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Background: This paper presents an automated method
for the identification of thin membrane tubes in 3D fluo-
rescence images. These tubes, referred to as tunneling
nanotubes (TNTs), are newly discovered intercellular
structures that connect living cells through a membrane
continuity. TNTs are 50-200 nm in diameter, crossing
from one cell to another at their nearest distance. In mi-
croscopic images, they are seen as straight lines. It now
emerges that the TNTSs represent the underlying structure
of a new type of cell-to-cell communication.

Methods: Our approach for the identification of TNTS is
based on a combination of biological cell markers and
known image processing techniques. Watershed segmen-
tation and edge detectors are used to find cell borders,
TNTs, and image artifacts. Mathematical morphology is
employed at several stages of the processing chain. Two
image channels are used for the calculations to improve
classification of watershed regions into cells and back-
ground. One image channel displays cell borders and
TNTs, the second is used for cell classification and dis-

plays the cytoplasmic compartments of the cells. The
method for cell segmentation is 3D, and the TNT detec-
tion incorporates 3D information using various 2D projec-
tions.

Results: The TNT- and cell-detection were applied to
numerous 3D stacks of images. A success rate of 67% was
obtained compared with manual identification of the
TNTs. The digitalized results were used to achieve statisti-
cal information of selected properties of TNTs.
Conclusion: To further explore these structures, auto-
mated detection and quantification is desirable. Conse-
quently, this automated recognition tool will be useful in
biological studies on cell-to-cell communication where
TNT quantification is essential. © 2006 International Society
for Analytical Cytology

Key terms: tunneling nanotubes; cell imaging; segmenta-
tion; mathematical morphology; classification; image pro-
cessing; computer vision and recognition

Recently, Rustom et al. (1) described thin, membranous
tubes that represent an independent form of cell-to-
cell communication, termed tunneling nanotubes (TNTs).
TNTs form in cultures of a variety of cells, have a diameter
of 50-200 nm, and connect cells, resulting in complex
networks. These fragile, actin-rich structures were shown
to transport organelles of endocytic origin from one cell
to another in an unidirectional fashion, and to a limited
amount also membrane components (1). In addition, they
were shown to transfer actin, a structural component of
the TNT itself. On the basis of these data, Rustom and
coworkers have proposed a novel biological principle of
cell-to-cell interaction based on membrane continuity and
intercellular transfer of organelles. Subsequent studies
have shown comparable membrane channels in varie-
gated cellular systems (2). In the case of immune cells, the

TNT connectors (3) have been shown to transfer a cal-
cium signal into the connected cell (4). Thus, it emerges
that TNTs fulfill important functions in intercellular com-
munication. Provided that TNTSs are present in tissue, they
may have numerous implications in cellular signaling,
including the spread of morphogens during developmen-
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tal processes, intercellular spread of immunogenic mate-
rial (3), and spread of pathogens. TNTs resemble mem-
brane connections between plant cells, known as plasmo-
desmata. Plasmodesmata are of great importance for the
intercellular exchange of signaling molecules, and it has
been reported that viruses are able to migrate through
these membrane tubes from one cell to another (5). The
strong resemblance between plasmodesmata and TNTs
suggests that the latter may fulfill similar important func-
tions in animal cells. Consequently, it is of great interest
for cell biology to increase the knowledge about these
structures.

The occurrence of TNTs inside a 3D image stack can usu-
ally be spotted by a trained eye, and in many cases humans
can perform a better job than the computer. However,
using human resources when collecting quantitative infor-
mation about TNTs in large collections of data is extremely
demanding and expensive. Moreover, the counting of TNTs
based on visual inspection is subject to interobserver and
intraobserver variability. TNTs frequently cross several
planes, requiring 3D analysis in searching for TNTSs, a chal-
lenging task for humans. Cell biologists are interested in
manipulating the formation of TNTs to monitor their role
in pathogenesis of various diseases, such as in cell-to-cell
communication during growth of cancer or in immunologi-
cal processes. This manipulation of TNTs requires quantita-
tive analysis of their formation to gain statistical informa-
tion. Automated or semiautomated procedures for finding
and characterizing TNTs in image recordings will thus be
an important tool for facilitating TNT research.

Our approach for finding TNTs is based on binary classi-
fication of the image into cells and background. Detection
and classification of cells in microscopic images is a large
area of research, with a long history within biomedical
imaging (6-8). Commercially available software packages
for cell counting and cell characterization are available for
clinical and research use (9). However, it is important to
keep in mind that these packages are very specialized,
depending on specimen preparation, sectioning and stain-
ing, as well as imaging method, spatial resolution, and the
kind of cells and artifacts being imaged. In the following,
some studies related to cell detection are presented.
These studies have applied methods that inspired our
design principles in the way they have been dealing with
similar recognition tasks. Wahlby et al. (10) obtained
between 89% and 97% correct classification of cells using
a watershed segmentation method with double thresholds
for detecting CHO cells in fluorescence microscopy ima-
ges. Watershed segmentation is especially well suited for
images containing natural minima surrounded by ridges.
By calculating a Mahalanobis distance between feature
vectors associated to the objects, a quality measure for the
classification of cells, background, and artifacts was
obtained. For splitting of undersegmented objects they
used the convex hull for locating concavities, assuming
that cells have concave like shapes, which may not always
be true. Ellipsoidal shaped cells can also be found from a
matching template. In this respect, Yang and Jiang (11)
proposed a segmentation method using kernel-based

dynamic clustering and a matching ellipsoidal cell model.
However, cells are not always ellipsoidal shaped, but fre-
quently display a nonconvex appearance. For this, Garrido
and de la Blanca (12) used deformable templates to iden-
tify cells under conditions with substantial noise. They
applied a generalized Hough transform with a relatively
large region of uncertainty which was used to roughly
detect round-like shapes. These elliptic structures were
later used as input for the Grenander deformable template
model to fit the cell borders more accurately. For nuclei
stained cells, Mouroutis et al. (13) proposed a method for
finding possible locations of cell nuclei using a Compact
Hough Transform (CHT). Their CHT assumes that the cells
are convexly shaped, so that all boundary points of a cell
lie within a maximal and a minimal distance from the nu-
clear centroid. A maximization of probability was used in
combination with the CHT to find the possible nuclear
boundaries.

TNT detection itself requires other approaches than
those used for cell detection. Automated TNT detection
has not been previously reported, and relevant detec-
tion problems with similar characteristics will therefore
be discussed below. These problems deal with detec-
tion of straight line segments, partly using edge-detec-
tors and Hough transformations. Nath and Depona (14)
applied Canny’s edge detector to find edges of a DNA
protein, followed by an active contour model, a snake,
for identification of the exact and connected curve sur-
rounding the protein. However, the snake model could
only detect one DNA protein, even in the presence of
many, and leaving it to the user to seed the snake initi-
ally. Niesmisto et al. (15) used image analysis methods
to quantify angiogenesis which was influenced by sti-
mulatory and inhibitory agents. Their method gave
length and number of junctions of the tubule com-
plexes, applying thresholding and thinning to detect
the thin blood vessels. From quite another field, auto-
mated detection of bridges in high-resolution satellite
images is a strikingly similar problem to our task of TNT
detection. Lomenie et al. (16) reported a low rate of
false positive (~5%) but also a low success rate (~40%)
for their algorithm. They explored both textural and
geometric approaches. The textural approach was used
to classify each pixel into type of terrain using a neural
network, and thereafter they applied selection rules to
the image. Their geometric approach was based on edge
filtering and search for parallel neighbor-segments as
candidates for bridges. For the same problem, Jeong and
Takagi (17) used a Prewitt filter and Hough transforma-
tion to detect the bridge constructions that appear as
straight lines.

Several ideas from the previous work described above,
like watershed segmentation, Hough transformation, and
edge detectors, have been applied for the task of TNT
detection and quantification. However, finding so ex-
treme thin structures as TNTs automatically is such a
great challenge that in addition to the cell borders, the
cell interior had to be labeled by a fluorescence marker.
This cell marker created a second image channel, mark-
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Channel 1 Channel 2

(h)

Fic. 1. A selection of representative images used for TNT detection. The left column shows TNTs and cell borders, the right column shows the cytoplas-
mic areas of the cells. Corresponding left and right images are taken from the same optical plane of the biological sample. Clearly visible TNTs are marked
with arrows, and the white bar in (a) corresponds to 5 pm.
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Channel 1, staining of
cell borders and TNTs.

Channel 2, staining of
the cytaplasmic

comparimenis.
3 b
Step 2 Step 1
Find TNTs candidates
using Canny's edge Classify each pixel
detector and watershed in channel 2 as part of
segmentation. ~200 cell or background.
TNT candidates.
Step 34
Classify the watershed
regions into cells and
background using
Information from
channel 2.
Y
Step 5 Step 6

Keep all TNT Select TNT candidates

candidates crossing which have significaniy Final number of
between cells as —*  higher mean-intensity TNTs from atomated
straigth lines. than the pixels close detection
~ 50 TNT candidates. around it. ~0-15 TNTs

Fic. 2. Flow-scheme of the algorithm for automated detection of TNTs. The stepwise numbering refers to the numbers in section Description of Each

Processing Step.

ing the cells as light regions and background as dark
regions. The cell marker itself provides not sufficient in-
formation to distinguish each cell from other cells, but it
can distinguish cells from background. The processing
steps presented in this paper are developed so as to
enable identification of which pair of cells each TNT is
connecting. The chain of processing steps we have
designed, incorporates generic methods from digital fil-
tering [including deblurring with Richardson-Lucy (RL)
deconvolution], edge detection (Canny’s edge detector),
and mathematical morphology (including watershed seg-

mentation). All algorithms at different steps are imple-
mented for 3D images, either using entirely 3D based
operations, or assisted by specialized projections, assimi-
lating 3D information into 2D images.

MATERIALS AND METHODS
Preparation of the Microscopic Images

All image analyses were carried out with PC12 cells [rat
pheochromocytoma cells, clone 251, (18)]. This neuroen-
docrine cell line was first generated in 1976 by Greene

Cytometry Part A DOI 10.1002/cyto.a
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Fic. 3. Segmentation of cellular regions into a
binary mask. The cell marker image (a) has been
segmented (b) into extracellular (black) and in-
tracellular (white) regions.

and Tischler (19) as a single cell clonal line that grows in
mono-layers forming small clusters. PC12 cells respond
reversibly to nerve growth factor and have been used as a
neuronal cell model. Recently, it has been shown that
these cells form TNTs (1), which are subject to the pres-
ent study. PC12 cells were cultured in DMEM supplement
with 10% fetal calf serum and 5% horse serum at 37°C and
10% CO; in 15 cm dishes. For light microscopic analysis,
PC12 cells were plated in LabTek™ chambered four-well
coverglasses (Nalge Nunc Int., Wiesbaden, Germany).
PC12 cells were stained with two dyes, one displaying
the cell borders and TNTs [wheat germ agglutinin (WGA)
Alexa Fluor® 594, Molecular Probes], the other displaying
cytoplasm (CellTracker™, Molecular Probes, Eugene, OR).
WGA Alexa Fluor® is a lectin that binds glycogenfugates
like N-acetylglucosamine and therefore stains biological
membranes efficiently. CellTracker™ passes freely through
cell-membranes, but once inside a cell, it is transformed
into cell-iimpermeant reaction products and is retained in
living cells through several generations. For the cytoplas-
matic staining, CellTracker™ Blue solution (20 UM final
concentration) was added directly to the culture medium
of an ~80% confluent 15-cm culture dish. Then the cells
were transferred to LabTek™ chambered four-well cover-
glasses in an appropriate dilution and incubated for 3 hr at
37°C and 10% CO,. For the plasma membrane and TNT
staining, WGA Alexa Fluor® (1 mg/ml) was added directly
to the culture medium (1/300) before microscopy.
High-resolution, brightfield fluorescence microscopy
was performed with a Olympus IX70 microscope
(Olympus Optical Co. Europa GmbH, Hamburg) equipped

(a)
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with a 100X Plan Apo 100X/1.40 NA oilimmersion objec-
tive (Olympus Optical Co), a monochromator-based ima-
ging system (T.LLL.L. Photonics GmbH, Martinsried, Ger-
many), a tripleband filterset DAPI/FITC/TRITC F61-020
(AHF Analysetechnik AG, Tubingen, Germany) and a piezo
z-stepper (Physik Instrumente GmbH & Co., Karlsruhe,
Germany) (20). The imaging system was also equipped
with a 37°C heating control device and a 5% CO, supply
(Live Imaging Services, Olten, Switzerland). Dual channel
image recordings were performed, the first channel at a
wavelength of 555 nm recording the WGA Alexa Fluor®,
the second channel at a wavelength of 400 nm recording
the CellTracker™ Blue signal. For each channel, 40 planes
were acquired, processed by using the deconvolution
extension of TILLvisION (T.I.L.L. Photonics GmbH), and
resulting in stacks of grayscale unsigned integer 16 bits
images with dimensions 520 X 688 X 40. Each pixel has
an extension of 134 X 134 nm? summing up a total image
area of 69.68 X 92.19 um?, and the separation between
the focal planes was 300 nm.

Input Data and Processing Steps in
the TNT Segmentation Procedure

To illustrate the data we are dealing with, a selection of
four representative dual channel images belonging to
separate 3D image stacks are shown in Figures la-1h.
Notice the presence of noise, uneven illumination, and in-
tracellular grains of similar intensity as cell borders in the
left column of these images. Clearly visible TNTs are
marked with arrows. These images represent the first and

Fic. 4. Edge detection leads to the identifica-
tion of cell borders and TNT candidates. Canny’s
edge detector was applied to the image in (a),
resulting in a binary image (b) showing all edge
components. The edge component that will be
used for further demonstrations is labeled with
an arrow.
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{a)

second image channel from a given focal plane, magnified
to better display details. The left column shows the first
image channel, and the right column shows the corre-
sponding second image channel displaying cells as bright
regions. The second image channel was used to separate
cells from background at high contrast. It allows to elimi-
nate TNT candidates detected in cellular areas.

These depictions show the thin and elongated TNT
structures that appear as straight lines connecting one cell
to another. Typically, the width of the TNTSs seen in fluores-
cence images is comparable with one third of the thick-
ness of the imaged cell walls. The TNTs have notably dar-
ker gray levels than the cell walls, and their gray-level and
noise characteristics vary little along their extension in 3D.
They are surrounded by darker intercellular regions except
at their endpoints where there is a seamless connection
with the plasma membrane. However, the image record-
ings are hampered by moderate noise and blurring of fine
details and in certain cases TNTSs are located very close to
each other;, as in Figure 1g. Usually, the human eye is better
than computers for shape detection, but even by a trained
eye, it may be hard to decide whether a structure is a TNT
or not. As a consequence, automated TNT detection is a
challenging and error-prone image analysis task. Cultured
PC12 cells are 3D objects forming a network of TNTs.
Because of the distribution of plated cells, the TNTs are
mainly propagating in the xy imaging plane. However, they
are sometimes inclined, requiring a 3D tool for TNT detec-
tion. Our algorithm takes advantage of these properties of
the TNTs, by applying projections from 3D to 2D. Provided
that TNTs exist in tissue, which is left to be shown, their
straight line appearance could change into bended struc-

Fic. 6. Minima seed regions for watershed seg-
mentation. The sum image in (a) has a TNT can-
didate between the corresponding minima seed
regions in (b). These seed regions were used for
initializing a watershed segmentation to detect
the ridge of the TNT candidate.

Fic. 5. Maximum projection of a TNT candi-
date from the edge image. The original image (a)
shows a TNT. The corresponding maximum pro-
jection of its edge structure is seen in (b), which
originates from the edge structure indicated by
an arrow in Figure 4b. The maximum projection
was later used for initializing a watershed seg-
mentation.

tures because of the dense extracellular matrix. Further,
one could expect TNTs to propagate equally in all spatial
directions. Thus, for a tissue sample, a rotationally invar-
iant approach would be necessary to detect TNTs.

For plated PC12 cells, we have chosen to approach the
detection problem by searching the image for all signifi-
cant edges occurring on background regions, since TNTs
are intercellular structures. As a first preprocessing step,
deblurring using RL deconvolution (21) was performed,
assuming the focal plane images are Gaussian-like blurred.
In all experiments, the RL algorithm was supplied with a
Gaussian point spread function of size 5 X 5 pixels and
standard deviation 5.

A general outline of the control flow of our algorithm,
omitting the initial image restoration step (RL deconvolu-
tion), is given in Figure 2.

All algorithms and statistical evaluations in this paper
were implemented in MATLAB 7.0.1 and executed on a
64bits 2.2GHz AMD processor running Linux. An average
process takes ~20 min for a 3D stack. MATLAB was cho-
sen for the implementation because of its broad library of
built-in image processing functions. The code in our algo-
rithm has been extensively vectorized to obtain computa-
tional speed, probably at the same order as compiled
code. In the following, details from each processing step
are described, and the results from each step as they apply
to the data of Figures 1a and 1b are illustrated.

Description of Each Processing Step

Classification of cells and background. The cell
marker channel was used for binary classification of each

(h)
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Fic. 7. The ridge of a TNT candidate and the cell borders have been
found from watershed segmentation of Figure 6a using the initialization
regions in Figure 6b.

pixel into cell or background. As seen in Figure 3a, the cell
soma appears as high intensity regions in the cell marker
channel. Applying a simple thresholding for segmentation
of cells is unsuitable because of noise and uneven illumi-
nation. The boundaries of the cells are better character-
ized using an edge detector. Canny’s edge detector was
therefore used to mark the border between cells and back-
ground, and the closed regions were filled using morpho-
logical filling. By these means, a partition into “intracellu-
lar” and “extracellular” regions was obtained, displaying
cells as white and background as black. The result of this
processing step, applied to Figure 3a, is shown in Figure 3b.

Detection of TNTs. TNTSs are structures occurring at a
certain level above the substrate and they are usually not
found in the uppermost planes of the 3D images from
PC12 cells. Thus, the algorithm has been applied exclu-
sively to the central 30 planes of the stacks, discarding the
upper five and lower five planes in each stack to restrict
computational time and reduce the number of false-posi-
tive TNT candidates. TNTs are structures with moderate
grayscale values compared with cell borders. Consequen-
tly, screening for TNTs using intensity based segmentation
methods will fail. However, they are thin and elongated
with a relatively high gradient normal to their pointing
direction, and therefore Canny’s edge detector was ap-

Fic. 8. Initialization regions for watershed seg-
mentation of cells. The image (a) is assigned a
minima marker image (b) that initializes the
watershed segmentation of cells.

Cytometry Part A DOI 10.1002/cyto.a

plied to channel 1. This process, exemplified for Figure
4a, is shown in Figure 4b.

The smallest edge components were removed by thres-
holding since they were below the size limit for a reasona-
ble evaluation. As a first step in the edge pruning, all edges
inside the cells were removed, and the connected compo-
nents outside the cells were labeled individually using first
order neighborhood. To retain 3D information for each
component into a 2D-image, the maximum intensity pro-
Jjection (MIP) was applied. In brief, assume that f is the
3D-image of the first channel. The MIP maps the image
planes between f,,, and f,, into a 2D-image which takes the
maximum intensity values along the z direction. The maxi-
mum projection was calculated for each connected com-
ponent in the edge image, the component ranging from
plane m to n. The MIP was thus restricted to a limited
number of planes. Figure 5b depicts the maximum projec-
tion of the component indicated by the arrow in Figure 4b.
The image region corresponding to Figure 5b is shown in
Figure 5a.

The cell regions (cf. Fig. 3b) and the eroded background
regions were added into one single image. This created a
binary image marking the inside and outside of the cells,
omitting the cell borders. The projected structure of Fig-
ure 5b was subtracted from this binary image, and a mor-
phological opening was performed to open up a pathway
from one cell to another in the cases where it was possi-
ble. This created a final marker image, used as initialization
to a watershed segmentation (22-24) for each connected
component in the edge image. The watershed segmenta-
tion was employed to locate the crest lines of the high in-
tensity edges. The minima marker image corresponding to
the structure in Figure 5b is shown in Figure 6b where the
minima initialization regions are labeled white.

Furthermore, only image regions close to the structure
of interest were used in further calculations to save com-
putational time and increase accuracy of the watershed
algorithm. The watershed segmentation required bound-
aries of the minima marker regions that were sufficiently
close to the edge structure of interest, if that was not the
case, the watershed segmentation would often detect
another crest of minor interest, still containing strong
edge information.

TNTs are frequently crossing several planes. Therefore
the sum image from plane m to n was used as input for
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Fic. 9. Watershed segmentation of cells. The image shows the borders
between the regions that appear from watershed segmentation of Figure
8a. Two regions marked with arrows are incorrectly assigned as individual
regions because of oversegmentation.

watershed segmentation. Let f'be the 3D-image of the first
channel. For given m < n, let f;, i = m,...,n be plane i
from the image stack. The sum projection Pg,n( fim,n) is
defined as

psum(f:,man> = Z fi

m<i<n

This projection maps the image planes between f,,, and f;,
into a 2D-image which adds the intensity values along the
z-direction. Consequently, the problems of TNTs fre-
quently crossing several planes was minimized as the
TNTs now were visible in their whole length inside the
2D projection. In addition, when adding multiple image
planes close to each other, a stochastic noise suppression
was obtained since the noise is assumed close to Gaussian
and independent (when the effect of deconvolution is
ignored). Summing a// image planes in the 3D stack would
blur the 2D projection too much, and at the same time
blurring the TNTs. The projections from 3D onto 2D were
therefore limited to the same range as the current struc-
ture found by the edge detection, thus enhancing the
edge feature that was investigated. A normalization of (1)
is possible, but not necessary, since a scaling factor will
not influence the forthcoming watershed segmentation. A
watershed segmentation was applied to the projected
sum image in Figure 6a using the minima image in Figure
6b as initialization for the algorithm. The watersheds cre-
ated, are depicted in Figure 7, labeling the ridge of the
structure of interest.

The watershed segmentation was repeated for each and
every edge structure in the edge image. It was not possible
to perform the watershed segmentation for all connec-
tions simultaneously, since information would then get
lost from the morphological opening in the case of close
structures.

Watershed segmentation of each cell. In section
“Classification of cells and background,” the image regions

covered by cells and background were acquired from the
second image channel. However, this segmentation pro-
vides insufficient information about cell-to-cell borders of
associated cells, only outlining the cell-to-background bor-
ders (cf. Fig. 3a). Therefore, to obtain an algorithm being
able to determine between which pair of cells a TNT is
crossing, a specific cell-by-cell segmentation was addition-
ally required. To partition the first image channel (Fig. 8a)
into meaningful regions that are separated by high inten-
sity cell walls, a watershed transformation was used. The
method is well described in literature (24-26), and the lar-
gest disagreements arise from the problem of creating suit-
able minima to initialize the watershed algorithm. Direct
application of the watershed transform to a grayscale
image f often leads to severe oversegmentation because of
noise and image irregularities. To obtain the marker image,
all minima in f not connected to the image border were
filled. This was performed by filling the holes in £ ([23, pp.
173, 174]) using morphological reconstruction by erosion
(27) as implemented in MATLAB’s Image Processing Tool-
box. One example of such binarized marker image is
shown in Figure 8b, created for image fin 8(a).

The markers representing the background were verified
using the complement of the cellular areas computed in
section “Classification of cells and background,” represent-
ing high-accuracy markers for the background. When using
minimum marker images, the watershed transformation
resulted in a certain degree of oversegmentation. Each con-
nected region from the watershed segmentation is named a
watershed region. Figure 9 shows the borders between the
watershed regions from Figure 8a. Notably, two small
regions represent oversegmentation (Fig. 9, arrows).

Classification of watershed regions. To decide
whether a particular TNT connected two cells, the
watershed regions were classified as cells or background
using the information of channel 2. Each region was
placed on top of the binary cell image (cf. Fig. 3b) from
step “Classification of cells and background,” and regions
were classified as cells if they covered more cell- than

Fic. 10. Classification of cells, TNT candidates, and cell borders. White
regions are cells, the gray lines are important edges, i.e., cell borders,
TNTs, and artifacts, and the black regions are background.

Cytometry Part A DOI 10.1002/cyto.a
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Fic. 11. Checking whether the TNT candidate is a high intensity edge
or a flat region. A narrow, bilateral neighborhood following the TNT can-
didate defines a close neighborhood around the TNT candidate. The
mean image intensity corresponding to the neighborhood pixels was
compared with the mean image intensity on the TNT candidate itself.

background-pixels. Figure 10 depicts the classified regions
of the watershed image in Figure 9.

Straight line criteria of TNTs, crossing between
cells. TNTs are structures crossing on background from
one cell to another, and it was checked whether this was
true for each TNT candidate. The structure was dilated
iteratively up to a predefined threshold, and the number of
cells covered by the dilation was then counted, giving the
number of cells close to the TNT candidate. Moreover, the
Hough transformation for each TNT candidate was calcu-
lated. By comparing the minimum Hough transformation to
a predefined threshold, it was decided whether the TNT
candidate was approximately a straight line or not. If the
connection was not a straight line, it was rejected as a TNT.

High intensity criteria of TNT candidates. A TNT is
characterized by moderate grayscale values in a global
sense, but locally their intensity values will be higher com-
pared with their surroundings. A subtraction of the image
intensities on two almost equal dilations of the TNT candi-
date, defined a narrow neighborhood on each side of the
connection. This is illustrated in Figure 11 where the TNT
candidate is surrounded by the two lines following it. The
grayscale intensities on each TNT candidate were com-

Fic. 12. Final detection of TNTs. All TNTs la-
beled by arrows in (a) have been automatically
detected in (b).

Cytometry Part A DOI 10.1002/cyto.a

pared with the intensities of its bilateral, narrow neighbor-
hood. Insignificant differences implied removal of the
TNT candidate as a false-positive TNT.

In some cases, artificial candidates passed through all pre-
ceding tests, candidates that are practically too small to be a
TNT, covering only a few pixels. These were removed using
a simple threshold value for the largest distance between
the points in the candidate, they were anyway too short to
undergo a correct TNT evaluation. The assumed real TNTs
found at this stage, are shown in Figure 12b.

Method for Performance Evaluation

To test the robustness of our algorithm and avoid overfit-
ting to specific image data, it has been tested on a separate
data set not used for design and tuning of the numerical
routines. A “true” identification of TNTSs, obtained by man-
ual labeling and counts have been performed by two differ-
ent observers. One of them, (S.G.), an expert on TNT biol-
ogy, was not involved in the algorithmic development or
the computer vision experiments. The other person (E.H)
has been responsible for the development of the automated
method. In the cases of doubt, the manual counting rules
were such that the TNT candidate in question was dis-
carded. For a connection to be regarded as a true TNT, it
must have been rated as TNT by both human observers. A
false-positive TNT detection is the situation where an image
feature is found to be a TNT by the program, but not rated
as a TNT by the observers, or at most by one of the obser-
vers. A false-negative TNT detection occurs when both
observers decide the structure to be a TNT, but the pro-
gram misses. Note that this method for performance evalua-
tion imposes a very strong criterion of success for the algo-
rithm since it is calculated from the number of agreements
of both the human raters. Thus, the success rate of the
automated method will be a very conservative estimate.

RESULTS

The performance of the automated detection has been
compared with manual TNT identification. Using the hold-
out method for performance evaluation and the counting
rules described in the section Method for Performance

Evaluation, the automated detection was capable of locat-
ing 67% of the TNTs counted manually by the two obser-
vers. False-positive TNTs occurred more frequently than
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Table 1
Numerical Results From Automated and Manual Detection of TNTs
Observer  Observer 1and 2 Agreeing False False Success

Stack 1 count 2 count agreements automated count negative positive rate (%)

1 3 4 3 2 1 2 67

2 4 3 3 2 1 5 67

3 13 9 9 6 3 4 67

4 9 7 7 5 2 2 71

5 8 4 4 4 0 3 100

6 5 4 3 3 0 2 100

7 12 12 10 9 1 2 90

8 13 10 10 4 6 5 40

9 11 5 5 3 2 3 60
10 10 7 7 5 2 3 71
11 6 8 6 3 3 4 50
12 2 2 0 0 0 1 100
13 3 3 3 3 0 4 100
14 5 4 4 2 2 1 50
15 6 5 5 4 1 2 80
16 6 6 5 5 0 2 100
17 4 2 1 1 0 5 100
18 1 1 1 0 1 4 0
19 3 4 3 2 1 0 67
20 4 4 4 3 1 1 75
21 4 5 4 3 1 3 75
22 4 2 2 0 2 1 0
23 7 6 5 4 1 1 80
24 8 6 6 4 2 2 67
25 5 4 3 3 0 3 100
26 3 3 3 2 1 3 67
27 9 8 8 5 3 3 62
28 12 13 9 7 2 6 78
29 10 8 8 3 5 0 37
30 3 3 1 1 0 0 100
31 12 14 12 7 5 4 58
32 6 6 5 2 3 3 40
33 8 4 6 3 3 3 50
34 8 11 8 6 2 6 75
35 8 7 7 5 2 4 71
36 9 8 7 4 3 4 57
37 5 5 4 2 2 2 50
38 7 6 6 3 3 1 50
39 8 11 8 3 5 4 37
40 4 3 3 3 0 2 100
41 2 2 2 2 0 1 100
42 8 8 8 6 2 3 75
43 5 5 3 1 2 0 33
44 3 2 2 2 0 3 100
45 10 11 9 6 3 2 67
46 8 8 8 6 2 3 75
47 7 5 5 4 1 3 80
48 8 10 8 5 3 4 62
49 8 8 7 5 2 4 71
50 7 7 6 5 1 4 83
51 9 9 9 5 4 3 56
Total 343 312 275 183 92 140 67

false negative. However, false-positive TNTs are not neces-
sarily really false TNTs, since the automated method in
many cases found structures that resemble TNTSs, but one
or both human observers had missed them in their count-
ing. Table 1 shows the number of TNTs in each 3D image
stack used for performance evaluation. The columns show
the TNTs counted by both observers, the agreements
between them, the number of automatically correctly clas-
sified TNTs, the false negative and positive, and the suc-
cess rate (%).

The last row in Table 1 displays the overall results; the
total number of TNTs counted by each of the two obser-
vers and their agreements, the number of automatically
correctly classified TNTs, the percentage false negative,
the percentage false positive, and the final mean success
rate. The final mean success rate has been calculated as
the rate between “Agreeing automated counts” and “1 and
2 agreements.” The “ground truth,” taken as agreement
between two human observers, needs some justification.
In such challenging and demanding image processing prob-
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Fic. 13. Sharp edged filopodia-like cell structures shown by arrows.
Most false-negative and false-positive automated TNT detections are
because of high intensity image structures resembling TNTs. The case of
cells close to each other is particularly challenging.

lems as TNT detection, a true solution is hard to achieve.
Still, a trained human eye is probably the best tool avail-
able to establish a gold standard. For the current TNT
detection experiment, a one-way ANOVA analysis reveals
no significant difference (P = 0.24) of mean TNT counts
(U = 6.7, 1wy = 6.1, Y, = 6.3) across all 51 stacks obtained
by observer 1, observer 2, and the automated method,
respectively. The count for the automated method was
obtained by adding “Agreeing automated count” and
“False positive” On the other hand, the two human obser-
vers turned out to correlate more to each other than to
the automated method. Pearson correlation coefficient
applied to the observations of the two human observers
and the automated method showed a significant corre-
lation (o = 0.05) between the two human observers (P <
0.0001), in contrast to nonsignificant correlations be-
tween the automated method and each of the observers
(P = 0.42 and P = 0.17). This finding justifies using the
decisions by human observers as “ground truth,” since our
independent observers have a high level of agreement.

From our TNT evaluation experiments, TNT detection
is more likely to fail in the cases where the cells have close
proximity or show large irregularities. An example of such
typical irregularities is demonstrated in Figure 13, where
high intensity structures and sharp edges of filopodia-like
structures (Fig. 13, arrows) are crossing between cells,
misleading the automated detection.

The presence of these edges satisfies the TNT criteria
used for the automated detection. The digital data sets also
allow further statistical measures of properties of TNTs
like length histogram, number of TNTs connections per
cell, and their slope inside the stack. To illustrate the
power of the automated evaluation, we have performed
measurements of length for each TNT. A 3D reconstruc-
tion of the TNTs was possible for length calculations since
the algorithm keeps record of the projection range for
each TNT candidate at all steps of the processing chain.
The length statistics was obtained using the maximum Eu-
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clidean distance between all pixels in the TNT, adjusted
for the voxel anisotropy. Integration in space was redun-
dant since TNTSs always appear as straight lines. The distri-
bution of TNT length in our sample is illustrated in Figure
14, statistics which is not feasible to obtain by manual
methods. The length distribution of TNTs indicates that
there is a high frequency of short TNTs between 1 um and
4 um. This may suggest that there is an optimal distance
between cells for TNT formation.

DISCUSSION

TNTs are newly discovered structures connecting mam-
malian cells. It emerges that these structures play an im-
portant role in cell-to-cell communication. Using human
resources for counting them is demanding, time consum-
ing, and subject to interobserver variability. By orchestrat-
ing various well-known image processing techniques, we
have developed a new and versatile method for detection
of TNTs in fluorescence microscope images of cultivated
cells. Using our sequence of algorithms for finding TNTs
and connecting cells in two channel fluorescence images
of cultured PC12 cells from rat, we obtained a success rate
of 67% applying a hold-out evaluation method and using
manual labeling as “gold standard.” Moreover, the occur-
rence of false-positive TNTs was more frequent than false
negatives.

The success rate of the TNT detection depends criti-
cally on proper classification of cells and background. This
part has been accomplished by using a biological cell
marker image in combination with mathematical image
processing techniques. Furthermore, a proper detection
of TNTs also depends on cell cultures with optimal and re-
producible growth conditions. Under normal cell culture
conditions, cells often grow in close proximity which
makes it difficult to detect TNTs. This problem is illu-
strated in Figure 13. To circumvent this problem, cells
should be grown on specific matrix patterns (28) which
guarantee more standardized cell culture conditions. In
particular, this would ensure a certain distance between
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Fic. 14. Distribution of the 3D length of TNTs which have been
detected automatically. Small TNTs between 1 um and 4 pm connecting
close cells are dominating.
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cells, thus improving the algorithmic ability to locate
TNTs.

The automated detection also allowed estimation of sta-
tistical information on selected properties of TNTSs in addi-
tion to counts. One important parameter would be to
know how many TNT connections a cell is generating.
This parameter might vary according to different biologi-
cal conditions as they occur during pathological pro-
cesses. Provided that TNTs are involved in certain patho-
logical states of multicellular organisms, it can be of great
value to either block or enhance their function. In this
respect, the screening of drugs for modulating TNT forma-
tion and function would benefit from automated programs
suitable for quantitative analysis of TNTs. In this way, the
effect of drugs could be evaluated by high throughput
screening.
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