subsequent frames of 15 seconds. These images show ALV-

env pseudotyped MLV particles (labeled with YFP) penetrat-

ing target cells (XC-cells or 293T-cells stained with CFP).

The number of surfing virus particles NS for an image se-

quence is in the range of 3 to 439. Ground truth was deter-

mined manually. For the image sequences 4 and 5 we used the

matched filter for enhancement of thin structures and for the

other image sequences we used the vesselness filter (Section

2.1). The quantitative results for the performance are summa-

rized in Table 2. It can be seen that our approach yields a high

number of correct trajectories (CT) and a relatively low num-

ber of false positive detections (FP) and overdetections (OD)

except for sequence 6. Errors are caused by photobleaching

effects and inhomogeneity in the intensity structure of filopo-

dia. The mean number of correct trajectories averaged over

all 6 image sequences is CT = 93%. As a comparison, we

also applied a general tracking approach [5] which yielded

CT = 0% since tracking is not terminated when virus par-

ticles invade a cell. For our approach, we have also com-

puted the speed of motion of surfing virus particles relative to

a cell body and have compared the results with manual anal-

ysis. Figure 4 shows the result for all 6 analyzed real image
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(a) (b) (c) (d)

Fig. 3. Tracking results for (a),(b) a synthetic image sequence and (c),(d) a real microscopy image sequence. (a),(c) Results

of a general tracking approach. (b),(d) Results of our approach for tracking surfing virus particles. Cells are represented in

turquoise and virus particles are represented in red. Trajectories of particles are shown in yellow.

Fig. 4. Normalized histograms of the speed of surfing virus

particles relative to a cell body (nm/s) by manual (blue) and

automatic (red) tracking for all 6 real microscopy image se-

quences.

sequences. It can be seen that the two histograms agree well.

Thus, the automatic approach produces reliable statistical re-

sults. From the histograms we also computed the mean values

and standard deviations of the speed. While for manual track-

ing we obtained vman = 25, 8 nm/s and σvman = 17, 4 nm/s,

automatic tracking yielded v = 22, 4 nm/s and σv = 15, 6
nm/s, which is reasonably good result given the challenging

image data and task. As an example, in Figure 3, we show

the result of our approach for one of the image sequences

(Fig. 3(d)) in comparison to the result using a general track-

ing approach [5] (Fig. 3(c)). It can be seen that our approach

tracks only virus particles along filopodia. Experiments were

performed on a standard computer with 2.33 GHz CPU and

2 GB RAM. The computation time for an image sequence of

100 frames with a frame size of 512 × 512 pixels is about 4

minutes which can be further reduced by parallel computing.

4. CONCLUSIONS

We have proposed a novel automatic approach for tracking

single surfing virus particles. The approach combines prob-

abilistic tracking of virus particles with segmentation of cell

filopodia and exploits information about the positions of virus

particles relative to the cell body. The approach was success-

fully applied to synthetic and live cell microscopy image se-

quences.
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