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Abstract

In this paper, an extraction algorithm of color disease spot image based on Otsu and watershed is proposed to overcome the
problem of excessive segmentation in the traditional watershed algorithm. The proposed algorithm converts the color space
of the color spot image to calculate the component gradient that is not interfered by the reflected light in the new color
space. Then, final gradient image is obtained from the gradient image reconstructed by open and close operation under the
different-sized structural elements. The label from the final gradient image is extracted by Otsu algorithm, and then, the
H-minima transform is used to modify the labeled image. The modified gradient image is transformed with a label by the
watershed algorithm. Finally, the extraction of the disease spot is implemented. The experimental results show that the
proposed approach obtains accurate and continuous target contour and reaches the requirement of human visual charac-
teristics. Compared with other similar algorithms, the proposed algorithm can effectively suppress the impact of reflected
light, optimize the extraction results of disease spot, better maintain the information of disease spot image, and improve the

robustness and the applicability.

Keywords Watershed algorithm - Otsu algorithm - Color disease spot image - H-minima transformation

1 Introduction

In recent years, the development of high-tech, such as
artificial intelligence, image pattern recognition, has pro-
moted the extensive practice of “fine farming” technology
system. In the technical system of “fine farming,” the
research of field information rapid acquisition technology
lags far behind the development of other technologies
supporting fine farming and has become an important
subject for many units in the world to tackle key problems.
Rapid collection of field information mainly includes soil
information, depth of soil tillage layer, information
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collection of crop diseases, and distribution of crop seed-
lings. Therefore, the research of automatic disease diag-
nosis will provide an important theoretical basis for the
realization of automatic crop management and has far-
reaching guiding significance.

Image segmentation of crop diseases directly affects the
effect of subsequent image processing. Therefore, the role
of image segmentation is very important. There are many
classical methods for image segmentation, such as seg-
mentation based on threshold, edge, histogram, region,
clustering algorithm analysis, and wavelet transform.

Watershed image segmentation algorithm has unique
ability of region edge location and closed contour extrac-
tion. However, the traditional watershed algorithm has
serious over-segmentation problem and is sensitive to noise
(Romero-Zaliz and Reinoso-Gordo 2018). The shortcom-
ings of the traditional watershed algorithm (Ostu 1979; Raja
et al. 2014; Satapathy et al. 2018) are sensitive to noise and
easy to produce over-segmentation. Many scholars have
proposed the corresponding improved watershed algorithm
based on their own research needs. The algorithm has
achieved good experimental results. Other scholars have
also combined the watershed algorithm with other methods
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to provide ideas for solving the actual problems encoun-
tered in the image segmentation. The main objective in the
initial segmentation is to try to suppress the influence of
noise and fine texture, while preserving the important
contours, reasonably reducing the number of regions,
avoiding region consolidation, or reducing difficulty and
complexity of merging. It is the fundamental way to solve
the traditional watershed algorithm.

Zhang et al. (2016) used the morphological filtering to
filter the discrete cell points and the holes in the nucleus.
Then, they applied the watershed algorithm to the seg-
mentation of overlapping cells. The results showed that the
algorithm could extract the ideal cellular tissue boundaries.
Verdid-Monedero et al. (2010) used the anisotropic filtering
and morphological filtering with watershed algorithm to
deal with remote sensing images to automatically detect the
olive trees. The experimental results showed that the
algorithm could solve the over-segmentation problem of
the watershed algorithm. Acquisition of Underwater Ani-
mal Images by Camera of Detecting Robot and the
watershed algorithm was implemented for image segmen-
tation. The robot could discern creature under the water
with its advantages of reducing workload and improving
work efficiency (Wang et al. 2017). In order to solve the
over-segmentation problem in the process of image pre-
processing, Shanmugavadivu and Jeevaraj (2011) used the
median filter for the first time to eliminate the partial noise
and, at the same time, performed the opening and closing
operations of the gradient image of original image that
removed the noise while preserving the important contour.
Cuiyun et al. (2014) optimized the distance function of k-
means algorithm to overcome over-segmentation. This
method can effectually segment and denoise an image that
contains a lot of noise. Gonzalez et al. (2013) first used the
wavelet transform to generate multi-resolution images and
then used the watershed segmentation algorithm based on
labeling to segment the lowest resolution images and
obtain the initial segmentation area. Then, they obtained
the watershed segmentation results of high-resolution
images by using regional labeling and wavelet inverse
transform. Therefore, the problem of over-segmentation in
the watershed transform was solved well. Yan et al. (2014)
combined the watershed algorithm with the region merging
and applied to the segmentation of the iris image and
merging regions in the over segmented part of the seg-
mented image. The experimental results showed that the
method could reduce the excessive segmentation in the iris
segmentation and obtain accurate and closed iris edges. A
watershed segmentation algorithm based on ridge detection
and rapid region merging was proposed (Chen and Chen
2014). This algorithm reconstructed the discontinuity ridge
using the ridge historical information that reserved the
information of image segmentation after opening and

@ Springer

closing operations and completed pseudo-blobs marks
based on Bayes’ rule. Wei et al. (2016) constructed a two-
order tensor with the gradient of each image and took the
difference between its two eigenvalues as the equivalent
gradient squared norm. The watershed algorithm was
applied to this norm to obtain the desired region segmen-
tation. Several activity measures of a region have been
used to construct various fusion rules, and several perfor-
mance metrics have been computed to evaluate the per-
formance. Razavitoosi and Samani (2016) developed
methodologies to prioritize the watersheds by considering
different development strategies in environmental, social,
and economic sectors. Their paper (Wang et al. 2014)
presented a new algorithm for the segmentation of wear
particles by combining the watershed algorithm and an
improved ant colony clustering algorithm. The experi-
mental results demonstrated the possibility of achieving
accurate segmentation of wear particles, including large
abnormal wear particles and deposited chains.

A novel watershed algorithm based on the concept of
connected component lab ENGLeling and chain code has
been proposed, which generates a final lab ENGLel map in
just four scans of a preprocessed binary image (Gu et al.
2017). The evaluation results showed that the algorithm
decreased the average running time by more than 39%
without loss of accuracy. Zhang and Cheng (2010) proposed
a segmentation approach by combining the watershed
algorithm with graph theory. The algorithm reconstructed
the gradient before the watershed segmentation and intro-
duced a floating-point active image based on the recon-
struction as the reference image of watershed transform.
The false contours of the over-segmentation were effec-
tively excluded and the total segmentation quality was
improved significantly, making it suitable for medical
image segmentation. Jiji (2016) presented the hippocampus
segmentation based on watershed bottom hat filtering
algorithm and morphological operations. The extracted
features were used as criteria to categorize the image fea-
tures into two classes. The segmentation results of multiple
sets of hippocampus can be applied to the segmentation of
complex structures such as the hippocampus. Presently, the
labeling and the region merging algorithms are widely used
for the improvement in the above-mentioned four types of
watershed algorithms. They have achieved good results in
eliminating over-segmentation and handling noise-sensitive
phenomena in image processing and have been applied to
some practical systems.

Finally, an extraction algorithm of color disease spot
image based on Otsu and watershed is proposed to over-
come the problem of excessive segmentation in the tradi-
tional watershed algorithm. The proposed algorithm
converts the color space of the color spot image to calcu-
late the component gradient that is not interfered by the
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reflected light in the new color space. Then, final gradient
image is obtained from the gradient image reconstructed by
open and close operation under different-sized structural
elements. The label from the final gradient image is
extracted by Otsu algorithm, and then, the H-minima
transform is used to modify the labeled image. The mod-
ified gradient image is transformed with a label by the
watershed algorithm. Finally, the extraction of the disease
spot is implemented.

2 Methodology
2.1 Description of algorithmic

Firstly, the improved algorithm performs the conversion of
color space for color spot image and overcomes the prob-
lem of losing part information of the color disease spot
image using the watershed algorithm. Secondly, the mor-
phological reconstruction technology of operation of open
and close is used to reconstruct the image. It reduces and
eliminates the problem of location migration caused by
detail and noise interference. Finally, the Otsu threshold
processing method is used to reduce the watershed over-
segmentation caused by excessive local minimum. Fig-
ure 1 shows the workflow of the proposed algorithm, and
the steps are described in detail as follows:

Step 1 The color disease spot image is converted to a
new color space to eliminate the influence of light
reflection on the image. Then, the color components are
extracted that are unaffected by the reflected light.

Step 2 First, the gradients of the color components that
are not affected by the reflected light are calculated, and
then, the gradient values are processed by sequence from
low to high. In the sorted array, the lower the gradient,
the more the position is ahead.

Step 3 The maximum gradient of the gradient values is
selected as the final gradient to construct a gradient
image.

Step 4 The morphological technique of opening and
closing operations is used to reconstruct the gradient
image. The Otsu threshold processing method is used to
extract the label of the target of interest from the
reconstructed image. Finally, the reconstructed image is
modified by labeling.

Step 5 The watershed algorithm is applied to the gradient
image of labeling to complete the image segmentation
Step 6 The disease spot image is analyzed and the
completed segmented image is divided into target and
background classes. Then, the extraction of disease spot
image is completed.

2.2 The transformation of color space from color
disease spot image

The watershed segmentation algorithm based on color spot
image mostly converts the color spot image into gray
images. The loss of part of the image information is often
caused during the conversion process. The commonly used
color models include RGB model, HSI model, YCbCr
model, and CMYK model (Qiang et al. 2017). The affinity
propagation clustering is adopted to merge the regions
segmented by the watershed transform, using the color
moments computed on each local region to obtain the final
segmentation results. Experiments are conducted on pub-
licly available datasets to demonstrate the adaptability and
robustness of the proposed algorithm compared with the
relative state-of-the-art methods. The proposed method can
solve the over-segmentation problem well and obtain
accurate results. Ding et al. (2017) realized the leaf seg-
mentation of tomato canopy multispectral image based on
the complex background extraction, gradient graph calcu-
lation, wavelet transform, marker selection and watershed
segmentation. The results of the wavelet transform water-
shed segmentation and the mathematical morphology
watershed segmentation were superimposed, and it was
found that the average segmentation error rate of tomato
canopy leaves was 21% for complex background and dif-
ferent light intensities, which provided some technical
support for the analysis of tomato leaf nutrient content
detection. Ma et al. (2017) presented a novel image pro-
cessing method using color space and region growing for
segmenting greenhouse vegetable foliar disease spots
images captured under real field conditions. Such method
can suppress the phenomenon of over-segmentation to a
certain extent.
The specific color space is as follows:

_ PR—0G
01 _7a2+ﬁz (1)
. _ 2
0y = 2R+ pyG — (o* + B*)B 2)
\/(ocz + B2 +92) (02 + %)
0, = oR + G + B 3)

where Oj; is the component affected by the reflected light
and {a, f, y} is the parameter of the light source. Sup-
posing that a known source of light is given, {a, f, 7}
represents the reflection ratio of the color surface, which is
usually set to 1 in the experiment. There are three com-
ponents in the color space: {0, 0,,03}, and their rela-
tionship is as follows:
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Fig. 1 Workflow of the proposed algorithm

R B
0; = R+ BG+B (4)

In Eq. (4), O3, is the spatial differential of the O;
component and O, represents the component affected by
the reflected light. The parameters O; and O, are the
components that are not affected by the reflected light.
When processing a color disease spot image, the first image
is converted from RGB to the new color space to obtain O
and O, components. Then, the gradient of the two com-
ponents is calculated and the maximum value is selected
for the current gradient image.
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2.3 Calculation of gradient

The watershed segmentation algorithm is based on the
mathematical morphology and topographic topology the-
ory. Its objective is to determine the waterline, by finding
the minimum in the image area and then using the
immersion method to find the waterline corresponding to
the minimum. The waterline described here is the basic
outline of the object of interest in the image, that is, the
dividing line of the intensity mutation in the image. The
gradient image can enhance the contrast, highlight the
obvious changes in the light and the shade in the image,
and can better reflect the trend of gray-level change in the
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image. In this paper, the non-flat structural element of the
disk can make the waterline on the gradient image closer to
the target contour in the image than the original watershed
segmentation algorithm. The expansion and the corrosion
can be combined with the image f(x,y) to obtain the
morphological gradient g(x,y) of an image, which is
defined as:

glx,y) = (f@&b) - (feb) (5)

In Eq. (5), b(x,y) represents the non-flat structural ele-
ments and @ and & are the expansion operator of mathe-
matical morphology and the corrosion operator with
mathematical morphology, respectively. The expansion
coarsens the area of an image, while corrosion refines it.
The difference between the expansion and the corrosion
emphasizes the boundary between the regions.

The expansion operation expands the region from the
periphery, and its function is to fill the hole in the non-flat
structural element b contained in the image. When the
image f(x,y) is expanded by the non-flat structural element
b, it is defined as:

& b)x.y) = max {f(x+s. = 1) + b(s.0)} ©

The expansion operation is to expand the area with a
relatively bright background and reduce the dark areas of
the image with respect to the background. The essence of
the corrosion operation is to narrow the area from the
surrounding and remove the redundant parts on the edge.
When the image f{x, y) is corroded by the non-flat struc-
tural element b, it is defined as:

O] (x,y) = min {f(x+ s,y = 1) = bls, 1)} (7)

The corrosion operation is the opposite of the expansion
operation. It extends the dark areas in the image and
reduces the area that is brighter than the background. As
mentioned in Sect. 2.2, this paper calculates the morpho-
logical gradient of O and O, components in the new color
space of the color disease spot image. Since the two
components have nothing to do with the reflection of light,
they can avoid the pseudo-minimum value generated by the
light. The non-flat structural element of the disk is selected
here, not only because it has the characteristic of isotropy,
but it can weaken the dependence of the gradient on the
edge direction. According to the above definition, the
gradient of the two components is calculated, and the fol-
lowing operation is carried out.

Emax = max(golngZ) (8)

where go, and go, represent the morphological gradient of
O; and O, components, respectively. The gradient is cal-
culated by the disk shape of the flattened structural ele-
ment. The reason for selecting smaller radius is to avoid the

deviation of contour location caused by thick edges. gmax
reports the gradient image by comparing the two gradients
and selecting the largest gradient map as the color disease
spot image. The calculation of the gradient of color disease
spot image can strengthen and isolate the noise in the
original image, which provides a good basis for the fol-
lowing noise reduction.

2.4 The extraction of label based
on reconstruction of image of open
and close operations

2.4.1 Reconstruction of morphology

The morphological gradient map of color disease spot
image is obtained according to the above-mentioned con-
tents and then compared with the original image to obtain
the result, which shows that the noise and gray problem
still exists. If a watershed is used directly to divide this
result, it will lead to serious over-segmentation. Therefore,
it is essential to perform the reconstruction operations of
open and close before applying the algorithm of watershed
segmentation. The open and close reconstruction can
reduce and eliminate the noise and the details causing the
excessive local extremum in the detail and suppress the
over-segmentation caused by the excessive local extre-
mum. The significant contour of the object of interest is
restored during the reconfiguration process, and the shape
information of the main target is maintained. The recon-
struction of morphology involves two images and one
structural element: One is a labeled image that contains the
starting point of the transformation and the other is a
template image that terminates the transformation. The
structural elements are used to define the connectivity. The
core of morphological reconstruction is geodesic expansion
and geodesic corrosion. gn.x and / represent the labeled and
the template images, respectively, and usually both are the
same grayscale images of the same size, and then gyax < /.

The geodesic expansion Dgn) of gmax With respect to the
size of [ is defined as:

8&max n=20
feb)nl n=1 (9)

(n)
Dy (gmax) =
D§1)<gmax) [D§n71>(gmax)} n>1

The inflated morphological reconstruction of the tem-
plate image by the labeled image gmax is defined as the
repeated iteration of the geodesic expansion of the gmax

about / until stability is reached: RP(gmax) :D;k)(gmax)
and there is a k that should make

ng) (gmax) = D;k-H) (gmax)~
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The definition of geodesic corrosion El(”)

respect to [ is:

of gmax With

8max n=
(f@b)Ul n=1 (10)

El(n)(gmax) = m (n-1)
E; (gmaX) [El (gmax)} n>1

Similar to geodesic expansion, the gn.x geodesic
expansion of [/ iterates repeatedly until it reaches stability:

that is, R¥ (gmax) = E;k) (gmax), and there is a k that should

make E{ (gma) = B (gmas).

According to the basic principle of geodesic expansion
and geodesic corrosion, the open operation of image
reconstruction first corrodes the input image and uses it as a
labeled image. The reconstruction operation of open of an
image gmax With a size of n is defined as:gnay is first cor-
roded by size n and then reconstructed by expansion of
gmax- The operation can eliminate the texture details and
the bright noise that are less than the structural elements.
The operation of reconstruction of open is:

Oﬁem (8max) = Rgmx [(gmax©nb)] (11)

where (gm.x©nb) represents the nth corrosion of b to gpax-

Similarly, the reconstruction operation of close of an
image gmax With a size of n is defined as:gmax is first
expanded by size n and then reconstructed by corrosion of
gmax- The operation can eliminate the texture details and
the dark noise that are less than the structural elements, and
better restore the edge of the target. The operation of
reconstruction of close is:

CY) (gmax) = RE [(gmax © 1b)] (12)

where (gmax @ nb) represents the nth expansion of b to
gmax- The definition of the reconstruction operation

OCI@ (gmax) of morphological opening and closing is:
0C1(?n> (gmax) = Cl(en) (Ogin) (gmax)> (13)

The operation first uses the open reconstruction for the
gradient image, followed by the close reconstruction. The
combination of opening and closing operations not only
corrects the maximum and the minimum values of the
regions in the gradient graphs and eliminates the influence
of irregular interference, but also accurately locates the
edges. It resolves the over-segmentation problem caused by
the excessive local minimum.

2.4.2 The extraction of mark
The reconstructed gradient image removes most of the

noise. However, some of the minimum points in the image
are still not suppressed because they are not related to the
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target subjects, resulting in numerous meaningless regions
in the segmentation results. In order to solve this problem,
the method of label extraction can be used. In short, it
labels the minimum value of the interested target in the
reconstructed gradient image before segmentation using
the watershed algorithm and shields other redundant min-
imum values. This method can reduce the problem of over-
segmentation to a certain extent. Therefore, this paper uses
an adaptive extended minimum transform (H-minima)
technique based on morphology. The method can be used
to effectively extract the labels combined with prior
knowledge.

The basic principle of H-minima technique in mathe-
matical morphology is to eliminate the local minimum of a
water basin depth lower than the given threshold H.

In this paper, the gradient reconstruction image g (x, )
obtained from Sect. 2.4.1 is transformed by H-minima
technique. The transformation of a two-value labeled
image g,(x,y) can be obtained by setting the closed value
H as follows:

8n = Hmin(gremH) (14)

The selection of parameter H in the traditional H-min-
ima transform contradicts between shielding the noise and
extracting the weak edges. The small H cannot shield the
strong texture noise, while the weak edge extraction effect
is not good when the H is too large. The parameter H in the
traditional H-minima technique is mostly human set. This
makes it very different for the segmentation results of
different images in the same parameter. Therefore, the
threshold is obtained by using the maximum inter class
variance algorithm (Otsu) in this paper.

The Otsu algorithm uses the threshold to divide the gray
histogram into two parts of the target area and the back-
ground region. The threshold value that makes the variance
maximum between the two classes or makes the intraclass
difference minimum is set to be the best threshold. The
algorithm is simple and effective. In most cases, it can
obtain good segmentation results, has wide application
range, and has the advantages of real-time processing.

The set {0,1,2,...L — 1} represents a different grada-
tion of L in a digital image g, (x,y) with a size of n pixels.
The n; represents the number of pixels with a gray level i.

L-1
n:Zni=n0+n]—|—~--—|—nL_1 (15)
i=0

The probability of a pixel point with a gray level of [ is
pi = n;/n. Thus, p; >0, ZiL;Ol pi = 1. When the image is
segmented, the threshold k divides the input images into
two categories, C; and C,. The target class C; and the
background class C, are composed of all pixels within the
range [0, k] and [k 4+ 1, L — 1], respectively.
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The probability of pixel being divided into C; is
Pl(k) = Zf:()pb

Similarly, the probability of pixel being divided into C;
is pa(k) = X1 pi-

The average gray values of the pixels allocated to C,

ko -1 .

and C; are a (k) = -5 351 ipi and ax (k) = 5 5707 ipis
respectively.

The cumulative mean value of gray level k is
a(k) = Z:‘(:o ipi.

The average gray value of the whole image is

-1 .

ac =Yy i o ipi-

The interclass variance is

o = (acpi(k) — a(k))*/pi(k)[1 = p1(K)].

The best threshold is k*, and the maximized variance a,%:
02. =maxg<t<z 1 0;. If the maximum value is not
unique, k* is obtained by using the respective maximum
value k of the corresponding detection.

*

Input the image g,(x,¥), max = { (1) ‘Z’; z ]]:*

In this paper, the closed value k obtained by the Otsu
algorithm is used to extract the effective label for the
gradient reconstruction image g,(x,y). It is mandatory to
calibrate the location of the minimum value, to prevent the
appearance of the meaningless minimum, and to avoid the
unscience of setting the closed value artificially. This not
only improves the robustness, but also obtains the seg-
mentation results that are closer to the target contour.

The maximum radius of the algorithm is 3, and the
morphological opening and closing operations at various
scales are carried out. The union of labeled images
extracted from Sect. 2.4.2 is obtained under various scales
to be used as the final labeled image. The original gradient
image is modified with the labeled image so that the local
polar region only appears in the location of the label.
Finally, the modified gradient image is transformed by the
watershed transform to achieve the final image
segmentation.

2.5 Segmentation of watershed and extraction
of disease spot

The labeled image gmax(x,y) obtained from Sect. 2.4.2 is
considered as the local minima of the gradient image
gn(x,y) of the original color disease spot image. In this way,
the edge information of the image can be preserved to the
maximum, and numerous unrelated local minimum values
can be suppressed. The algorithm uses the watershed seg-
mentation on the modified gradient image gmodge(x,y) to
obtain the ideal experimental result i, (x,y) as:

gmode(xay) :M(gmgmax) (]6)

In Eq. (16), M() represents the calibration operation of
morphological minima.

8ast (X, ¥) = W(gmode) (17)

In Eq. (17), W() represents the transformation of
watershed.

3 Experimental results and analysis
3.1 Experimental results

Figure 2 shows the effects of the extraction algorithm of
color disease spot.

The test image is the corn disease spot image of
200 x 200 pixels, which includes the common leaf blight,
Cochliobolus heterostrophus, and gray speck disease. The
experimental results show that the extraction algorithm
effectively identifies the disease spot location and segments
it. The proposed algorithm is less to determine the dividing
point and retain the original disease images in color, edge,
and texture features.

3.2 Comparison and analysis

Figure 3 shows the comparison of the proposed algorithm
with one-dimensional Otsu threshold segmentation and the
EM clustering segmentation algorithms. The experimental
results show that both the Otsu and the EM algorithms have
misjudged the points when they are segmented, and non-
disease spot position has been mistaken for disease spot for
extraction. At the same time, there are still some good
identified disease spot locations. The proposed algorithm
has effectively determined the disease spot location and has
less error. It is also used to extract the texture edge area,
keeping in good agreement with the lesion of the original
image.

The algorithms of G-MRF (Lai 2010) and TSRG (Li
2010) are disease spot segmentation methods based on corn
disease image. Figure 4 shows the experimental compar-
ison among the proposed, the G-MRF, and the TSRG
algorithms. Figure 5 shows the experimental comparison
among the proposed, the watershed, and the OSTU algo-
rithms. The experimental results show that the G-MRF
algorithm can retain the disease spot appearance and tex-
ture. However, it is easily affected by other scattered
points, resulting in a small number of misjudged points.
Although the TSRG algorithm can avoid the influence of
scattered points of other non-disease spots, the disease spot
area cannot well retain the original appearance of the spot.
The proposed algorithm has outstanding performance in
retaining the characteristics of original disease spot texture
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Fig. 2 Extraction results of
disease spot

(a) Original image (b) Otsu algorithm (¢) EM algorithm (d) Proposed algorithm

(f) Original image (g) Otsu algorithm (h) EM algorithm (i) Proposed algorithm

Fig. 3 Comparison between the proposed the Otsu and the EM algorithms
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(a) Original image

(b) G-MREF algorithm

(e) Original image (f) G-MREF algorithm

Fig. 4 Comparison of proposed algorithm with the G-MRF and the TSRG algorithms

(b) watershed

(a) Original

(¢) TSRG algorithm

(g) TSRG algorithm

(d) Proposed algorithm

(¢) OSTU algorithm

Fig. 5 Comparison of proposed algorithm with watershed and OSTU algorithm

edge and has a high quality of regional extraction. More-
over, it can avoid the influence of scattered points to some
extent. In order to quantitatively evaluate the segmentation
results, the evaluation method of segmentation area num-
ber, the segmentation accuracy F (O’Callaghan 2005), and
the regional consistency U (Yujin 1996) are used.

The rate of detection is P = (Det N Gt)/Det, the rate of
correction is R = (Det U Gt)/Gt, and the precision is
F = PR/(oR + (1 — o)P), where Gt represents the number
of pixels of an artificial segmentation image, Det represents
the number of pixels in the image segmentation, Det N G
represents the number of pixels that are accurately detected
by the algorithm, and o = 0.5. The regional mean of the
image is p; = >, \)er, 1(x,¥)/Ai, where i = lori =2, R;
is the regions of target and background, and A; is the
number of pixels in the region. The variance of the region
is 67 = 2 eyyer I (x,y) — 11;)*, and the consistency of the

region can be expressed as U =1 — (¢} + 03) /c, where

c is the sum of the pixels of the image. Table 1 shows that
the proposed algorithm can describe the segmentation
results with a more reasonable number of regions and has
higher segmentation accuracy than the watershed algorithm
with morphological gradient reconstruction and label
extraction, and the watershed algorithm with improved
gradient and adaptive label extraction. In terms of regional
consistency index, the proposed algorithm results are better
than the other two algorithms, which is basically consistent
with human vision.

In order to prove the reliability of the proposed algo-
rithm, the experiment selected 100 images of color disease
spots in the image library to conduct the simulation test.
The statistical results of 20 images from three evaluation
indexes of region number, regional consistency, and seg-
mentation accuracy are shown in Figs. 6, 7, and 8,
respectively. It can be seen from the figures that the
number of regions obtained by the proposed algorithm is
less, and the region consistency and the segmentation
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Table 1 The number of regions, the segmentation accuracy, and the region consistency

ID Watershed algorithm of morphological gradient
reconstruction and label extraction

Watershed algorithm with improved gradient and
adaptive label extraction

Proposed algorithm

Regions F U Regions F U Regions F U
1 113 0.2545 0.9053 65 0.2661 0.9330 20 0.2795 0.9612
2 6 0.0403 0.9769 5 0.0404 0.9799 3 0.0405 0.9802
3 49 0.2380 0.9590 28 0.2402 0.9615 18 0.2426 0.9732
4 37 0.2545 0.9640 26 0.2548 0.9800 16 0.2552  0.9904
300 1
0.98 = \Watershed algorithm
250 of morphological
gradient
e \Natershed algorithm 0.96 4 reconstruction and
2 200 of morphological label extraction
E gradient i 094 Watershed algorithm
2 150 reconstruction and > with improved
= label extraction 0.92 gradient and adaptive
::D 100 Watershed algorithm 09 label extraction
~ with improved '
gradient and adaptive 088 proposed algorithm
50 label extraction ’
0.86

1 4 7 10 13 16 19

Image number

Fig. 6 Comparison of region number

0.3
0.25 s Natershed algorithm
of morphological
gradient
0.2 reconstruction and
label extraction
w 015 Watershed algorithm
with improved
gradient and adaptive
0.1 label extraction
— D ithm
0.05 proposed algori

1 3 5 7 9 1113151719
Image number

Fig. 7 Comparison of precision of segmentation

accuracy are relatively high than the other two algorithms.
Therefore, the proposed algorithm has better segmentation
results than the watershed algorithm based on morpho-
logical gradient reconstruction and labeling extraction.

@ Springer
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Image number

Fig. 8 Comparison of region consistency
4 Conclusions

In this paper, an extraction approach of color disease spot
image based on Otsu and watershed algorithms is pro-
posed. Firstly, the proposed algorithm converts the RGB
image into new color space, separating the components that
are reflected by the reflected light from the components that
are unaffected, in order to facilitate the subsequent opera-
tion. Secondly, the final gradient image is obtained by
performing reconstruction of opening and closing the gra-
dient image under the different-sized structural elements.
Then, the Otsu algorithm is used to extract the labeled
image from the final gradient image, and the marked image
is modified by H-minima transform.

Finally, the watershed transform is performed on the
modified labeled image, and the disease spot is extracted.
The experimental results show that the proposed algorithm
can effectively suppress the effect of light reflection,
optimize the effect of extraction of disease spot, and keep
the integrity of the disease spot image better than the
classical methods. However, the proposed algorithm still
has limitation in the aspect of extraction of disease spot,
which will be investigated further in the future work.
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