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The automated assessment of the sperm quality is an important challenge in the veterinary

field. In this paper, we explore how to describe the acrosomes of boar spermatozoa using

image  analysis so that they can be automatically categorized as intact or damaged. Our

proposal aims at characterizing the acrosomes by means of texture features. The texture

is  described using first order statistics and features derived from the co-occurrence matrix

of  the image, both computed from the original image and from the coefficients yielded

by  the Discrete Wavelet Transform. Texture descriptors are evaluated and compared with

moments-based descriptors in terms of the classification accuracy they provide. Experimen-

tal  results with a Multilayer Perceptron and the k-Nearest Neighbours classifiers show that
exture descriptors

iscrete Wavelet Transform

nvariant moments

eural Networks

-Nearest Neighbours

texture descriptors outperform moment-based descriptors, reaching an accuracy of 94.93%,

which makes this approach very attractive for the veterinarian community.

©  2012 Elsevier Ireland Ltd. All rights reserved.

a lot of time when determining the proportion of damaged
. Introduction

roper semen quality assessment is an important problem in
edical and veterinarian research fields. It plays an important

ole in dealing with human fertility problems or with breed
mprovement of some species such as boars. The porcine
ndustry is one of the most important fields where it is applied
nd it is focused on obtaining better individuals for human
onsumption in each generation.

In the last decade, several computer assisted approaches
ave been developed to evaluate the quality of semen samples.

hese approaches were first designed for human semen anal-
sis [1],  but they have been currently adapted to other species
2].  These systems are essentially based on parameters such
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as motility or morphometry [3–6], as they are directly related
to the semen quality. However, up to our knowledge, the eval-
uation of the acrosome integrity of the spermatozoon heads is
carried out manually, using stains and there are not any com-
puter assisted tools for that analysis. This manual assessment
has several drawbacks such as its high cost in terms of time, its
lack of objectivity, or the requirement of specialized veterinar-
ian staff and equipments. Hence, it would be very interesting
to get an automatic classification of the acrosomes (intact or
damaged). It would only require a high-featured digital cam-
era and a computer, and it would let veterinarian experts save
alez@unileon.es (V. González-Castro), rocio.alaiz@unileon.es

cells within a sample.
Texture analysis and classification have been applied to

biology and medicine in the literature (e.g. to distinguish ulcer

erved.
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regions from normal regions in capsule endoscopy images
[7], to classify human embryonic stem cell nuclei [8] or to
recognize leukocytes [9]),  providing quite good results. Other
examples are the works carried out by Morales et al., who
apply texture analysis to the selection of human embryos for
in vitro fertilization [10] or Perner et al., who classify Hep-2
cells into 6 different classes [11]. Sørensen et al. extract quan-
titative measures of emphysema severity computing Local
Binary Patterns from CT images of lungs [12]. All of these works
show accuracies around 90%.

One of the most powerful techniques is the multi-
resolution texture analysis. A successful example is the
Discrete Wavelet Transform (DWT), which is widely employed
for several applications. For instance, Zhou and Peng use the
DWT to extract some features from fly embryo images in
order to recognize various gene-expressed structures within
them [13], providing accuracies near to 100%. Tsantis et al.
[14] extracts some morphological and wavelet-based features
from ultrasound images in order to evaluate malignancy risk
of thyroid nodules. Quellec et al. proposed in [15] a content-
based image  retrieval method for diagnosis aid in medical
image  which compares signatures built from the wavelet
transform of the images by means of a distance criterion.
Wavelet textural properties are also used for breast cancer
analysis applications [16], or in order to analyze the images
captured by a wireless capsule endoscope, in the examination
of diseases of small bowel [17].

Computer-based systems designed for semen analysis
tasks should reliably segment the heads of the spermatozoa
[18],  extract the patterns which characterize them and finally
classify those patterns in order to estimate how many  dam-
aged acrosomes contain each semen sample. There are few
computer vision works that deal with boar sperm analysis.
Furthermore, there are not any commercial tools at all that
classify the spermatozoon heads in terms of their membrane
integrity, although there are a few experimental works that
address this problem.

A classification of the acrosome in terms of its integrity
is performed in [19,20],  using Learning Vector Quantiza-
tion (LVQ). This work considers images of boar spermatozoa
obtained with an optical phase-contrast microscope and tries
to automatically classify single cells as acrosome-intact or
acrosome-reacted. This approach uses the gradient magni-
tude along the outer contour of the sperm head as descriptor.
The minimum error rate achieved in this work was 6.8%.
Despite this reasonable result for semen quality control, it
is very important to improve the accuracy of the classifica-
tion, according to veterinary experts. Alaiz-Rodríguez et al.
use texture descriptors with the aim of estimating the true –
and unknown – proportion of damaged cells in a sample [21].
They quantify the unknown a priori probabilities of test sets
using the outputs of a classifier trained with an image  dataset
with class prior probabilities that may not match those of the
operational conditions.

Other related – although not similar – proposals are the
works carried out by Sanchez et al. [22,23].  They classify the

images of the spermatozoa according to its intracellular inten-
sity distribution.

Our proposal is to describe the texture of the acrosomes
by computing some first-order statistical and co-occurrence
 b i o m e d i c i n e 1 0 8 ( 2 0 1 2 ) 873–881

features proposed by Haralick in [24]. These features are
computed from both the original image  and the coefficients
yielded by the DWT, to assess the power of multirresolution
texture analysis. We  hypothesized that descriptors based on
the shape of the head or on its internal intensity would pro-
vide good results, but the experiments conducted classifying
with Hu [25], Legendre [26] and Zernike [27,28] moments and
histogram-based descriptors did not yield good results, as we
will show.

The rest of the work is organized as follows: Section 2
describes how the different features have been obtained. The
classification and the empirical results are evaluated and com-
pared in Section 3. Finally, some concluding remarks are given
in Section 4.

2.  Methods

The goal of this work is to classify images of boar spermatozoa
in terms of their acrosome integrity. The first step to achieve it
is to extract the region of interest (ROI) – the head of each sper-
matozoon – from the whole image  and then, some descriptors
are extracted from it.

We have computed some features derived from the co-
occurrence matrix proposed by Haralick et al. [24] and,
additionally, some first order statistical descriptors both from
the ROI and from its wavelet coefficients [29].  We  have also
extracted some moment-based descriptors in order to com-
pare them with the texture descriptors in terms of the
classifier performance. In particular, we have extracted the Hu,
Legendre and Zernike moments.

Once the images are described, we classify them by means
of two methods: the k-Nearest Neighbours and a Multilayer
Perceptron with a log-sigmoid transfer function both in the
hidden and in the output layer. Classification results are esti-
mated taking the 70% of the images for training and the
remaining 30% of the samples as the testing set.

2.1.  Preprocessing  and  segmentation

Using a digital camera connected to a phase-contrast micro-
scope, boar semen images are captured with a resolution of
780 ×580 pixels. The magnification of the microscope is 100×,
so each image  contains no more  than 2 or 3 cells. Hence, most
of the spermatozoa come from different takings, which means
that illumination is not completely constant, and therefore the
method will be robust to light changes. Information about the
sample preparation can be found in [30].

The process of acquiring the images is the following: First,
we take a snapshot in real color under the fluorescent illu-
mination. Then, we capture another image  in grey scale of
the same spermatozoa under positive phase contrast illumi-
nation, with the sample in the same position. The images have
been obtained in CENTROTEC, a veterinarian research centre
interested in this problem.

The spermatozoa heads on the phase contrast images are

then cropped and labelled as damaged or intact using the
information provided by the snapshots taken under fluores-
cent illumination. Overlapped heads cannot be analyzed, so
they are discarded. Fortunately, due to the conditions under

dx.doi.org/10.1016/j.cmpb.2012.01.004
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hich the sample is obtained, overlapped heads are not
ommon.

After they are labelled, each head is automatically seg-
ented in order to obtain a mask of the region of interest. The

egmentation of the intact acrosome heads is very straight-
orward but the segmentation of the damage acrosome heads
s a more  complex process. When the acrosome reacts, the

embrane surrounding the acrosome fuses with the plasma
embrane exposing the contents of the acrosome. The con-

rast between the spermatozoa head and the background is
educed when the enzymes released surround the acrosome.

s a result, it is not easy to segment the damaged acrosome
eads without errors. Several classical segmentation meth-
ds based on thresholding, region growing and the watershed

Fig. 1 – Segmentation steps for a single sperm head.
 o m e d i c i n e 1 0 8 ( 2 0 1 2 ) 873–881 875

transform have been tried. Even a new method [18] combining
some of the classical ones has been proposed. But, in our case,
the best results have been obtained with the following process.

First of all, the image  is converted to grey-level (Fig. 1(a)),
and its contrast is increased by saturating a 1% of the pixel val-
ues at low and high intensities of the grey level image  (Fig. 1(b)).
Afterwards, it is binarized using a threshold obtained by
means of the Otsu’s method [31], which produces an image
with white regions on a black background (Fig. 1(c)), which is
split into two by a division line – horizontal if the number of
rows is bigger than the number of columns, or vertical other-
wise – yielding an image  with at least two  regions, each one
on each half of the image  (Fig. 1(d)). The holes are filled, and
the regions whose areas are smaller than the third biggest
one are removed (Fig. 1(e)). Later, pixels with value 1 are
replaced by the mean of the original grey level pixels which
are inside a rectangle centred at the centroid of the image  with
size (numRows/2) × (numCols/2) (Fig. 1(f)). Then, a new adjust-
ment of the histogram and a thresholding is done – as it was
done before – to obtain a binary image  with white regions
on a black background. Finally, after performing a dilatation,
the removal of small areas, a filling of the holes and a con-
nection of neighbour pixels, we obtain the segmented image
(Fig. 1(g)).

Once the head is segmented, successive dilations and ero-
sions are performed to separate it from the tail. Then, the
tail and some noise are removed by deleting the regions
which are touching the image  boundaries and finally, the seg-
mented head is obtained by leaving just the region with the
biggest area (Fig. 1(h)). The detailed process is summarized in
Algorithm 1.

Algorithm 1. Segmentation and mask of an image.
Require: Image  with a boar spermatozoon, I.
Ensure: Segmented head, I seg.

if I is in RGB then
Transform I to grey scale

end if
Istretch ← stretch histogram(I)
IBin ← binarize otsu(Istretch)
IBindivided ← divide image in middle(IBin)
IDivfill ← fill holes(IBindivided)
IBinrem ← remove small regions(IDivfill)
coordinates ← find white pixels(IBinrem)
v ← mean central region size(I, nraws/2, ncols/2)
INew ← I(coordinates) = v

INewstretch ← stretch histogram(INew)
INewbin ← binarize otsu(INewstretch)
Idil ← dilate with struct element(INewbin, disk4)
ISegrem ← remove small regions(Idil)
ISegfill ← fill holes(ISegrem)
Iconnected ← connect neighbour pixels(ISegfill)
Iaux ← erode with struct element(Iconnected, disk18)
Iaux ← erode with struct element(Iaux, disk18)

I seg ← remove regions in boundaries(Iaux)
if I seg have more  than 1 region then

I seg ← remove small regions(I seg)
end if
return I seg

dx.doi.org/10.1016/j.cmpb.2012.01.004
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Fig. 2 – Segmented image of a sperm head with damaged
Fig. 3 – Cropped sperm heads with damaged (up) and intact
(down) acrosome.
(left) and intact (right) acrosomes.

After this process is finished, some heads might be wrongly
segmented, due to a fuzzy edge of the head or sample impu-
rities in the image.  Therefore, the next step is to discard the
wrongly segmented images by using a semi-automatic pro-
cess: First of all, the regions whose area is below the 30% of
the average size of a boar spermatozoon head are eliminated.
Afterwards, we  calculate the eccentricity of an ellipse that has
the same area as the region, and if it is not between 1.4 and
2.6, it is also rejected. These values have been obtained experi-
mentally. Algorithm 2 shows the pseudocode of the automatic
discarding method.

Algorithm 2. Automatic discarding of bad segmented images.

Require: Segmented head, head seg. Average area of heads of
the set, Areaavg.

Ensure:  true if head seg is well segmented, or false if not.
if number of regions of head seg is not 1 then

return false
else

proportion ← MajorAxisellipse/MinorAxisellipse

Ahead ← get area(head seg)
if ((proportion ≤ 2.6 and proportion ≥ 1.4) and Ahead ≤

Areaavg ∗ 0.3)
then

return true
else

return false
end if

end if

In the next step, each segmented image  is used to obtain
a masked one with a black background and the original grey
levels inside the head (Fig. 1(i)) [19].

After all this process, a set with 400 damaged and 400 intact
spermatozoa heads is available.
Finally, all the images are cropped into its bounding box
(Fig. 3), in order to reduce the proportion of black background
pixels. We  have also tried normalizing the mean grey-level of
the whole set of images and rotating the heads so that they
would be in horizontal position, with the tail insert point in the
same side of the image,  but it did not show any improvement.
That worsened the results, what may be due to the grey level
alterations introduced by the pixel interpolation performed in
the heads rotation.

2.2.  Feature  extraction

As we  have previously pointed out, texture analysis is used to
classify images of boar sperm heads in terms of its membrane
integrity. By looking at the aspect of the acrosomes (Fig. 2) it
may seem that a morphological approach could be success-
ful. However, the experiments we have carried out following
this line did not show good results. Specifically, we  have used
Hu, Legendre and Zernike moments, among others, to charac-
terize the shape of the acrosomes and we have compared the
performance of both classes of descriptors.

According to the textural approach, we have extracted five
different descriptors:

•  Haralick features extracted from the co-occurrence matrix
of the original image.

• First order statistical features extracted from the histogram
of the original image.

• Contrast, correlation, energy and homogeneity extracted
from the co-occurrence matrix of the original image  and the
coefficients of the first level of its Discrete Wavelet Trans-
form (DWT).

• A selection of features from the vector of 65 features
obtained after computing the Haralick descriptors extracted
from the original image  and the coefficients of the first
sub band of the DWT of the image.  This selection have
been made by means of a Linear Discriminant Analysis
(LDA).
• Mean and standard deviation of the coefficients of the three
first sub bands of the DWT of the image.

dx.doi.org/10.1016/j.cmpb.2012.01.004
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.2.1.  Discrete  Wavelet  Transform
nformation represented by spatial frequencies is often used
or texture pattern recognition. Therefore, in this work we
ave applied the Discrete Wavelet Transform on the images.

n particular, we  have used the Haar family of wavelets which,
n spite of being the simplest, outperforms the Coiflet and
aubechies [32]. The DWT is currently used effectively in sig-
al and image  processing because of its frequency domain

ocalization capability. It extracts the high-frequency compo-
ents of a signal, so that they can be analyzed separately.
hen the transform is applied on an image,  four matrices of

oefficients are obtained: approximations and horizontal, ver-
ical and diagonal details (see Figs. 4 and 5). The first one holds
lmost all the energy of the image,  while the other three hold
he high frequency details.

.2.2. Linear  Discriminant  Analysis

inear Discriminant Analysis is a supervised classification
ethod which assigns an object represented by a feature vec-

or into one of n predetermined classes. It can also be used to

ig. 5 – 3-Level wavelet transform of a spermatozoon head
mage.
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find out how much each feature contributes to determine the
class membership of the object, which allows us to reduce the
length of the patterns with the least possible information loss.

We have used the Linear Discriminant Analysis with the
whole set of WCF  descriptors to rank the 65 original vari-
ables according to their weight in the separation of the classes.
Then, the optimal features vector length has been selected
for both the k-Nearest Neighbours (kNN) and the Multi-Layer
Perceptron (MLP).

2.2.3. First  order  statistical  descriptors
As it has been previously pointed out, we have computed first
order statistics both from the histogram of the original image
and from the histograms of each one of the coefficients matri-
ces of the first three DWT subbands.

The first order statistics computed are:

1. Mean:

m =
N−1∑
i=0

iP(x)(i) (1)

2. Standard deviation:

� =

√√√√ 1
N2

N−1∑
i=0

(P(xi) − m)2 (2)

3. Energy:

U =
N−1∑
i=0

P2(xi) (3)

4. Entropy:

e = −
N−1∑
i=0

P(xi)log2P(xi) (4)

Therefore, the vector which describes a single image  is
made up of four features, and we refer to it as statistical descrip-
tors (SD).

We  have also computed the mean and the standard devi-
ation from the wavelet sub-bands obtained after three splits:
LL1, LH1, HL1, HH1, LL2, LH2, HL2, HH2, LL3, LH3, HL3, HH3
(see Figs. 4 and 5). Hence, each image  is represented by a 24
features vector. This descriptor has been called WSF  (Wavelet
Statistical Features) [29].

2.2.4.  Co-occurrence  matrix  descriptors
The co-occurrence matrix combines both statistical and struc-
tural methods to extract descriptors from an image.  The
relative frequencies of grey level pairs of pixels separated by
a distance d in the orientation � are combined to make a rela-
tive displacement vector (d, �), which is computed and stored
in the so called grey level co-occurrence matrix (GLCM). It is used

to extract some statistical texture features. We have computed
the GLCM in four directions – 0◦, 45◦, 90◦ and 135◦ – averaging
the features computed from each of them, and in different
distances, in order to compare them.

dx.doi.org/10.1016/j.cmpb.2012.01.004
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First of all we  have extracted 13 out of the 14 features
proposed by Haralick et al. in [24] – all except the Maximal
Correlation Coefficient – from the GLCMs of the original image.
Therefore, we  will have a vector of 13 features per image  that
we have named Haralick13.

We  have also computed the same features from the GLCMs
of the original image  together with the coefficients of the first
split of the wavelet transform – LL1, LH1, HL1, HH1 – which
yield 65 features. Then, selecting the most relevant ones using
the LDA, we  have obtained a feature vector named WCF13.

Finally, we  have extracted the Haralick features – contrast,
correlation, energy and homogeneity – [33] from the same GLCMs
as the ones used for the WCF13, as done in [29], yielding a
vector of 20 features per image,  naming this features vector
WCF4.

2.2.5.  Moment-based  descriptors
A visual inspection of the images of the acrosomes (i.e.
Figs. 2 and 3) suggests that the edge and some shape features
would be enough to describe the different kind of acrosome
images. In order to assess that, we have computed the Hu, Leg-
endre and Zernike moments from the binary image  of the ROI.
We have chosen these moments because they are invariant
to rotation, translation and scale, and they have been widely
used in the literature [34,25–28].

3.  Experimental  results

In this section the accuracies of the proposed descriptors in
the categorization of the acrosome state of the spermato-
zoon head are evaluated and compared. The two target classes
are spermatozoon heads with damaged and with intact acro-
somes. The whole dataset has 800 images, 400 of each class.

The classification has been carried out with the k-Nearest
Neighbours (kNN) and a Multilayer Perceptron. The model
accuracy has been estimated using 70-30 random sampling.
Both with kNN and the Multilayer Perceptron, the data set has
been split into two subsets. The first one takes randomly the
70% of the samples and the classifiers are trained with those

descriptors. The second one takes the remaining 30% of the
samples and the classifiers are tested with them. This process
has been repeated 50 times and the presented results come
from the average value for all the runs.

Table 1 – Classification accuracy rates for damaged and intact a
for each descriptor or the standard deviation for each accuracy.

Descriptor k Accuracy (%) (overall) 

SD (4) 9 68.18 (3.08) 

WSF (24) 7 73.10  (2.61) 

Haralick13 (13) 7 87.12 (1.84) 

WCF4 (20) 7 90.53 (1.67) 

WCF13 (32) 19 89.35 (1.50) 

Hu (7) 3 71.64 (2.61) 

Legendre (9) 7 61.99 (2.37) 

Zernike (9) 25 76.98 (2.36) 

Rows in bold determine the best result.
 b i o m e d i c i n e 1 0 8 ( 2 0 1 2 ) 873–881

The classifier accuracy, expressed as the overall and for
each class hit rate and the standard deviation were computed.
For the best classifier, in our case the Neural Network, the area
under ROC curve has also been obtained.

3.1. Classification  with  k-Nearest  Neighbours

The classification of each image  in the test set with kNN is
based on finding the k nearest elements of the training set
and assigning that image  to the majority class of its k nearest
images. The distance metric that has been used in our exper-
iments is the euclidean one. Data were normalized to zero
mean and standard deviation equal to one.

Table 1 reports the best accuracy rates of the classification
estimated with 70-30 random sampling. The table also shows
the number of neighbours, k, used for each descriptor.

According to these results, the second order statistical
descriptors are the best ones, reaching accuracies of 87.12%,
89.35% and 90.53%, using Haralick13, WCF13 and WCF4,
respectively. Therefore, moment-based descriptors, which
yield accuracy rates between 61.99% and 76.98%, are clearly
outperformed by them. Finally, statistical texture descriptors
extracted from the histogram of the original ROI or from its
DWT lead to poor results in the classification: 73.10% and
68.18% using WSF  and SD, respectively.

These results prove that texture descriptors based on sec-
ond order statistical features outperform moment-based or
histogram-based descriptors, in particular when they are com-
bined with the wavelet transform. It is quite remarkable that
WCF4 provides quite balanced accuracy rates for both classes,
whereas for other descriptors such as WCF13 or WSF,  they are
less balanced.

3.2.  Classification  with  a  Multilayer  Perceptron

A Multilayer Perceptron (MLP) has been also used to classify
the images. We  evaluate a three layer network with a logistic
sigmoid activation function both for the hidden and the output
layers.

Several combinations of neurons in the hidden layer – 2, 3

or 5 – and different number of training cycles – 200, 300 and
400 – have been assessed with all the descriptors, in order to
find the optimal network configuration. Results are estimated
using 70-30 random sampling.

crosomes with kNN. In brackets, the number of features

Accuracy (%) (intact) Accuracy (%) (damaged)

75.88 (4.44) 60.47 (5.19)
90.52 (3.09) 55.68 (4.34)
90.17 (2.10) 84.07 (3.12)
92.92 (2.29) 88.13 (3.16)
95.05 (1.59) 83.65 (2.68)
77.75 (3.83) 65.53 (3.99)
61.83 (4.23) 62.15 (3.68)
78.97 (3.44) 75.00 (3.50)

dx.doi.org/10.1016/j.cmpb.2012.01.004
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Table 2 – Classification accuracy rates for damaged and intact acrosomes with a Multilayer Perceptron. In brackets, the
number of features for each descriptor or the standard deviation for each accuracy.

Descriptor Cycles Neurons Hit rate (%) Hit intact (%) Hit  damaged (%)

SD (4) 300 3 70.68 (2.42) 74.13 (8.52) 67.23 (8.49)
WSF (24) 200 2 86.13 (2.43) 85.67 (4.04) 86.60 (2.85)
Haralick13 (13) 200 5 90.67 (1.68) 89.98 (2.44) 91.35 (2.64)
WCF4 (20) 400 5 94.93 (1.56) 95.72 (1.87) 94.15 (2.76)
WCF13 (19) 400 3 94.84 (1.37) 95.08 (1.88) 94.60 (2.22)
Hu (7) 400 5 77.81  (2.73) 82.48 (5.42) 73.13 (5.33)
Legendre (9) 400 5 59.19  (3.05) 58.62 (7.39) 59.77 (6.27)

78.30 (2.33) 80.62 (4.37) 75.98 (4.51)
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Fig. 6 – ROC curves of the Neural Network classifier with
Zernike (9) 400 2  

Rows in bold determine the best result.

In Table 2 the best hit rates in the classification are shown,
long with the number of hidden layers and training cycles
sed for each descriptor. In the case of the WCF13 features, we
ave used 19 features, selected from the ordered list provided
y the LDA as shown in Section 2.2.4. Adding more  features
oes not provide better results. These features are: energy of
he original image  and the four wavelet sub-bands, correlation
f the original image  and the sub-bands LL1, HL1 and LH1,
rst information measure of correlation of the original image  and
he sub-bands LL1 and HL1, second measure of correlation of the
riginal image  and the sub-band LL1, homogeneity of the sub-
ands LL1, HL1 and LH1, sum entropy of the sub-band LL1 and
he entropy of the same sub-band.

Once again, the hit rate provided by WCF4 is the best one
 94.93% – when the network has 5 neurons in the hidden
ayer and training it during 400 cycles. It is closely followed
y WCF13, which yields an accuracy of 94.84% with a network
ith 3 neurons and the same training cycles. These two results

how a reduction in the error rate from previous works [35],
rom 8% to 5.07%.

These accuracies also outperform those obtained using
oment-based descriptors – 78.30% in the best case – or statis-

ical descriptors extracted from the histogram. It proves that,
pposite to what may be thought, moment-based descriptors
r histogram-based features are not suitable for this problem.

In these classification problems the two wrong decisions
ave no the same cost. Categorizing a spermatozoon with
amaged acrosome into the intact class has a higher cost
han the opposite error in a semen quality evaluation system.

ogether with the hit rate, we evaluate the performance of
he classifier with the Receiver Operating Characteristics (ROC)
urve, which is a more  powerful tool [36] for these situations.

Table 3 – AUCs of the descriptors classified with a
Multilayer Perceptron.

Descriptor AUC

WCF4 0.985
WCF13 0.980
Haralick13 0.961
WSF 0.938
Zernike 0.850
Hu 0.840
SD 0.781
Legendre 0.633

Rows in bold determine the best result.
different descriptors.

Fig. 6 shows the ROC curve for each of the features evaluated
and the Area Under the Curve (AUC) is shown in Table 3.

Features WCF4 and WCF13 achieve the best relative perfor-
mance according to the AUC. The value of AUC (0.985) is also
very close to the optimal value what makes this results very
promising in the practical veterinarian field.

4.  Conclusions

We  have proposed a method to classify images of boar sperma-
tozoa in terms of its acrosome integrity (damaged or intact).
Different texture descriptors have been extracted from the
head. We have computed both second order statistical descrip-
tors directly from the original grey-level image  – Haralick13 –
or from its wavelet coefficients – WCF4 and WCF13 – and first
order statistical descriptors – SD and WSF.  The very first visual
inspection of the samples (Fig. 2) suggests that they could be
well characterized using shape features. Because of that we
have extracted region descriptors based on moments – Hu,
Legendre and Zernike moments.
Classification has been carried out using k-Nearest Neigh-
bours and Neural Networks with a Multilayer Perceptron
architecture. Results estimated by 70-30 random sampling
show that the second order statistics outperform the first

dx.doi.org/10.1016/j.cmpb.2012.01.004
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order statistical descriptors, specially when they are combined
with the DWT.

Classifying with k-Nearest Neighbours, WCF4 and WCF13
yield an accuracy of 90.53% and 89.35%. The best accuracy
(almost 95%), however, has been achieved using Neural Net-
works. These results outperform the ones achieved in previous
works [19,20].  The obtained values also show that moment-
based descriptors do not provide good results – the best hit
rate is lower than 79%, which proves that they are not suitable
for this problem, opposite to what may be thought.

These results represent an improvement, and make this
automatic approach based on texture analysis even more
attractive for the veterinary community, that demands an
automate and accurate discrimination system to replace the
manual process. This work leads to further research on: (a)
improve the present results, if possible, using different texture
descriptors or classifiers, (b) finding new texture descriptors
that automatically adapts to the variability of the texture and
(c) finding texture descriptors to classify dead or alive sperm
heads.
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