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In recent years, the incidence of diabetes has been increasing year by year. Since most of the fundus lesions are located near blood
vessels, the image information is complex, and the end vessels are difficult to identify. So, a new segmentation method of diabetic
retinal vessel images based on particle swarm optimization and salp swarm algorithm is proposed..is paper uses a Gaussian filter
to enhance the main blood vessels, and a top-bot hat transform is used to strengthen the end vessels. .e preprocessing process is
completed by combining and reconstructing the two images through a normalization operation. .e improved particle swarm
optimization and salp swarm algorithms perform multi-threshold segmentation on the preprocessed vessel images. .e best fit
value, Structural Similarity Index Measure, Peak Signal to Noise Rati, feature similarity index measure, sensitivity, accuracy,
regional consistency, Dice coefficient, Jaccard similarity, and Shannon entropy are selected for comprehensive evaluation and
analysis..e results showed that this paper’s improved particle swarm-salp swarm algorithm for segmenting diabetic retinal blood
vessel images is more efficient, and the threshold is better. .e vascular segmentation method in this paper is applied in medical
image processing, which improves the accuracy of medical image processing and reduces the computational effort.

1. Introduction

Diabetic retina (DR) is one of the four significant major
cures for blindness worldwide. Studies have shown that the
rate of advanced retinopathy blindness in China and India
has been as high as 37.4% [1]..e blood vessels inside the eye
are densely distributed. .erefore, eye lesions in most di-
abetic patients are associated with blood vessels.

.e segmentation of DR vascular images is relevant to
the doctors’ diagnosis of the grade of retinopathy in diabetic
patients and the subsequent treatment. Current fundus
vascular segmentation methods can be divided into two
main categories: supervised learning and unsupervised
learning. Supervised learning often requires an extensive
training set, where a training model is learned several times
based on known images of the vascular pixel class, and the
resulting model is then used to split DR vascular images of

unknown vascular pixel classes. To make the segmentation
of fundus vessels more transparent, many scholars have
proposed many neural network-based vessel segmentation
methods. Xie proposed a method for segmenting fundus
vessels using deep learning to achieve automatic extraction
of vessel features and improve the accuracy of the algorithm
[2]. Xue et al. proposed an improved U pattern network
segmentation method for DR images, which improved the
unclear situation of low-contrast vascular images [3]. .e
above cases are all supervised learning ways and have high
data requirements, while unsupervised learning split ways
have lower data requirements. Unsupervised learning does
not require an extensive training set, making it easier to
achieve with lower hardware requirements for the operating
platform. Unsupervised learning focuses on segmenting
images according to the distribution pattern of vascular
image pixels. Li et al. proposed method is matching filtering
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of fundus vessels using line operators to make the vessel
pixels more prominent and Fan Linlin’s segmentation
method is based on matching filtering to preprocess fundus
vessel images and then doing erosion and expansion on the
resulting images, which improves the accuracy of the al-
gorithms segmentation to a certain extent [4, 5]. Fan pro-
posed method of improving the accuracy of fundus vascular
image segmentation using a combination of minimum wave
transform and Gaussian filtering [6]. Along with the de-
velopment of artificial intelligence, image processing tech-
nology has become a popular research direction. Rajinikanth
et al.proposed the FCI evaluation procedure using the Spider
Monkey Optimization Algorithm (SMOA) [7].

Traditional threshold segmentation methods are unsu-
pervised learning and are mainly based on the OTSU al-
gorithm, the maximum variance between classes criterion
for splitting images. .e single-threshold OTSU segmen-
tation method is easy to implement when dealing with
images with simple information. However, due to the dense
distribution of blood vessels in the fundus and the redundant
data, the single-threshold segmentation method does not
meet the project needs, so the single-threshold OTSU seg-
mentation method needs to be extended to a multi-threshold
field. When segmenting DR vascular images based on multi-
threshold, OTSU is computationally complex and not easy to
implement clinically. To address this problem, many scholars
have proposed using population optimization algorithms to
solve multi-threshold problems. Nasiri proposed a method
for multi-threshold segmentation of fundus vascular images
using the Whale Optimization Algorithm (WOA), making
multi-threshold segmentation of fundus vascular images
easier to implement in clinical practice [8]. Arnay uses Ant
Colony Optimization (ACO) to segment fundus images with
multi-threshold, and ACO’s unique pheromone update
method improves the segmentation accuracy of fundus
vascular images [9]. Alrawi and Karajeh use Genetic Al-
gorithm (GA) in the evolutionary algorithm to segment the
matched filtered fundus image of DR after preserving more
details of blood vessels [10]. Rajinikanth et al. proposed a
machine-learning system (MLS) to detect the AMDusing the
fundus-retinal-images [11]. .e unique optimization ap-
proach of the population optimization algorithm makes it
more suitable for solving complex problems such as multi-
threshold segmentation of DR fundus vascular images.

.e main focus of this paper is to preprocess DR fundus
vascular images using Gaussian matched filtering (GMF)
and top-bot hat transforms, respectively, and then combine
the two resulting images. Particle swarm optimization (PSO)
is used to generate the parameters c2 of the multi-salp swarm
algorithm (MSSA) based on the discrete criterion to obtain
the improved particle-swarm-multi-salp swarm algorithm
(PMSSA). Finally, the multi-threshold segmentation of the
pretreated DR fundus vascular image after the improved
PMSSA is used. .e improved PMSSA segmentation of DR
fundus vascular images has higher accuracy, sensitivity, and
specificity. .e algorithm has better convergence perfor-
mance and is less likely to fall into a local optimum. To
evaluate the performance of the improved PMSSA multi-
threshold segmentation of DR fundus vascular images more

comprehensively, a comprehensive analysis of PMSSA and
same category population optimization algorithms, WOA,
Social Spider Optimization (SSO), PSO, and MSSA in terms
of appropriate optimal stress values Structural Similarity
Index Measure (SSIM), Feature Similarity Index Measure
(FSIM), Peak Signal to Noise Ratio (PSNR), Dice coef-
ficient(Dice), Jaccard similarity coefficient (Jaccard), sensi-
tivity, accuracy, Shannon entropy, and regional consistency
was done. .e results show that the DR fundus vascular
image segmentation method in this paper is more accurate
and retains more vascular details. .e PMSSA has better
iterative performance and higher stability.

.e contributions of the present work are summarized as
follows:

(1) In this paper, we propose a segmentation method of
diabetic retinal vessel images based on particle
swarm optimization and salp swarm algorithm.

(2) Enhanced end-vessel based onmatched filtering with
top-bot hat transform.

(3) Multi-threshold segmentation of preprocessed DR
fundus vascular images using the improved PMSSA,
comprehensive analysis of the performance of the
algorithm.

.e main purpose of this paper is to segment the DR
fundus vascular images more efficiently and accurately,
retain more vascular details, and facilitate physicians’ doc-
tors to diagnose the level and diagnosis of retinopathy in
diabetic patients.

2. Related Work

.e fundus is rich in vascular tissue, and most DR fundus
lesions occur near the vascular tissue, so the extraction of
retinal vessels is very important in the process of DR fundus
diagnosis. Recent work on retinal vascular extraction is
mostly based on color fundus imaging, and RGB color
fundus imaging is the only noninvasive, direct, and non-
destructive way to visualize vascular tissue. Due to individual
differences and different imaging environments, the dif-
ferences in brightness and color of RGB images make it
difficult to segment the end blood vessels in RGB images,
and a variety of blood vessel segmentation methods have
been developed to solve this difficulty.

In the Retinopathy Online Challenge database, Hatanaka
et al. proposed a method with high generalization capability
based on three microaneurysm detectors for automated
microaneurysm detection [12]. Wen et al. proposed the use of
principal component analysis andmachine learningmethods to
detect microaneurysms and improve the performance of de-
tection [13]. Dai et al. proposed an automatic detection method
for MAs in color fundus images based on gradient vector
analysis and class imbalance classification, which improved the
sensitivity of detection [14]. Kadry et al. proposed a Computer-
Aided-Procedure (CAP) to extract the blood vessel [15].

In summary, the segmentation of retinal vessel images
has achieved certain results, but there is still room to im-
prove the segmentation accuracy of retinal vessel images.
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.erefore, a vessel extraction method based on the improved
particle swarm optimization and salp swarm algorithm is
proposed in this paper to improve the accuracy of DR vessel
segmentation.

3. Materials and Methods

3.1. Image Preprocessing. .e RGB channel extraction op-
eration was done on the retinal images in the given DRIVE
dataset to obtain the red channel, green channel, and blue
channel, respectively, and the results are shown in Figure 1.
For the color original image (a), the R, G, and B channel
histogram values are shown in Figure 2. Studies have shown
that the vascular information is most apparent in the green
channel of DR fundus vascular images, so all studies in this
paper were carried out on green channel images.

3.1.1. Gaussian Match Filter. .e experiments in this paper
are based on GMF enhancement of the vascular portion of
the green channel images [16]:

Kθ(x, y) � − exp
− x

2

2σ2
􏼠 􏼡y≤

Length
2

0≤ θ≤ π, (1)

where σ is the retinal vessel scale, Length is the vessel
segment length, and θ is the direction of filter growth in the
vessel. .e matched filtering results are shown in Figure 3.

3.1.2. Top-Bot Hat Transformation. Top-bot hat operations
do open and close operations on DR images, respectively..e
top-hat process amplifies and preserves the high-frequency
part of the image, while the bot-hat process preserves the low-
frequency portion of the image. .e closed process involves
expansion followed by erosion and the open process involves
erosion followed by expansion, neither of which changes the
image size [17]. .e specific definitions are as follows:

Imgtop � Img − (Img o b),

Imgbot � Img − (Img•b).
(2)

.edifference operations between the top-bot hat of theDR
image make the pixels belonging to the ends of the tiny vessels
in the DR vessel image more prominent, defined as follows:

Img � Imgtop − Imgbot, (3)

where Img ∘ b is the open process on the image, Img•b is the
closed process on the image, and b is the structural element of
the open and closed processes. Figure 4 shows the results of a
top-bot hat transformation performed on theDR vessel images.

4. Segmentation of Retinal Vessels Based on
PMSSA Multi-Threshold Algorithm

Salp is an almost transparent marine invertebrate. In 2017,
Mirjalili proposed a population optimization algorithm,
MSSA, based on the foraging behavior of salp, which has

features such as fast convergence and adjustable exploration
and exploitation ratios [18].

In the mathematical model of the algorithm, the chain
of salps is mainly divided into leaders and followers.
Leaders update their position in a certain number of steps
based on the current position of the food, and followers’
positions are updated only about their predecessor’s salp.
In practice, the salp algorithm is used to explore n-di-
mensional space (n is the number of solutions) to store the
positions of the salp group in a two-dimensional matrix X,
the salp with the best fitness function is selected as food.
.e formula for updating the position of the salp is as
follows.

x
i
n � F

i
n + c1 × ubn − lbn( 􏼁 × c2 + lbn( 􏼁, c3 ≥ 0,

x
i
n � F

i
n − c1 × ubn − lbn( 􏼁 × c2 + lbn( 􏼁, c3 ≤ 0,

⎧⎪⎨

⎪⎩
(4)

x
i
n �

1
2
x

i
n − x

i− 1
n . (5)

Leaders update their positions according to formula (4)
and followers update their positions according to formula
(5). [ubn, lbn] is the bandwidth of the salp exploration
space. c1， c2， and c3 are random numbers uniformly
distributed between [0, 1]. In practice, c3 determines the
direction of advancement of the salp; c2 determines the
length of the advance of the salp; and c1 determines the
weight of the salp influenced by food F. .is means that the
exploration and development ratio of the salp algorithm is
adjustable, and to a certain extent it can avoid falling into a
local optimum solution:

c1 � 2e
− (4L/l)2

, (6)

where l is the number of current iterations and L is the
number of total iterations.

4.1. OTSU Algorithm. .e OTSU algorithm finds the opti-
mal threshold in an image based on the maximum interclass
variance. .e image is partitioned into different pixel classes
according to a particular rule, where the variance between
individual pixel classes is the greatest [19]. .e formula is as
follows:

ϖ0 � 􏽘
t

m�0
g(m),

ϖ1 � 􏽘

t

m�t+1
m × g(m),

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

μ0 �
􏽐

t
m�0 g(m)

ϖ0
,

μ1 �
􏽐

t
m�t+1 m × g(m)

ϖ1
.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(7)

.e maximum variance between classes is as follows:
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δ2B(t) � ϖ0 μ0 − μ1( 􏼁
2

+ ϖ1 μ1 − μ1( 􏼁
2
, (8)

where g(m) is the percentage of greyscale value m; ϖ0
represents the foreground of the image; ϖ1 represents the
background of the image.

.e maximum variance between classes for multiple
thresholds (K categories) is as follows:

σ2B � 􏽘
K− 1

j�0
ϖj × μj − μT􏼐 􏼑

2
, (9)

where μT is the average grey level of the image.

4.2. Particle Swarm Algorithm. .e PSO algorithm is a
classical population optimization algorithm proposed in
1995, which is fast in iterations and has better global than
local optimization seeking ability [20]. .e particle swarm
position update equation is as follows:

V
k+1
i d � w × V

k
i d + c1p × Pp − Z

k
i d􏼐 􏼑 + c2p Pg − Z

k
i d􏼐 􏼑,

Z
k+1
i d � Z

k
i d + V

k+1
i d ,

⎧⎪⎨

⎪⎩

(10)

where w is the weight of Vk
id, and Pp and Pg are the indi-

vidual optimum and group optimum, respectively.
Since c2 in the salp algorithm is a set of random numbers

located between [0, 1], which makes the algorithm less ef-
ficient, while the PSO algorithm has a fast iteration rate and
the exploration ability is superior to local development
ability, which means it can get the optimal solution at the
early stage of solving simple problems, so the PSO algorithm
is used to generate c2 of the Bottlenose Sea Sheath algorithm,
thus bringing the improved PMSSA, which enhances the
stability of the algorithm so that it has a higher probability of
jumping out of the local optimum in the iterative process.

4.3. Improved PSO-Based Salp Multi-:reshold Algorithm for
Segmenting Retinal Vessels. .e single-salp algorithm (SSA)
has fast convergence and adjustable exploration and ex-
ploitation ratios, and it is suitable for dealing with low-di-
mensional problems. c2 is the crucial parameter that
determines the distance of the salp from the food location F.
Traditional MSSA when dealing with multidimensional is-
sues, where c2 is a set of random numbers in [0, 1], which
makes the algorithm’s performance in dealing with high

Original image Original image Original image Original image Original image Original image

Red channel Red channel Red channel Red channel Red channel Red channel

Green channel Green channel Green channel Green channel Green channel Green channel

Blue channel Blue channel Blue channel Blue channel Blue channel Blue channel
(a) (b) (c) (d) (e) (f)

Figure 1: Extraction of RGB channels from color fundus image.
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Figure 2: Histogram values of the RGB channels in the color original image (a).
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Figure 3: Matches the filtered green channel of DR image.
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dimensional issues and segmenting DR vessel images, MSSA
is not superior, low exploration efficiency, and there is a
possibility that the exploration of some salp individual is
unnecessary. In contrast, the PSO algorithm has the char-
acteristics of fast iteration and global search is superior to
local search, so in this paper, PSO is used to generate a set of
random arrays Pc2 fixed at the current number of iterations l

and Pc2 is distributed between [0,1] according to the discrete
criterion. .is allows PMSSA to explore all directions
uniformly around the current food Fi

n during multi-
threshold segmentation of DR fundus vascular images,
making it less likely to fall into local optima where the PSO
algorithm generates Pc2 with the following fitness function:

fpso �
􏽐

Nkaader
i�1 Pc

i
2 − Pc2

Nleader
, (11)

where Nleader is the number of leaders in the PMSSA al-
gorithm. .e location update formula for the improved
PMSSA algorithm is as follows:

x
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i
n + c1 × ubn − lbn( 􏼁 × Pc

i
2 + lbn􏼐 􏼑, c3 ≥ 0,
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2 + lbn􏼐 􏼑, c3 ≤ 0,

⎧⎪⎪⎨

⎪⎪⎩

x
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n �

1
2
x

i
n − x

i− 1
n .

(12)

.e flow chart of the algorithm is shown in Figure 5. In
this paper, the DR vessel images are processed using GMF and
top-bot hat transform, respectively, and then combining the

two. .e results of the preprocessed DR vessel images using
PMSSA multi-threshold segmentation are shown in Figure 6.

5. Results and Discussion

It was observed that the 5-dimensional segmentation yielded
the most abundant blood vessels. To scientifically investigate
the performance of the improved PMSSA multi-threshold
segmentation of DR vascular images, several classical
population optimization algorithms: MSSA,WOA proposed
in the literature [21], social spider optimization (SSO)
proposed in the literature [22], PSO, multi-threshold seg-
mentation of DR images in the DRIVE dataset, are selected
for cross-sectional comparison experiments with the algo-
rithms in this paper. .e final segmentation result is shown
in Figure 7.

5.1. Evaluation Indicators. In this paper, we evaluate the
quality of DR vessel fundus images after algorithm seg-
mentation based on image quality evaluation indicators:
PSRN, SSIM, FSIM, Dice, and Jaccard [23–26]. .e accuracy
of segmentation was evaluated based on sensitivity, speci-
ficity, and accuracy [27, 28]. .e bias of the algorithm
segmentation was assessed based on Shannon entropy and
regional consistency [29, 30].

5.1.1. PSNR. PSNR is the input-to--to-output signal-to-
noise ratio and is mainly used to evaluate the loss rate of an
image at the signal level. When segmenting an image, a

Imgtop 

Imgbot Imgbot Imgbot Imgbot Imgbot Imgbot

Imgtop Imgtop Imgtop Imgtop Imgtop

Img
(a) (b) (c) (d) (e) (f)

Img Img Img Img Img

Figure 4: Top-bot hat transformation of the DR image.
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Figure 5: Flow chart.
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portion of the target information is eliminated while non-
target pixels are removed. .us the evaluation indicator
PSNR is introduced to evaluate the degree of distortion in
the signal of the resulting image after segmentation by the
algorithm in this paper, as follows:

PSNR(M, N) � 10log10
MAX

2
I

MSE(M, N)
􏼠 􏼡,

MSE(M, N) �
1

HW
􏽘

H

i�1
􏽘

W

j�1
Mij − Nij􏼐 􏼑

2
,

(13)

where M and Nare the images before and after the seg-
mentation process, respectively. .e PSNR only evaluates
the distortion rate of the image input and output, but not
the structural change of the segmented image. To remedy
this deficiency, the parameter SSIM is introduced in this
paper.

5.1.2. SSIM. SSIM is a metric that evaluates the variation of
an image in terms of structure. In the field of unsupervised
threshold segmentation, SSIM is a vital evaluation indicator
that evaluates the deviation of an image in terms of
brightness, structure, and contrast in terms of structure,
which is specifically defined as follows:

l(m, n) �
2μmμn + b1

μ2m + μ2n + b1
,

c(m, n) �
2δmδn + b2

δ2m + δ2n + b2
,

s(m, n) �
δmn + b3

δmδn + b3
,

(14)

where
b1 � (K1S)2b2 � (K2S)2b3 � b2/2K1 � 0.01K2 � 0.03μm, μn

and δm are defined as follows:

Matching 2 dim

Matching 3 dim

Matching 4 dim

Matching 5 dim
(a) (b) (c) (d) (e) (f)

Matching 5 dim Matching 5 dim Matching 5 dim Matching 5 dim Matching 5 dim

Matching 4 dim Matching 4 dim Matching 4 dim Matching 4 dim Matching 4 dim

Matching 3 dim Matching 3 dim Matching 3 dim Matching 3 dim Matching 3 dim

Matching 2 dim Matching 2 dim Matching 2 dim Matching 2 dim Matching 2 dim

Figure 6: Multidimensional threshold segmentation of fundus vascular images by PMSSA algorithm.
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μm �
1

H × W
􏽘

H

i�1
􏽘

W

j�1
M(i, j),

δm �
1

H × W − 1
􏽘

H

i�1
􏽘

W

j�1
M(i, j) − μm( 􏼁

2
,

δmn �
1

H × W − 1
􏽘

H

i�1
􏽘

W

j�1
M(i, j) − μm( 􏼁 N(i, j) − μn( 􏼁( 􏼁.

(15)

.e formula for SSIM is as follows:

SSIM(M, N) � 1(M, N) c(M, N) s(M, N). (16)

Analysis of the data in Tables 1 and 2shows that the im-
proved PMSSA is less likely to fall into a local optimum solution.
.is advantage becomes more apparent as the dimensions in-
crease. When dealing with images with complex information,
the PMSSA algorithm has more obvious advantages.

5.1.3. FSIM. SSIM is an essential parameter for evaluating
the deviation of the segmented image from the structure,
as image processing is targeted, pixels in different regions
should have different weights assigned to them. .erefore,
some scholars have proposed a structural evaluation
criterion FSIM that assigns different weights to different
regional pixels [25], which is specifically defined as
follows:

Matching 2 dim

Matching 3 dim

Matching 4 dim

Matching 5 dim Matching 5 dim Matching 5 dim Matching 5 dim Matching 5 dim Matching 5 dim

Matching 4 dim Matching 4 dim Matching 4 dim Matching 4 dim Matching 4 dim

Matching 3 dim Matching 3 dim Matching 3 dim Matching 3 dim Matching 3 dim

Matching 2 dim Matching 2 dim Matching 2 dim Matching 2 dim Matching 2 dim

Manual segmentation
(a) (b) (c) (d) (e) (f)

Manual segmentation Manual segmentation Manual segmentation Manual segmentation Manual segmentation

Figure 7: Final segmentation result.
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Table 1: .e fitness value of each algorithm (unit 103).

Img Dim MSSA WOA SSO PSO PMSSA

(a)

2 − 2.480670 − 2.481083 − 2.479847 − 2.481224 − 2.481225
3 − 2.614356 − 2.614323 − 2.613576 − 2.614539 − 2.614543
4 − 2.674589 − 2.674806 − 2.671684 − 2.675460 − 2.674912
5 − 2.702767 − 2.700294 − 2.698560 − 2.704303 − 2.704516

(b)

2 − 2.394638 − 2.394810 − 2.394678 − 2.381127 − 2.394814
3 − 2.533017 − 2.533559 − 2.531972 − 2.472683 − 2.533594
4 − 2.597702 − 2.597365 − 2.590287 − 2.595738 − 2.597493
5 − 2.630164 − 2.628601 − 2.629274 − 2.620240 − 2.630615

(c)

2 − 3.160819 − 3.160358 − 3.160341 − 3.160789 − 3.160820
3 − 3.312218 − 3.311947 − 3.309278 − 3.311382 − 3.312160
4 − 3.379922 − 3.378839 − 3.374332 − 3.367413 − 3.380899
5 − 3.410546 − 3.433086 − 3.426351 − 3.397287 − 3.413843

(d)

2 − 1.577878 − 1.577909 − 1.578086 − 1.578077 − 1.578086
3 − 1.682871 − 1.683968 − 1.679325 − 1.644257 − 1.682938
4 − 1.732653 − 1.733027 − 1.732000 − 1.715620 − 1.733570
5 − 1.761228 − 1.761072 − 1.753048 − 1.757668 − 1.761228

(e)

2 − 1.920536 − 1.920536 − 1.920346 − 1.920500 − 1.920536
3 − 2.035300 − 2.035591 − 2.034528 − 2.034887 − 2.035713
4 − 2.088062 − 2.091452 − 2.090908 − 2.091239 − 2.093922
5 − 2.119593 − 2.120538 − 2.121357 − 2.104835 − 2.124674

(f)

2 − 2.378915 − 2.378915 − 2.377762 − 2.378978 − 2.378978
3 − 2.518641 − 2.516851 − 2.517037 − 2.518437 − 2.519070
4 − 2.581736 − 2.581382 − 2.581403 − 2.568103 − 2.581736
5 − 2.615915 − 2.615805 − 2.609539 − 2.615896 − 2.616446

Table 2: Optimal segmentation thresholds of each algorithm.

Img Dim MSSA WOA SSO PSO PMSSA

(a)

2 [52, 158] [56, 164] [57.162] [555, 164] [55, 164]
3 [27, 81, 178] [27, 86, 186] [26.182.81] [28, 86, 186] [28, 85, 186]
4 [21, 60, 125, 199] [21, 58, 117, 204] [22, 55, 123, 195] [23, 125, 63, 204] [23, 61, 125, 207]
5 [20, 49, 93, 158, 242] [12, 34, 75, 134, 223] [21, 55, 85, 125, 203] [164, 20, 93, 47, 238] [20, 53, 106, 172, 223,]

(b)

2 [48, 151] [49, 153] [51, 152] [61, 177] [49, 151,]
3 [29, 87, 186] [30, 89, 183] [30, 84, 184] [212, 39, 144] [28, 37, 183]
4 [20, 54, 118, 199] [24, 58, 112, 199] [29, 66, 131, 217] [106, 199, 51, 21] [22, 62, 129, 212]
5 [19, 46, 87, 113, 119,] [18, 48, 104, 163, 224] [22, 49, 86, 139, 217] [45, 146, 245, 19, 93] [20, 5199, 115, 228]

(c)

2 [55, 163] [56, 160] [55, 167] [55, 162] [55, 163]
3 [30, 89, 187] [31, 89, 187] [31, 98, 196 [28, 185, 84] [29, 87, 185]
4 [22, 62, 127, 197] [24, 72, 125, 205] [27, 57, 120, 202] [22, 189, 73, 117] [23, 63, 130, 200]
5 [17, 38, 71, 124, 200] [1, 1, 1, 55, 163] [1, 1, 29, 102, 219] [75, 20, 245, 39, 158] [21, 54, 104, 160, 502]

(d)

2 [53, 155] [51, 152] [53,152] [52, 152] [53, 152]
3 [24, 73, 126] [25, 78, 171] [23,85,783] [124, 226, 40] [24, 74, 162]
4 [21, 60, 126, 201] [19, 55, 103, 183] [23,59,114,195] [140, 69, 25, 244] [20, 57, 119, 202]
5 [17, 39, 74, 126, 202] [18, 43, 86, 141, 210] [20,42,96,147,235] [159, 20, 231, 48, 100] [17, 39, 74, 126, 202]

(e)

2 [46, 139] [46, 139] [45, 137] [143, 47] [46, 139]
3 [26, 76, 170] [26.79, 167] [29, 81, 171] [178, 29, 88] [26, 78, 166]
4 [22, 62, 136, 225] [20, 60, 123, 191] [19, 55, 121, 199] [202, 22, 50, 116] [21, 55, 111, 189]
5 [16, 36, 65, 119, 189] [15, 45, 97, 171, 224] [20, 55, 93, 148, 218] [27, 136, 77, 178, 240] [21, 54, 113, 178, 225]

(f )

2 [51, 155] [51, 155] [53, 151] [52, 155] [52, 155]
3 [26, 77, 171] [30, 78, 171] [28, 90, 183] [29, 85, 179] [27.82.175]
4 [22, 60, 123, 209] [23, 63, 130, 209] [25, 66, 128, 209] [231, 124, 23, 69] [22, 60, 123, 209]
5 [17, 39, 77, 132, 211] [18, 51, 93, 146, 211] [23, 59, 94, 142, 222] [141, 83, 19, 211, 39] [19, 46, 87, 147, 227]
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FSIM �
􏽐X∈ΩSo(X) · PCp(X)

􏽐X∈ΩPCp(X)
, (17)

of which,

SPC(X) �
2PC1(X) · PC2(X) + T1

PC
2
1(X) · PC

2
2(X) + T1

,

SG(X)
2G1(X) · G2(X) + T2

G
2
1(X) + G

2
2(X) + T2

.

(18)

5.1.4. Dice and Jaccard. To evaluate the segmented image
and ground truth in detail, this paper introduces the Jaccard
index and Dice similarity.

Dice coefficient is also known as the Sorensen-Dice
coefficient. Named after .orvald Sorensen and Lee Ray-
mond Dice, it is an ensemble similarity measure function
that is usually used to calculate the similarity of two samples.
Dice coefficient is pixel level, the real target (ground truth)
appears in a certain area A, the target area of our model
prediction result is B, then the Dice coefficient equation is as
follows:

s �
2|A∩B|

A + B
. (19)

Jaccard similarity coefficient (Jaccard) is used to com-
pare similarities and differences between finite sample sets.
Jaccard similarity coefficient is defined as the ratio of the size
of the intersection of C and D to the size of the union of C
and D, the definitions are as follows:

J(C, D) �
|C∩D|

|C∪D|
�

|C∩D|

|C| +|D| − |C∩D|
. (20)

Analyzing the data in Tables 3–7, it was found that the
images segmented in 3 dimensions by the improved PMSSA
algorithm were optimal in terms of evaluation indicators
SSIM, FSIM, and PSNR. And the images segmented in 4
dimensions by the PMSSA algorithm were optimal in terms
of evaluation indicators Jaccard and Dice. .ere is over-
segmentation in both 4 and 5 dimensions, which may be
because the segmented image has a larger vessel width than
the expert segmentation. .e vascular width of the image is
larger than the expert segmentation. To verify the idea, this
chapter introduces sensitivity (Se ), specificity (Sp), and
accuracy (Acc) as one the evaluation indicators (see Table 8).

5.1.5. Sensitivity, Specificity, and Accuracy. To evaluate the
accuracy of pixel categorization in segmented images, this
paper introduces evaluation indicators: sensitivity (Se),
specificity (Sp), and accuracy (Acc).

Sensitivity Se, specificity Sp, and accuracyAcc are defined
as follows:

Se �
Tp

Tp + FN􏼐 􏼑
,

Sp �
TN

TN + Fp􏼐 􏼑
,

Acc �
Tp + TN􏼐 􏼑

Tp + TN + Fp + FN􏼐 􏼑
,

(21)

where Tp, TN, Fp, and FN represent the true example, the
true counter-example in the predetermined vasculature, and
the false positive, false counter-examples in the pre-
determined background, respectively.

Table 4: SSIM of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.5694 0.5756 0.5758 0.5691 0.5694
3 0.6983 0.6994 0.6562 0.6851 0.7046
4 0.7073 0.6953 0.7107 0.5946 0.7049
5 0.5392 0.5469 0.5781 0.5802 0.6963

Table 3: PSNR of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 11.970 11.972 11.970 11.882 12.060
3 13.531 13.530 12.691 13.263 13.536
4 12.889 12.903 12.915 10.630 13.242
5 9.213 9.024 10.013 10.087 13.096

Table 5: FSIM of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.6636 0.6707 0.6705 0.6616 0.6641
3 0.7597 0.7585 0.7187 0.7476 0.7613
4 0.7440 0.7433 0.7421 0.6265 0.7502
5 0.5491 0.5612 0.6181 0.5933 0.7404

Table 6: Dice of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.4004 0.4037 0.4098 0.4002 0.4004
3 0.6062 0.6071 0.5758 0.5859 0.5997
4 0.6177 0.6089 0.6202 0.5372 0.6183
5 0.4149 0.4193 0.4375 0.4389 0.5973

Table 7: Jaccard of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.2503 0.2529 0.2577 0.2502 0.2503
3 0.4349 0.4359 0.4043 0.4143 0.4283
4 0.4469 0.4377 0.4495 0.3672 0.4475
5 0.2618 0.2653 0.2800 0.2811 0.4258
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Combining Tables 9–11 reveals that: compared to the
other population optimization algorithms (mentioned
above), the sensitivity, accuracy, and specificity of the im-
proved PMSSA algorithm are improved, and the specificity
and accuracy are significantly better..e PMMSA algorithm
still has an inverse trend in 5-dimensional segmentation, but
the PMSSA algorithm has the most minor inverse trend,
PMSSA is more stable, and the DR vessel images’ quality is
better. .e algorithm avoids the local solutions from getting
by the other population algorithms, and the algorithm’s
efficiency is relatively good.

5.1.6. Shannon Entropy. Shannon’s entropy is used to
evaluate the richness of the information contained in the
segmented image, so the higher the entropy value, the richer
the information contained in the image, which is specifically
defined as follows:

H � − 􏽘 Pi · log2 Pi( 􏼁. (22)

5.1.7. Regional Consistency. Multi-threshold segmentation
of fundus vascular images is fundamentally based on par-
ticular rules for clustering pixels in fundus vascular images,
which means that there is a certain similarity within the
segmented classes and a certain difference among the classes.
To evaluate the algorithm of this paper more comprehen-
sively, this paper introduces regional consistency to evaluate
the performance of PMSSAmulti-threshold segmentation of
fundus vascular images, which is specifically defined as
follows:

UR � 1 −
1
|I|

􏽘

N

k�1

􏽐s∈Rk
gray(s) − 1/ Rk

􏼌􏼌􏼌􏼌
􏼌􏼌􏼌􏼌􏽐t∈Rk

gray(t)􏼐 􏼑
2

maxs∈Rk
(gray(s)) − mins∈Rk

(gray(s))􏼐 􏼑
2.

(23)

Analysis of the data in Tables 12 and 13 revealed that the
Shannon entropy value and regional consistency value of the
PMSSA algorithm for multi-threshold segmentation of
fundus vascular images soar in superiority with increasing
dimensions. .e higher the dimension, the more pixels are
judged to be blood vessels in the DR image after segmen-
tation. Tables 12 and 13 show that each algorithm has the
highest Shannon entropy value in 4 and 5 dimensions.
.erefore, the inverse growth of each algorithm in 4–5
dimensions can be judged as an over-segmentation phe-
nomenon. In summary, the 3-dimensional segmentation is
the closest to the expert manual segmentation. .e indi-
cators of the final result are shown in Table 14.

Combining the above evaluation indicators, it can be
found that the specificity and accuracy of this paper for
extracting diabetic RGB vascular images are particularly
outstanding, which can reach 98.58% and 95.53%, respec-
tively. After GMF and top-bot hat transformation, the
improved PMSSA has higher segmentation accuracy in
multi-threshold fundus vascular images. .e algorithm has
better stability in dimensions 2–5 with a more excellent and
uniform probability of jumping out of the local optimal
solution interval obtained by other algorithms. It also can be
seen that the overall performance of DR vessel images
segmented by PMSSA is the best, and the advantage becomes
more evident as the dimension increases. .us, PMSSA is
more advantageous in processing images with complex
vascular distributions like the images (e) and (f) in Figure 1.

5.2. Experimental Discussion. DR lesions are one of the
common complications in diabetic patients in the late stage.
In the early stage of DR lesions, timely diagnosis and

Table 8: Results of vascular segmentation.

Category Correct division Wrong
division

Predictive category Vascular TP TN

Background FN FP

Table 9: Sensitivity value of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.6636 0.6707 0.6705 0.6616 0.6641
3 0.7597 0.7585 0.7187 0.7476 0.7613
4 0.7440 0.7433 0.7421 0.6265 0.7502
5 0.5491 0.5612 0.6181 0.5933 0.7404

Table 10: Specific value of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.9347 0.9358 0.9344 0.9346 0.9361
3 0.9638 0.9632 0.9614 0.9634 0.9701
4 0.9746 0.9700 0.9762 0.9683 0.9819
5 0.9835 0.9832 0.9715 0.9827 0.9858

Table 11: Accuracy value of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.9358 0.9369 0.9367 0.9358 0.9359
3 0.9553 0.9552 0.9365 0.9520 0.9553
4 0.9483 0.9485 0.9488 0.8854 0.9524
5 0.8301 0.8091 0.8500 0.8686 0.9476

Table 12: Shannon Entropy of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.1864 0.1926 0.1849 0.1850 0.1945
3 0.3604 0.3559 0.3446 0.3621 0.4447
4 0.4547 0.4245 0.5191 0.4092 0.6161
5 0.5495 0.6475 0.5777 0.6274 0.6449

Table 13: Uniformity of intra region (UR) of each algorithm.

Dim MSSA WOA SSO PSO PMSSA
2 0.802977 0.802974 0.802973 0.802974 0.802979
3 0.802948 0.802949 0.802946 0.802947 0.802952
4 0.802943 0.802945 0.802944 0.802942 0.802945
5 0.802940 0.802940 0.802940 0.802939 0.802944
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treatment can effectively stop the deterioration of the dis-
ease. Fundus lesions are mostly found near blood vessels,
with complex image information and difficult end-vessel
identification. To address the problem of incomplete end
vessel segmentation in diabetic RGB vascular image seg-
mentation, we propose a PMSSA algorithm with signifi-
cantly improved specificity and accuracy by using the
particle swarm optimization algorithm to improve the pa-
rameters of the salp swarm algorithm.

.is paper uses this algorithm to segment the RGB
images after matched filtering and top-bot hat transfor-
mation and extracts the blood vessel features; the effec-
tiveness of this paper’s algorithm is verified by doing a
comprehensive comparison analysis with other algorithms
(MSSA, WOA, SSO, and PSO) on ten evaluation indicators:
SSIM, PSNR, FSIM, Jaccard, Dice, Shannon entropy, re-
gional consistency, accuracy, sensitivity, and specificity.
GMF enhances the contrast between the vessel pixels and the
background pixels in the DR vessel image. .e top-bot hat
transformation preserves the backbone information, and
some of the details of the vessel end in the DR vessel images.
.e experimental results show that the method extracts
complete vascular information with an average accuracy of
95.53% and a specificity of 98.58%. Compared with other
algorithms, the accuracy and specificity are significantly
improved. In dimensions 2–5, the algorithm is more stable,
with a greater and more uniform likelihood of jumping out
of the local optimal solution interval established by previous
algorithms. Using the performance indicators listed above, it
is clear that the overall performance of DR vessel images
segmented by PMSSA is the best, and the advantage becomes
more apparent as the dimension rises. When dealing with
images with complicated vascular distributions, PMSSA is
more advantageous.

.erefore, the PMSSA algorithm designed in this paper
has excellent prospects in diagnosing and treating retinal
disease images, which will help ophthalmologists diagnose
retinal disease more effectively and significantly reduce the
burden on doctors.

6. Conclusions

DR vascular images have a dense distribution of blood
vessels and unclear end information about the end of the
blood vessel. .erefore, this paper used GMF and top-bot
hat transform to preprocess DR fundus vascular images.
Combining the two resulting images enhances the main and
partial terminal information of blood vessel, in preparation
for PMSSA multi-threshold segmentation of DR vessel

images. In this paper, an improved salp algorithm PMSSA
based on the PSO algorithm is proposed, which is more
efficient in the optimization process of salp individuals to
avoid salp individuals from moving toward the nontarget
direction in the current iteration process and improve the
stability of the algorithm. .e improved PMSSA multi-
threshold segmentation preprocessed DR fundus vascular
images were compared with MSSA, WOA, SSO, and PSO
algorithms..rough comprehensive analysis, it is found that
the improved PMSSA has a better iterative effect and is less
likely to fall into the local optimal solution. .e improved
PMSSA has better overall performance when processing DR
images with redundant information and no apparent ob-
scure pixel distribution. Although the PMSSA algorithm is
easier to obtain the optimal solution, the computation time
of the algorithm is relatively long. Given this phenomenon,
in future work, we will be optimized in terms of algorithms
and the structure of the implementation of the algorithm
code.
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