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Line Detection and Texture Analysis for Automatic
Nematode Identification

J. FpEz-VaLDIviA,' N. PEREZ DE 14 BLaNca,! P. CasTiLLO,? AND A. GOMEZ-BARCINA®

Abstract: This paper is the second in a series studying procedures for estimating and calibrating
features of nematodes from digital images. Two kinds of features were analyzed for recognition:
those with a directional component and those with a textural component. Features that have a
directional component (lateral field and annules) were preprocessed with classic algorithms and
modified by directional filters. Features having texture (esophagus and intestine) were analyzed with
vectors of measures to define them and the statistical technique CART (classification and regression
trees) to explain the role that each measure plays in the identification and discrimination process.
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Image analysis offers techniques for ob-
jective and precise identification of the
morphological features necessary for the
construction of automatic methods of
identification and classification. These
techniques have been used in nematologi-
cal investigations only recently (7). Some
features of nematodes have a directional
component or can be represented through
textures of tissues and organs. In these
cases, image analysis through filter theory
(4,8) or texture analysis (5,6) makes it pos-
sible to characterize and identify such fea-
tures. Classification and regression trees
(CART) are very useful for texture classi-
fication (1). These methods are concerned
with the use of data to form prediction
rules for one measure based on the values
of other measures. In classification, one
makes measurements on an object and
then uses some sort of prediction rule to
decide what class the object is in. The al-
gorithms presented in this paper may be
used for the identification of all features in
which textures or directionality are an es-
sential component.
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MATERIALS AND METHODS

Nematode specimens: Specimens selected
for this study were collected through sur-
veys of natural and cultivated soils in
southeastern Spain, extracted from soil
samples by centrifugation (3), then killed
by gentle heat and fixed in 4% formalde-
hyde. Some specimens were processed into
glycerin (9,10).

Obtaining and cleaning the image: Homo-
geneous images for processing were ob-
tained as previously described (7).

Hardware and software: Images were cap-
tured (512 X 512 in size with 256 grey lev-
els) with a system previously described (7).
They were preprocessed with a SUN
SPARC 2 workstation with custom-made
programs written in C language. CART
software (1) was used for classification.

Feature set: Cuticular features estimated
were the number of lines in the lateral
field, the coarseness of annules, and the
textural features analyzed for the esopha-
gus and intestine.

Mathematical background

The basic tools used for image analysis
are as follows:

Filters: (See (4) for a complete explana-
tion of the terms and concepts used be-
low.) We express the convolution opera-
tion through scalar products, so that P'X
(P’ transposed of P), represents the convo-
lution of mask P (represented by a vector
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Fic. 1. A,B) Digital images of Rotylenchus magnus and R. cazorlaensis with four-line lateral fields. C,D) The
results of applying the Canny filter directly to the images A—B, respectively. E,F) The results of applying the
Canny algorithm on the filtered image preprocessed with a directional filter.
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of values) and the portion of image X (rep-
resented by a vector as well), to which we
apply the directional mask used:
Edges
a b a

—-a ~b -—a
Lines
—-Cc —¢ —cC
L=1k&) d d d
—c —¢ —cC

abcd>0,b>a, c<d

and their corresponding rotation in the di-
rection of the grid. Constants used (valids
inallcasesy werea=c= 1,b=d = 2,%
=4 and &' = 18.

With these masks the filter we apply to
the image is:

Fx,y) = I(x,y) - F1i(xy) * Fa(x,y)

with

Fi(x,y) = Max{|S{X[} Fa(x,y)
= M_ax{lL{X!} i=1,..,4

with “*” the convolution operation, I the
original image, and I* the filtered image.

Fic. 2. A,B) Examples of two digital images of Mesocriconema sp. with coarse annules and Dorylaimus sp.
without annules. C,D) The resultant images of A-B using a directional filter.
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The main purpose of the filter is to deter- difference d, will occur according to the
mine the tendency that best fits locally vector of displacement 8. The measures we
each portion of the image (maximum of considered from H were:

the cross correlation). The direction of the

main edges (which we use in the recount-

ing process) is calculated by: Ra = 2 dy x H(dy,d)
DIR (x,y) = arctan(|S';X], |S'sX]) - 180.0/ k=1
witha =1,b = 2. (measure xg)
—180.0 = DIR = 180.0 N
Textures: (See (6) for details.) Different sta- Cyq= 2 dE x H(dy,d)
tistical measures to identify textures were k=1

used. For example, the measures based on

differences of grey levels in which the 2-D (measure Xg)

histogram representing the number of oc- >

currences in the image of each difference Eq= ‘2 H(dx,8) X log H(d,9)
of grey level according to a particular vec- k=1

tor of displacement were calculated. (measure x7)

We assigned & = (A,A,) to the displace-

ment vector (AX,Ay integers), D (3) to the - 0

difference of grey levels in a distance 8: D Ag = E H(dy,3)

® =1, ) — I + A, j + Ay, and k=1

H(d,,3) to the probability that a particular (measure Xs) (A)
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Fic. 3. A-D) Graphics showing the grey levels encountered by the lines (N. Points in size) traced in a
perpendicular direction to the direction parallel to the body axis. A—B correspond to the image in Figure 2C
and C-D corresponds to the image in Figure 2D. The difference between the maximum and minimum values
encountered in the corresponding profile is graphed.
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with pg corresponding to an average of the
differences, C4, A4, to measures of con-
trast, and Ey4 to uniformity.

RESULTS AND DISCUSSION

Lateral fields: The objective of analyzing
the lateral fields was to detect lines run-
ning parallel to the body axis. The lateral
field presented great sensitivity in grey lev-
els, which complicated the use of classic
edge detectors (2). Results using the Canny
filters were not acceptable for resolving
the lines in the lateral field because the
boundaries were noises. To resolve this
problem, the images were preprocessed
with directional filters to highlight these
features with a directional component and
processed again with the Canny filter to
emphasize the line boundaries (Fig. 1). Af-
ter the boundaries were highlighted, a
sample of straight lines perpendicular to
them was analyzed for the number of in-
tersections (‘010° transitions in the corre-

sponding profile) (Table 1). The number
of lines detected were four (every two in-
tersections determine one line).

Annules: The presence and coarseness of
annules were analyzed with directional fil-
ters, and the profiles of the resultant im-
age were analyzed. The transitions of grey
levels (in perpendicular direction to the
body axis) on the filtered image were de-
termined and the differential patterns be-
tween both graphics were established (Fig.
2). Significant samples of profiles of both
graphics were taken and the differences
between the maximum and minimum val-
ues of the profiles were examined (Table
2), resulting in the classification intervals
of I, = [130, 174] if coarse annules are
present and I, = [48, 97] if annules are
absent (Fig. 3).

Texture: Esophagus and intestine: The
presence and relative position of internal
structure, T1 (esophageal gland), and T2
(intestine), were analyzed for overlap, T3,

ophageal gland (T1). D-F) Details of textures of intestine (T2). G-I)

Details of textures of esophageal gland overlapping intestine (T3).
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on samples of different species (Fig. 4). A
statistical approach (5) was used to classify
the textures to discriminate three classes.
A vector of the measures was calculated
and used with a statistical technique
(CART) to determine which of the mea-
sures is best for classification. The set of
measures used were divided into four cat-
egories based on (i) the histogram of grey
levels; (ii) differences of grey levels (the
number of occurrences of each possible
difference of grey level in the image was
calculated according to a particular vector
of displacement); (iii) occurrences of the
same grey level according to a particular
vector of displacement; and (iv) co-
occurrences of grey levels. The number of
times that couples of grey levels occur in a
particular spatial relation was determined.
In (A) we saw the measures used in point ii.

The vector of measures was constructed
subsequently for each texture. An exact
and easy-to-interpret rule of prediction
was made to isolate the most significant
variables for the classification.

The result of applying CART to a ma-

Occurrences

trix of data with 60 rows (20 samples for
each texture) and 17 columns (number of
selected measures) is shown in a tree (Fig.
6), in which measures x4 and x, are related
to the uniformity and the contrast in the
differences of grey levels. The behavior of
the three examples of textures with respect
to the difference of grey levels was illus-
trated, and showing that T3 is in an inter-
mediate level between T1 and T2 (Fig. 5).
In axis x we represent the differences of
grey levels in the range [0..255] and in axis
y the number of occurrences of each dif-
ference in such a way that a value of & for
a difference of d indicates that there are &
pairs of pixels in the image in a particular
spatial relation, which difference of grey
level is 4.

Image analysis provides tools in nema-
tology for detecting features with a strong
directional and textural component. The
techniques presented in this paper have
been tested on different species of nema-
todes with very good results. These tech-
niques may in the future make possible au-
tomatic identification of nematodes.
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Fic. 5. Graphic representing the number of occurrences of each possible difference of grey level in the
three different kinds of textures: T1 (esophageal gland), T2 (intestine), and T3 (esophageal gland overlapping

intestine).
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Fic. 6. Classification tree constructed using CART software from three samples of 20 textures each: T1
(esophageal gland), T2 (intestine), and T3 (Esophagus overlapping). Each sample item is represented by a
vector of 17 measures. Measures used in the classification were x5 and x;, related to the difference of grey

levels.
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