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ABSTRACT

Every year, one million people dies from Hepatitis B virus. As
for other viruses, its genetic material is enclosed by a capsid
whose segmentation and classification is essential. In this pa-
per, we present a novel capsid segmentation technique which
is a combination of a “a trous” wavelet process (for back-
ground filtering) and a graph-based structure (for segmenta-
tion and classification). Capsids were acquired in transmis-
sion electron microscopy (TEM) as a set of 9 series of 40
images each. Our technique achieved as much as 80% of cap-
sid detection and classification for 8 of the series, reaching
more than 90% for 5 of them.

Index Terms— Capsid, image processing, “a trous” wa-
velet, segmentation, skeletization, graph-based structure

1. INTRODUCTION

Hepatitis B virus (HBV) is a major human pathogen,
which is responsible of approximately one million of deaths
each year. Chronically HBV infected patients can develop
liver cirrhosis and primary hepatocellular carcinoma. HBV is
a small enveloped virus which encloses an icosahedral capsid
and a partially double stranded circular DNA genome. The
capsid is composed by 240 copies (T=4 arrangements) or 180
copies (T=3 arrangements) of a single protein species termed
core protein or capsid protein. Core proteins clustered into
dimers generate 120 or 90 spikes on the surface of the shell.
These two organizations of icosahedral capsid are found in
recombinant capsids from E.coli [1] as well as in the liver and
in the virion from HBV infected patients [2], but the role of
these forms remains unknown. The T=3 forms is supposed to
be less stable than T=4.

Electron microscopy and X-ray crystallography studies
have shown than 10-20% of particles assemble in small par-
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ticle (T=3) rather than in larger particle (T=4) upon bacte-
rial expression and in native virions [3, 4]. Recent analysis
using an automatic particle finding program revealed that
cores from virions were almost exclusively (98%) of the T=4
size [5]. When the measurement is done across the tips of the
spikes, average radius of T=4 capsids is close to 18nm while
it is close to 16nm for the T=3 ones [1].

Segmenting and classifying the different capsids is essen-
tial to finally determine what their specific role is for HBV or
other viruses [6]. Since the size difference between the T=4
and T=3 capsids is relatively small, an automatic tool is nee-
ded to avoid introducing bias by human quantification. In this
paper, we propose an automatic and non-parametric segmen-
tation method which classifies capsids into T=3 or T=4 type.
It combines 1) “a trous” wavelets transform [7] as a preproces-
sing step to binarize the original image, ii) skeletization and
iii) graph theory algorithms to identify the capsids from the
binarized image.

2. IMAGE ACQUISITION

Original images were obtained by a transmission elec-
tron microscope (TEM) at 80kV using high resolution mode
(H7650, HITACHI). Images were taken at X300,000 magni-
fication and have a resolution of 0.179nm/pixel. Capsids are
defined as small regular circular objects with a radius of 17
nm, © 3.5nm. They appear in TEM images as bright objects
with a radius close to 100 pixels as illustrated in Figure 1.

3. “A TROUS” WAVELETS SEGMENTATION
The idea of the method is first to binarize the original

image in order to identify the capsids. Common segmentation
or filtering techniques such as basic thresholding or unsharp
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Fig. 1. (a) Original EM image. (b) Image obtained from the
6th wavelet coefficient subband. (c) Wavelet segmentation.

masking are not adapted because of the important size of the
capsids and the poor contrast and SNR of TEM images. We
used wavelets as a suitable segmentation tool, thanks to their
intrinsic multiresolution properties.

Wavelets transform are widely used to perform image pro-
cessing and analysis. The “a trous” algorithm represents a
discrete approach to the classical continuous wavelet trans-
form [7]. Similarly to the fast discrete wavelet transform, the
input signal is analyzed by using the coefficients of a pro-
perly chosen low-pass filter. While in biorthogonal wavelets
the output is subsampled, in the “a trous” case the filter is
“stretched” to take into account the rescaling and the convolu-
tion is performed without any subsampling. Usually, the cho-
sen low-pass filter is a Bs spline.

We define ¢ (k) as the original EM image. The smoothed
data ¢;(k) at a given resolution ¢ and at pixel k is obtained
by the convolution ¢;(k) = >, h(l)c;—1(k + 27 11), where h
is the low-pass scaling function. The difference between two
consecutive resolution levels w; (k) = ¢;—1(k) — ¢;(k) repre-
sents the wavelet coefficients at level 7. Then, it is sufficient
to directly work on the wavelet coefficients to perform image
processing or segmentation [8].

A common problem is to choose a correct threshold.
In microscopy with CDD camera, the noise is a mixture of
Gaussian (electronic) and Poisson (photons) ones []. Thus,
an image I can be defined as I = A + € where A is the noi-
seless image and e the noise. During the wavelet transform,
the noise ¢ is decomposed in all of the wavelet subbands,
which means that a different part of the noise is found in each
subband. Nevertheless, more than 80% of the noise is present
in the first wavelet plane.

To determine the threshold value needed to segment the
staining clusters, an estimation of the noise variance o, has to
be computed. [9] proposed a robust estimation of noise level
0. based on the median absolute value of the wavelet coeffi-
cients as :

_ median(|w(z,y))

‘ 0.06745

where w1 (z, y) is the first coefficient subband of the “a trous”
wavelets. Since most of the noise ¢ is part of w; while contai-
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ning little useful signal, such estimator has become very po-
pular and is widely used.

For w;(z,y), a coefficient of the wavelet subband [, we
define w;(z, y) as the mean of w;(x, y) with its rank 1 neigh-
bors. The signal at w;(x, y) is computed as :

si(w,y) = [wnle,y) - 62

If si(z,y) < &, (resp. >), wy(z,y) is tagged as a background
(resp. object) pixel. Note that we use the 6th wavelet coeffi-
cients subband to perform this segmentation because the size
of the corresponding convolution is close to the capsid size.

Figure 1(a) is the image before segmentation. The signal
image of the 6th wavelet coefficient subband is shown in
Figure 1(b). It is a blurred version of the original one with
enhanced contrast. Unfortunately, this signal image tends to
create artefact structures in the background too, leading to the
segmentation of unwanted background alongside the capsids
(see Figure 1(c)).

4. CAPSID IDENTIFICATION

After wavelet segmentation, capsids are represented by a
white circular ring. Nevertheless, two cases happen as illus-
trated in Figure 1(c). (1) The capsid stands alone with no other
object close to it. (2) The capsid is surrounded by others or by
non specific background. In the second case, the objects need
to be further processed to be cut and identified.

4.1. Stand-alone capsid identification

Applicable stand-alone capsids are objects having an
area between 450 nm? (2500 pixels?) and 1800 nm? (10100
pixels?).

If the object area fits these requirements, its contour is
converted into a Catmull-Rom spline [10], which provides a
C-continuous interpolation of its control points. To get a spa-
tial distribution of sample points as regular as possible along
the contour, we perform an arc-length parametrization [10] of
the spline which offers a much better accuracy for the points
curvature. A relevant curvature is essential to compute the
ellipse approximating the object contour by least-square fit-
ting [11, 12]. Features such as orientation, axis length or cir-
cularity are then determined from the ellipse fitting. Finally,
an object is tagged as capsid if its circularity (ratio between
the small and large axis) is bigger than 0.8 (see Figure 2(b)).

4.2. Aggregated capsids identification

First, all identified stand-alone capsids are removed from
the binarized image. Then, each remaining object is reduced
to a skeleton, the latter being used to create the graph repre-
sentation.



(e)

Fig. 2. (a) Binarization of a stand-alone capsid. (b) Corresponding ellipse approximation. (c) Binarization of aggregate capsids.
(d) Corresponding skeletons after identification of stand-alone capsids. (e) Cutting of the aggregates by a watershed process. (f)

Final capsids identification (stand-alone and aggregates)

4.2.1. Skeletonization

Thinning algorithms (e.g. [14]) generate skeletons which
preserve the shape topologies. However, they are noise-
sensitive and usually yield unwanted edges. In our case,
this is not a problem since even a raw representation of the
skeleton is sufficient to generate the graph representation. To
speed-up the process, we use a parallel approach [13].

For each boundary pixel of the binary image, 8 thinning
masks (see Figure 3(a)) are applied. In order to ensure a 1-
pixel width skeleton, we introduce two retrieval masks (see
Figure 3(b-c)) to the original approach [13]. If any of the
thinning masks and none of the retrieval ones are matched,
the pixel can be removed without losing the topology. Fi-
gure 2(d) shows the skeletonization of the binarized objects
of the image. Objects with no skeleton were already identified
as stand-alone capsids and removed before skeletonization.

4.3. Graph-based identification of capsids

Generating an undirected graph from a 1-pixel width ske-
leton is straightforward : we just have to browse the skele-
ton to generate its edges and vertices. Since capsids appear
as white rings after wavelet filtering, they are represented by
base cycles (cycles that can not be constructed by a union of
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Fig. 3. (a)Thinning masks used in the technique of Ng et
al. [13]. P is the pixel currently treated and X means that the
value of the pixel may be O or 1. (b-c) Restoring masks added
to ensure to have a 1-pixel width.
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other cycles) in the graph.

To localize the base cycles, the minimum spanning tree
(MST) of the graph G has to be generated. The MST of G
is the spanning tree which minimizes the weight of its edges
(a spanning tree being a subgraph of G which is a tree and
connects all the graph vertices together). In our implemen-
tation, we used the Kruskal’s algorithm [15] to compute the
MST of the graphs. Each edge of G that is not part of its MST
adds a base cycle to G. We have then just to identify the edges
that are part of this base cycle to identify the capsid position.

4.4. Final capsid identification

Since the positions of the aggregated capsids are deter-
mined, we need to separate them from the surrounding back-
ground objects or capsids to approximate their shape. A wa-
tershed process is applied on the binarized image to perform
this cutting as illustrated in Figure 2(e). The capsid holes were
filled before to avoid cutting the actual capsid shape (they
are inside the skeletons represented by the base cycles). Af-
ter this process, all capsids are stand-alone capsids and can
be identified (see Figure 2(f)). Objects are then classified into
two categories : capsids, which are objects with characteris-
tics matching the specifications of Section 4.1 and candidates
are objects with a circularity bigger than 0.65 and a radius
between 11nm and 23nm (a candidate being an object that
slightly does not fit the capsid requirements but may still be
one).

Fig. 4. Capsids segmented by the plugin. Three classes are
displayed : T=3 capsids (red), T=4 capsids (blue) and candi-
dates (orange).



5. RESULTS AND DISCUSSION

The software was developed in Java for Image]J [16]. Ima-
gel is a powerful image processing system which is easy to
extend by developing plugins. Emphasis was applied on the
implementation of a user-friendly plugin. The plugin is di-
rectly used as a macro with no parameter. Besides, a mouse
click can be used to change a candidate into a capsid and vice
versa.

In this paper, we have presented an automatic non-
parametric technique designed to segment and classify cap-
sids. Starting from a binarization of the original image obtai-
ned with “a trous” wavelet filtering, a skeletization combined
with graph-based algorithms is used to properly segment the
capsids. Since T=3 capsids radius is close to 16nm while
T=4 one is close to 18nm, we define the limit radius for the
classification as 17nm. Figure 4 shows capsid segmentation
performed by our plugin. T=3 capsids are underlined in red
while T=4 capsids are blue and candidates are orange.

To test the robustness of our method, the plugin was used
by a capsid specialist to determine the accuracy of the seg-
mentation. The tests were done on 9 image series of capsids,
each of one being composed of approximately 40 images. For
each image, the number of detected capsids by the plugin is
compared to the number detected by the user and normalized.
Finally, a mean of these normalizations was done for each se-
rie. As shown in Figure 5, we have detected more than 80% of
the capsids for 8 of the series, this number reaching more than
90% for 5 of them. Besides, the ratio of T=3/T=4 capsids was
20% of T=3 capsids for 80% of the T=4 class which is equiva-
lent to results obtained by other developped techniques [3, 4].
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Fig. 5. Normalized ratio of detected capsids by the plugin ver-
sus detected capsids by the user. The ratio was determined by
image series.
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