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Abstract

In this work, we propose a new texture descrip-
tor made by combination of Local binary pattern
(LBP) and N-concentric squares resized (NCSR)
in order to classify boar spermatozoa as dead or
alive using gray scale images. Several configura-
tions have been carried out using Support Vector
Machine classifier and the best result (78.67% of
hit rate) was obtained when evaluating NCSR of
50 features and LBP with 16 neighbours. This re-
sult outperforms all the previous works concerning
this field and it is very encouraging to the veteri-
narian community for automatizing this process.
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1 Introduction

Sperm assessment is a key factor for the porcine
industry. Nowadays, lots of companies in the
world are trying to obtain as better as possible
pork flesh and, at the same time, at the lower price
available. The main reason is the huge demand of
alimentary products obtained from porcine meat.
The way to do it is by selecting the semen used
in artificial insemination i.e. to assess the semen
of the donor boars, picking the best specimens up
and using only the best ones.

For several years, the CASA (Computer-Assisted
Semen Analysis) systems have been used for as-
sessing the sperm quality. These systems analyze
the concentration, mobility and some simple ge-
ometric measures of the spermatozoa’s head to
characterize abnormal head shapes, obtaining an
assessment of the studied sample based on that
values. However, there are three valuable crite-
ria used by veterinary experts that CASA systems
are not yet able to automatically analyze, as are
the number and presence of proximal and distal
droplets, the integrity of the acrosomal membrane
and the vitality of the sample based on the pres-
ence of dead or alive spermatozoa.

A great number of works have addressed some of
the problems related to the semen analysis us-
ing digital image processing. Most of them uses

CASA systems for evaluating the sperm motility
[4] or for studying the relationship among sperm
cell motility patterns, morphology and boar fertil-
ity [5, 12]. Other research groups have developed
methods to characterize the spermatozoa shape
by using spectral approaches [3, 10], or they have
been looking for subpopulations [11] using shape
descriptors over the head of the spermatozoa.

Nowadays, the evaluation of the acrosome vitality
of the spermatozoon heads is carried out manually,
using stains because there are not any computer
assisted tools for that process. This manual as-
sessment has several drawbacks such as its high
cost in terms of time, its lack of objectivity, or the
requirement of specialized veterinarian staff and
equipments. Hence, it would be very interesting
to get an automatic classification of the acrosomes
as dead or alive.

Texture analysis and classification have been used
in the literature applied to a wide range of fields
with high performance [8] but there are few com-
puter vision works which deal with boar sperm
analysis. Furthermore, computer-based systems
designed for semen analysis tasks should reliably
segment the heads of the spermatozoa [6], extract
the patterns which characterize them and finally
classify those patterns in order to estimate how
many dead spermatozoa are present in the sam-
ple.

In this way, few works have studied the evaluation
of the vitality of a sample classifying the sperma-
tozoa heads as dead or alive. In one of them, [1, 2],
Alegre et al obtained a 76.80% of hit rate, testing
with images with 100× magnification.

The rest of the paper is organized as follows: Sec-
tion 2 describes the adquisition methodology and
the descriptors used. Results achieved with the
different descriptors are presented in section 4. Fi-
nally, section 5 shows our conclusions.



Figure 1: Figures show images in positive
phase contrast (left) and images with fluorescent
stains (right) respectively. Alive spermatozoa are
coloured in red and dead ones are coloured in
green.

2 Methods

2.1 Image acquisition and preprocessing

The set of images used has been captured in CEN-
TROTEC, an Artificial Insemination Centre that
is a University of Leon spin-off. The sperm was
obtained from boars of three different races: Piy-
orker, Large White and Landrace. 450 pairs of
images have been obtained using a Nikon Eclipse
microscope and a Baster A312f camera of progres-
sive scan. Each of these pairs contains an image
in positive phase contrast and a fluorescent image
obtained using two different stains: propidium io-
dide (PI) that dyes dead spermatozoa as red and
dichlorofluorescein (DCF) for turning green the
alive spermatozoa, see fig. 1. More information
about the sample preparation can been found in
[9]. We have captured the phase contrast images
for developing and testing the texture descriptors
evaluated on the proposed method. The fluores-
cent images were used to obtain the ground truth
in order to label all the heads in the data set.

After we have labelled all the images, each head
is registered automatically in order to assure scale
and rotation invariance. First of all, the heads
are rotated to its vertical position. This is per-
formed by relating an sperm head with an ellipse
and correcting the orientation of the major axis to
achieve verticality. Then, the image is right and
left cropped leaving head’s pixels untouched. Af-
terwards, the coordinates of the tail are detected.
Evaluating if the tail is placed in the bottom half
or in the top half of the image will let us know if
the spermatozoon has its head up or down respec-
tively. In the second case, the image is flipped,
leading to equal orientations. Then, the image is
up and down cropped leaving head’s pixels intact.

2.2 Local Binary Pattern

Local Binary Pattern (LBP) [7] is a gray-scale
texture descriptor that extracts the local spatial
structure of an image. Given a pixel, a pattern
code is computed by comparing this pixel with
the value of its neighbours:

LBPP,R =

P−1∑
p=0

s(gp−gc)2
p , s(x) =

{
1 if x ≥ 0
0 if x < 0

(1)
where gc is the value of the central pixel, gp is
the value of its neighbour p, P are the number of
neighbours and R is the radius of the neighbour-
hood.

After LBP is obtained for each pixel, a histogram
is built in order to describe the whole image using
P + 2 bins, yielding the feature vector of the im-
age. The pattern extraction process for one pixel
is shown in Figure 2.

Figure 2: Local Binary Pattern process over one
pixel in gray scale level.

2.3 NCSR

The N Concentric Squares Resized (NCSR) de-
scriptor [2] gathers the grey levels along N equidis-
tant squares that are concentric to the bounding
box of the interest image as we can see in fig. 3.

Figure 3: Spermatozoon image is divided in N
squares. In this case, N=7.

The value assigned to N sets the number of squares
obtained. As N increases, the squares will get



Table 1: Results obtained in [2]
NCSR Haral13 PS10N PS20N PS10 FlussGrey Zern HuGrey HuBW FlussBW

NNError 23.20% 24.07% 24.93% 25.14 25.24% 28.63% 30.55% 32.44% 39.50% 40.47%

closer. All the N squares are concatenated making
up one vector whose longitude depends on the size
of the image and the number of squares extracted.
As we have been working with registered images,
all the images are vertical and have the same size.
The first part of the vector is the horizontal seg-
ment closer to the left upper corner of the image,
the second part is the vertical segment of the outer
boundary that is closer to the right side of the im-
age, the third part is the horizontal segment at
the bottom and the last part of the outer square
is the vertical segment closer to the left side of
the image. The four segments are concatenated
constituting the vector that comes from the outer
square. Later, the same process is followed with
the rest of the inner squares concatenating all the
resulting vectors into one. The grey levels gath-
ered along this vector are the maximum value in
the 3×3 neighbourhood of each position. The dis-
tances between squares are given by the equations
2 and 3.

NpbHs =
nRows

2

N + 1
, N = 1, 2, 3, . . . (2)

NpbV s =
nCols

2

N + 1
, N = 1, 2, 3, . . . (3)

where NpbHs and NpbVs are the number of pixels
between Horizontal and Vertical segments, respec-
tively; and nRows, nCols are the number of rows
and columns of the image.

In the end, a Fourier transform based interpola-
tion is carried out resizing the length of the de-
scriptor. In our case, we have proved with feature
vectors of dimension 25, 50, 75 and 100.

3 Results

Alegre et al in [2] achieved a hit rate of 76.80%
using neural networks and NCSR with 100 ele-
ments in the feature vector. In their work, some
classical descriptors have been evaluated obtain-
ing worse hit rate than their proposed descriptor.
In table 1 we can see these results.

We have used Support Vector Machine (SVM)
without kernel and “Least Squares” learning al-
gorithm slightly outperforming the accuracy of
NCSR with 100 elements (76.84%). For that rea-
son, all the results in this paper were obtained
using SVM classification.

First, results using different elements in the fea-
ture vector of NCSR were calculated (view fig. 5),

demonstrating that the best resizing was the car-
ried out with 100 elements.

The proposed descriptor is composed of the NCSR
feature vector and the LBP histogram with 8 and
16 neighbours. Using the best size of NCSR with
the LBP the hit rate decrease. The reason of that
is the unbalanced weight of the two descriptors
due to the size of their feature vectors (Fig 4).
In order to solve this problem and taking into ac-
count that the hit rate variance between different
sizes of the NCSR vector was too slow (Fig. 5),
we proved LBP with all of the NCSR descriptors
used in figure 5.

Figure 4: Distribution of the features in the pro-
posed descriptor using NCSR with 100 elements
and LBP histogram with 8 neighbours. As we can
see, using this configuration the LBP influence is
poor.

Figure 5: Results using 25, 50, 75 and 100 ele-
ments in the feature vector.

In Fig. 6 we can see the performance of the
NCSR+LBP method for different sizes and neigh-
bours. The best result is obtained combining
NCSR resized to 50 elements, with LBP with 16
neighbours, yielding a descriptor of 68 features.
It is important to note that two of the worst re-
sults were achieved with the NCSR of size 100
due to the low influence of LBP in these descrip-
tors. However, the worst result is obtained with
NCSR25 and LBP8. The reason of this low per-
formance is the lack of information in the resize
process and the low number of neighbours used in



the LBP method.

Figure 6: Results of the sperm classification in
dead or alive using SVM and different configura-
tions of LBP and NCSR. The best results were
achieved using NCSR with 50 features and LBP
with 16 neighbours.

A comparison of the proposed method and the
original NCSR descriptor proposed in [2] can be
shown in fig.7. As we said before, the best per-
formance was achieved by evaluating NCSR50
with LBP16. The graphic shows clearly how the
method improve their results when the size of the
NCSR vector is 50 and we combine it with LBP.
However, results become worse when the number
of elements in NCSR is 100.

Figure 7: Comparison between the NCSR method
and the proposed merge with LBP.

4 Conclusions

A new description method has been proposed in
order to distinguish automatically boar sperm in

dead or alive. This method consists of merging lo-
cal binary pattern and N-Concentric Squares Re-
sized feature vectors into one to better character-
ization of the sperm cell. We have tried several
configurations of the experiment using different
values to obtain the Fourier transform based inter-
polation in NCSR algorithm and two neighbour-
hood sizes (8 and 16) in local binary pattern. The
best result was 78.67% of hit rate and it was ob-
tained using NCSR with a feature vector of 50 ele-
ments concatenated with LBP and 16 neighbours
outperforming the results achieved by the original
method proposed in [2].
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