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ARTICLE INFO ABSTRACT

Objective: A novel supervised method that is based on the Multi-Proportion Channel Ensemble Model (MPC-EM)
is proposed to obtain more vessel details with reduced computational complexity.

Methods: Existing Retinal Vessel Segmentation (RVS) algorithms only work using the single G channel (Green
Channel) of fundus images because that channel normally contains the most details with the least noise, while
the red and blue channels are usually saturated and noisy. However, we find that the images that are composed
of the aG-channel and (1-a) R-channel (Red Channel) with different values of a produce multiple particular
global features. This enables the model to detect more local vessel details in fundus images. Therefore, we
provide a detailed description and evaluation of the segmentation approach based on the MPC-EM for the RVS.
The segmentation approach consists of five identical submodels. Each submodel can capture various vessel
details by being trained using different composition images. These probabilistic maps that are produced by five
submodels are averaged to achieve the final refined segmentation results.

Results: The proposed approach is evaluated using 4 well-established datasets, i.e., DRIVE, STARE, HRF and
CHASE_DB1, with accuracies of 95.74%, 96.95%, 96.31%, and 96.54%, respectively. Additionally, quantitative
comparisons with other existing methods and cross-training results are included.

Conclusion: The segmentation results showed that the proposed algorithm based on the MPC-EM with simple
submodels can achieve state-of-the-art accuracy with reduced computational complexity.

Significance: Compared with other existing methods that are trained using only the G channel and raw images,
the proposed approach based on the MPC-EM, submodels of which are trained using different proportional
compositions of R and G channels, obtains better segmentation accuracy and robustness. Additionally, the ex-
perimental results show that the R channel of fundus images can also produce performance gains for RVS.
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1. Introduction

The analysis of blood vessels that are extracted from retinal fundus
images is conventionally used by medical specialists to diagnose com-
plicated diseases, including arteriosclerosis, diabetic retinopathy (DR),
strokes and glaucoma [1]. Globally, the most common preventable
blindness factors are age-related macular degeneration, glaucoma, and
DR. The American Diabetes Association (ADA) reports that approxi-
mately 4.2 million adults have DR and 655000 adults have vision-
threatening DR or diabetes-related blindness. The corresponding
treatments reached an annual high of US $500 million in the United
States. The vision problems and blindness that are caused by DR may be
prevented through the early detection and treatment of eye diseases

[3]. Hence, the segmentation of retinal blood vessels on the fundus
images, which is the key step of the early diagnosis, is important for the
diagnosis and prevention of eye diseases.

Manual labelling of blood vessels in fundus images is a laborious
and time-consuming task that is requiring professional experience and
skills [4,5]. The extreme variations in the sizes, shapes and intensities of
retinal vessel images in the different local region make it hard to obtain
accurate segmentation results. In the development of Computer-aided
diagnosis systems, automatic Retinal Vessel Segmentation (RVS is
considered as the most critical step. Although numerous attempts have
been made to address the challenge of the automatic RVS, this task is
still an active area of research due to the benefits of having more ac-
curate and robust results [6].
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In general, existing RVS approaches can be categorized as either
supervised or unsupervised methods. The unsupervised segmentation
method uses a system that segments retinal vessels without annotated,
classified or labelled data. Conversely, the supervised or semi-su-
pervised method uses labelled data.

The unsupervised methods mainly include strategies of matched
filter responses, vessel tracking and prior experienced model-based
approaches. Matched filter response techniques use the multi-scale
kernel to conduct convolutional operations on retinal fundus images.
They are used to determine the vessel locations using threshold tech-
niques. Azzopardi et al. [4] proposed the B-COSFIRE method to obtain
the selective responses of vessels’ structure and obtained binary results
by averaging the responses of the B-COSFIRE filters. The approach
based on matched filtering techniques performs well on healthy images,
but it is insufficient for pathological images [6]. Vessel tracking algo-
rithms only improved the accuracy of the RVS by focusing on the local
details of vessels. It could provide highly accurate vessel widths, but it
cannot segment the retinal vessels without seed points. The prior ex-
periences of retinal vessels were introduced to extract retinal vessels.
Staal et al. [7] introduced centerlines to formulate the ridge-based
method for the RVS. Lam et al. [8] used the shape prior of the vessel
location. It considered the intensity of the vessel cross section as the
Gaussian shape to improve the segmentation performance for low
quality images. Other models, such as deformable models [9,10], were
also proposed for the RVS.

Many supervised methods describe the segmentation as a pixel
classification problem in which various visual features are extracted to
train a powerful classifier that can distinguish the vessel and non-vessel
pixels. These methods require the manual annotation of training data to
learn how to extract vessels. Generally, supervised methods perform
better than unsupervised methods [6].

Supervised methods commonly use machine learning algorithms,
such as the SVM [11], Adaboost [12], or ANN [13] as the classifier. Fraz
et al. [12] applied the Gabor filter response and orientation analysis of
the gradient vector to extract multi-dimensional features and employed
an ensemble learning method using Adaboost to train these features for
the RVS. Marin et al. proposed an ANN-based supervised method. A
representative 7-dimensional feature was built by combining grey-level
and time-invariant features to train a multi-layer ANN for the RVS. In
addition, Cheng et al. [14] adopted an RF to segment the mixed features
of the contextual awareness that were obtained by various pre-proces-
sing algorithms.

Recently, Deep Learning (DL) has attracted great interest in the
retinal imaging research community because of its strong ability to
capture the information of higher semantic features, which makes the
DL models outperform existing methods. Li et al. [15] remodeled the
RVS task as a cross-modality transformation problem and trained a deep
fully connected neural network using the G channel of colour retinal
images without any pre-processing method. Liskowski et al. [16] first
proposed a convolutional neural network (CNN) that was trained using
a large amount of augmented data for the RVS. Dasgupta et al. [17]
introduced a fully convolutional network to segment vessels, which was
trained using the single G channel of the colour fundus image and the
CLAHE algorithm. Wu et al. [18] designed a multi-scale network fol-
lowed network (MS-NFN) with the cascade structure and four neural
networks. The two first-level networks converted retinal images into
probabilistic maps, and the two second-level networks refined the
probabilistic maps. Many published supervised methods only used the
G channel images to train their models [16-18], and obtained better
performance compared with other methods using RGB colour retinal
images.

In spite of the tremendous success of deep learning (DL) based
methods, these algorithms still fail to precisely segment capillaries be-
cause of their small diameter and poor contrast of blood vessels in
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fundus images. When faced with extreme variations in the morpholo-
gies of the vessels against a noisy background, the single retinal vessel
segmentation model, even based on DL, can hardly detect all the vessel
details in the fundus images. Therefore, we propose a multi-propor-
tional channel ensemble model to segment the vessels in fundus images.
The model consists of five submodels, each of which are trained using
the R and G channel composition data with different proportions and
can detect different local vessel details. Finally, the retinal vascular
probability maps that are generated by the five sub-models are aver-
aged to obtain the refined segmentation results. The main contributions
of this work include the following. (1) A novel ensemble model based
on multi-proportional R and G channels is proposed, and it outperforms
other existing methods with respect to two major performance metrics,
i.e., the segmentation accuracy and the area under the Receiver
Operating Characteristic (ROC) curve (AUC). (2) To the best of our
knowledge, this report is the first to show that the red channel also
produces performance gains for the RVS.

The remainder of our work is organized as follows. The details of the
4 datasets are described in Section 2. We presented a novel approach
based on the MPC-EM in Section 3. The data preparation process is
described and the robustness of the approach is assessed by experiments
in Section 4. Finally, the discussion and conclusion are given in Section
5.

2. Materials

The proposed method is evaluated using four authoritative and
publicly available datasets, i.e., DRIVE, STARE, CHASE_DB1, and HRF,
which are regarded as the most popular datasets [6].

The DRIVE [7] dataset comes from the Netherlands-initiated DR
screening project. It contains 40 fundus retinal images with a size of
584 x 565 pixels, and is averagely divided into training and testing
datasets. Forty images are randomly selected from 400 diabetic subjects
with 33 normal images and 7 images that showed symptoms of early
DR. Each image is assigned a binary field of view (FOV) mask and
ground-truth (GT) according to the manual annotations of independent
experts.

The STARE dataset is comprised of 20605 x 705 pixels fundus
images with 8 bits per colour channel. The first ten images are patho-
logical images and the rest of them are healthy images. Two observers
annotated all of the images, and the performance is usually evaluated
by the first observer's manual segmentation (the gold standard anno-
tation) [4,12]. Because the training and testing data in the dataset are
not divided by the author, we evaluate the performance using the leave
one-out cross validation, as many other works [7,15,25] have done.

The CHASE_DB1 (Child Heart and Health Study in British) database
is a subset of retinal images of multi-ethnic children. It consists of 28
images (960 x 996 pixels). Usually, the first 20 images are used for
training, and the remaining 8 images are used for testing [15,18].
Compared with the DRIVE and STARE datasets, the CHASE_DB1 images
have uneven background illumination, low contrast and broader ar-
terioles [16].

The HRF dataset has 45 images (3304 x 2336 pixels), including 15
healthy images, 15 DR images and 15 glaucoma images. The FOV mask
and ground truth segmentation for each image are produced by a group
of experts. The dataset is not manually partitioned. Therefore, we
evaluated the proposed method using the dataset as the method in-
troduced in Ref. [26].

Because the STARE and CHASE_BD1 datasets have no FOV mask, a
manual method [4,18,25] is used to get the FOV mask. Fig. 1 shows
examples of the initial images, FOV masks, and ground truths from the
DRIVE, STARE, CHASE _BD1, and HRF datasets, respectively.
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Fig. 1. Example of initial images (a), FOV masks (b) and ground truths (c).

3. Proposed method
3.1. MPC-EM structure

1) Overall structure of the MPC-EM: To simplify the model structure, we
define the submodel that is trained with the aG-channel and (1-a)R-
channel composition data as the aG + (1-a)R submodel. The pro-
posed ensemble model (as shown in Fig. 2) has five submodels, i.e.,
the 0.6G+0.4R, 0.7G+0.3R, 0.8G+0.2R, 0.9G+0.1R, and G
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Fig. 3. Illustration of the proposed submodel structure: (a) submodel structure,
and (b) illustration of the TC residual block.

Fig. 2. Illustration of the MPC-EM based
retinal vessel segmentation: (a) colour
fundus image; (b) R-G channel composition
image with different proportions; (c) pre-
processed extraction image patches; (d)
probabilistic maps of image patches pro-
duced by submodels; (e) probabilistic maps
of image patches produced by the MPC-EM;
(f) probabilistic maps produced by re-
construction of image patches. (For inter-
pretation of the references to colour in this
figure legend, the reader is referred to the
Web version of this article.)
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submodels, and each of them can detect different local details of
fundus images. We propose the MPC-EM structure to improve the
segmentation accuracy of retinal vessels mainly based on two
points. (1) A single model, even based on deep learning, cannot
segment all the vessels in the fundus images, particularly for the
capillaries. (2) We discover that different proportional R and G
channel composition images can provide us with different and
useful global contrast and local vessel details. For the CHASE_DB1
and HRF datasets, there are clear differences between the
0.6G+ 0.4R composition images and G images. For the DRIVE and
STARE datasets, we cannot see the obvious differences in individual
pictures, but the neural-network based submodel is sensitive to the
global features of the whole dataset. Due to the different and useful
features of the data that are input into each submodel, when using
the backpropagation algorithm for optimization, the direction of
optimization for each submodel will be different so that different
local vessel details can be detected. The G-channel has been proved
to be the most useful channel for RVG [19,20], while the blue
channel (B channel) appears to be very weak and does not contain
much information [19,20]. Therefore, we remove the B channel and
set the ratio of the G channel to be greater than that of the R channel
in all submodels. The interval is set to 0.1 and is used to ensure that
each submodel learns different features.

2) Submodel structure: Each submodel, as shown in Fig. 3, has the U-
Net-liked structure of encoder-center-decoder. The encoder part
uses the convolutional, maxpooling, and ReLU [39] layers to convert
the RGB images into the representational feature vectors. The de-
coder part mainly uses the ConvTranpose, convolutional and ReLU
layers to converts the feature vectors into the probabilistic map. The
ReLU reinforces the non-linear mapping ability of the network and
accelerates the convergence speed of the model [39]. The center
part is used as a transitional region to adjust the shape of feature
vectors. This structure jointly uses the shallow localization in-
formation and higher semantic information to classify each pixel in
images [27]. We set the triple convolutional (TC) residual block (see
Fig. 2) as the basic block, which makes the whole network structure
easier to optimize and avoid the vanishing gradient problem [37]. A
batch normalization [21] (BN) layer is introduced to reduce the
redundant parameters, and accelerate the deep network training.

3.2. Training details

The extracted patches with different proportions are fed into the
five submodels that contain the same structure and preprocessing al-
gorithms for independent training. The training mainly includes two
stages. (1) In the forward-propagated phase, the difference between the
labelled and predicted value is calculated by feeding image data into
the model. (2) In the backward-propagated phase, the gradient descent
algorithm is used to update the model parameters for minimizing the

Image preprocessing
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(a) (b) (0) (d)

Fig. 5. Visualization examples of the pre-processing algorithms. (a) G channel
image data; (b) G channel image data with global normalization; (c) G channel
image data with global normalization and CLAHE; (d) G channel image data
with global normalization, CLAHE and gamma adjustment.

difference. The mini-batch adaptive moment estimation (mini-batch
Adam [24]) algorithm is used to optimize the sub-model. The maximum
number of iterations is set as 15, and 10000 images (128 x 128 pixels)
that are randomly selected from the dataset are used to train the sub-
model in each epoch. The learning rate is initially set to 0.001 using the
cosine annealing decreasing schedule. More comprehensible descrip-
tions of deep learning and deep CNNs can be found in Refs. [22,23].

4. Data preparation

The R-G channel image data with different proportions are subject
to the same image preprocessing and patch extraction, as shown in
Fig. 4.

4.1. Image preprocessing

Before the raw image data was fed into the deep learning frame-
work, proper preprocessing is always performed to obtain better seg-
mentation and accelerate the training.

First, since the brightness may vary across the FOV [16], we per-
form global normalization by the following function.

I=(I-a)k (@]

where I is one of the five proportions of R-G channel image data. @ and
A denote the mean and standard deviation of the whole dataset, re-
spectively.

Second, the CLAHE [20] is applied to boost the contrast between
nonvessel and vessel. Finally, the gamma adjustment is used to reduce
the background noise and improve the image quality. Fig. 5 shows some
examples of the above algorithms.

4.2. Extraction of patch

Small image patches training has proved its superiority in many DL-
based methods [15]— [18] by reducing the computational complexity
during training and ensuring that local vessel details can be learned by

=
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(=%
S
=
2
©
g
o

Fig. 4. Illustration of data preparation, which includes two step: (1) image preprocessing on the original image. (2) Patches extraction on both raw image and ground

truth.
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Table 1
Measures for segmentation results.
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ground
truth = vessel

ground
truth = non-vessel

segmentation result = vessel TP FP
segmentation FN N
result = non-vessel

submodel. In this work, 128 x 128 x 3 image patches are extracted
with 32 pixels per step, this results in 225 image patches per original
image, 4500 image training patches, and 4500 image testing patches for
the DRIVE dataset, in addition to 775 image patches per original image,
15500 training image patches, and 6200 testing image patches for the
CHASE_DB1 dataset. Because the STARE dataset has not been divided
into training and testing datasets, we get 775 image patches per image
and 6000 image patches from the whole dataset and use the leave-one-
out method [15] to evaluate the proposed method. 30000 training
image patches and 12000 image patches are obtained using the above
method on the HRG dataset.

5. Experimental evaluation

We described a great quantity of experimental results in this
Section, and compares the existing methods with the proposed method.
Section 5.1 describes the evaluation metrics. Section 5.2 presents the
results and comparisons between all the submodels and the MPC-EM.

5.1. Evaluation metric

The RVS result can be divided into two categories: vessel (positive)
and nonvessel (negative). By validating the RVS results with manual
annotations (gold standard), 4 measures can be obtained and presented
in Table 1, i.e., true positives (TP), false negatives (FN), true negatives
(TN), and false positives (FP).

Four performance criteria are used to compare the proposed MPC-
EM based approach with other SOTA methods, i.e., the sensitivity (SE),
specificity (SP), accuracy (ACC) and area under the ROC curve (AUC).
All the metrics are calculated only for the pixels inside the FOV (the
pixels in the white part of FOV mask in Fig. 1). These metrics can be
illustrated as follows,

= TP
TP + FN

TN

SP= —
TN + FP

TP + FN

ACC =
TP + FN + TN + FP

TP/N — S X P

MCC =
JPXxSx(1—-S)x(1—P)

where N=TP + TN + FP + FN, S = (TP + FN)/N, and P=
(TP + FP)/N.

The outcome of the proposed MPC-EM or submodel is a vessel
probabilistic map in which each value corresponds to the confidence
that each pixel is a vessel or non-vessel. The ROC curve is produced by
changing the threshold, and the AUC is obtained using the scikit-learn
Python library in our experiments.

5.2. Experimental results
To prove the generality of the MPC-EM framework and submodels,

we also apply the U-Net [27] as a submodel, which is the base structure
of many excellent segmentation algorithms. To describe the

Table 2
Performance measures for the DRIVE, STARE, AND CHASE_DB1 datasets.
Dataset Method AUC (%)  ACC (%) SE (%) SP (%)
DRIVE Proposed method 98.22 95.74 85.64 97.10
2nd Human Observer — — 94.72 77.60 97.24
STARE Proposed method 98.98 96.95 81.62 98.69
2nd Human Observer - 93.49 89.52 93.84
CHASE BD1  Proposed method 98.50 96.54 81.06 98.07
2nd Human Observer — — 95.45 81.05 97.11
HRF Proposed method 98.43 96.31 77.82 98.43

relationship between the submodel and MPC-EM framework, we pre-
sented results of the five submodels (the designed submodel and the U-
Net, respectively) and the MPC-EM for the DRIVE, STARE, CHASE _DB1,
and HRF datasets. In addition, the cross-training method evaluates the
capability of the MPC-EM for the RVS without using specific training
datasets, which has proven its robustness under the realistic situation.

1) Vessel Segmentation: In the following part, all experimental results
are obtained using the designed submodel (see Fig. 3). The five
submodels and MPC-EM binary segmentation results are obtained
by selecting a threshold of 0.5 on those produced probabilistic maps.
Pixels with a probability greater than 0.5 are considered to be po-
sitive (vessel); otherwise, they are negative (nonvessel). These
probabilistic maps are used to calculate the AUC, and the segmen-
tation results are used to calculate the ACC, SE, and SP. The eva-
luation metrics of our method for the abovementioned datasets are
shown in Table 2. Fig. 6 shows the visualization examples of the RVS
results and the zoomed details of the 0.6G+ 0.4R submodel, the G
submodel and the MPC-EM on the DRIVE dataset; the RVS results for
the remaining 3 datasets are displayed in Figs. 7-9, respectively.

1) Comparison of the submodel and MPC-EM: The performance of the
five submodels (based on both U-Net and the designed structure)
and the MPC-EM are shown in Tables 3-6, respectively. In gen-
eral, the MPC-EM performs better with respect to the AUC and
accuracy than the G submodel, regardless of whether it is based
on U-Net or the designed submodel. The AUC and accuracy of
MPC-EM on the DRIVE dataset are 98.22% and 95.74%, respec-
tively, and the values for the G submodel are 97.81% and
95.58%, respectively. For the CHASE_DB1 dataset, the AUC and
accuracy of the MPC-EM are 98.50% and 96.54%, respectively,
and those for the G submodel are 98.26% and 96.29%, respec-
tively. For the STARE dataset, the leave-one-out [7] approach is
used to evaluate the proposed method. The AUC and accuracy of
the G submodel are 98.63% and 96.76%, respectively, and the
values of the MPC-EM are 96.98% and 96.95%, respectively.
From Tables 3-6, one can obtain that the G submodel is not the
most effective model for all datasets. On the DRIVE dataset, the
0.7G + 0.3R submodel obtains a better AUC than the G submodel.

2) Comparison with other SOTA methods: The performances of the
MPC-EM are compared with the SOTA methods in Tables 7-10,
respectively. In summary, our method achieved better sensitivity
and accuracy, especially the improvement in the sensitivity
compared with the second best performing method. The AUC
values of the proposed method are 98.22%, 98.98% and 98.50%,
respectively. The AUCs are higher than the existing method on
the DRIVE and CHASE _BD1 datasets and slightly lower than the
method from Ref. [16] on the STARE dataset. A detailed analysis
of the experimental results is presented in Section 6.

3) Cross-Training and Pathological Image: The robustness of the pro-
posed method in different realistic situations is verified using
cross-training method [16]. From Table 13, it is notable that the
MPC-EM achieves better AUC and ACC in the cross-training
compared with other algorithms. We also present the perfor-
mance metrics of the pathological images from the STARE
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Fig. 6. Segmentation results (the 1st and 3rd rows) and their zoomed details (the 2nd and 4th rows) for the DRIVE dataset: (a) 0.6G + 0.4R submodel segmentation
results: preprocessed images (left) and binary segmentation result (right); (b) G submodel segmentation results: preprocessed images (left) and binary segmentation
results (right); (¢) MPC-EM segmentation results; and (d) the ground truth.
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Fig. 7. Segmentation results (the 1st and 3rd rows) and their zoomed details (the 2nd and 4th rows) for the STARE dataset: (a) 0.6G + 0.4R submodel segmentation
results: preprocessed images (left) and binary segmentation results (right); (b) G submodel segmentation results: preprocessed images (left) and binary segmentation
results (right): (¢) MPC-EM segmentation results; and (d) the ground truth.

(d)
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Fig. 8. Segmentation results (the 1st and 3rd rows) and their zoomed details (the 2nd and 4th rows) for the CHASE BD1 dataset: (a) 0.6G+0.4R submodel
segmentation results: preprocessed images (left) and binary segmentation results (right); (b) G submodel segmentation results: preprocessed images (left) and binary
segmentation results (right); (c) MPC-EM segmentation results; and (d) the ground truth.

dataset in Table 12 to verify of its ability to help the diagnosis
process.

6. Discussion and conclusion

In this work, we presented a novel supervised method based on the
MPC-EM framework for the RVS in fundus images. The MPC-EM com-
prises five submodels, each of which is trained using the proportional
composition of the R-G channel images with identical pre-processing
algorithms and can detect different local vessel details of fundus

!)’\

N

images. Submodels convert the different R-G channel composed images
into probabilistic maps, and these maps are averaged into a refined
segmentation result. The MPC-EM framework is able to take full ad-
vantage of the useful feature information of fundus images and per-
forms better with reduced computational complexity.

When considering the performance metrics of the AUC, accuracy,
sensitivity, and specificity, the proposed MPC-EM framework outper-
forms other SOTA methods on the DRIVE, STARE and CHASE_DB1
datasets. The ACCs that are obtained by the proposed method on the
datasets are 95.74%, 96.95%, 96.31%, and 96.54%, respectively, which

Fig. 9. Segmentation results (the 1st and 3rd rows) and their zoomed details (the 2nd and 4th rows) for the HRF dataset: (a) 0.6G + 0.4R submodel segmentation
results: preprocessed images (left) and binary segmentation results (right); (b) G submodel segmentation results: preprocessed images (left) and binary segmentation

results (right); (¢) MPC-EM segmentation results; and (d) the ground truth.

N
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Table 3
Performance using the DRIVE dataset.
AUC (%) ACC (%) SE (%) SP (%)
0.6G + 0.4R(U-Net) 97.81 95.51 78.94 97.93
0.7G + 0.3R(U-Net) 97.83 95.52 79.76 97.81
0.8G + 0.2R(U-Net) 97.77 95.49 79.35 97.85
0.9G +0.1R(U-Net) 97.81 95.51 76.34 98.31
G(U-Net) 97.75 95.53 78.92 97.95
MPC-EM(U-Net) 98.12 95.67 78.98 98.09
0.6G+0.4R 97.95 95.55 81.83 97.55
0.7G+0.3R 97.96 95.58 79.77 97.89
0.8G+0.2R 97.84 95.57 80.40 97.82
0.9G+0.1R 97.84 95.65 78.76 98.11
G 97.81 95.58 78.94 98.01
MPC-EM 98.22 95.74 80.83 97.90
Table 4
Performance using the STARE dataset.
AUC (%) ACC (%) SE (%) SP (%)
0.6G + 0.4R(U-Net) 97.90 96.37 77.53 98.51
0.7G + 0.3R(U-Net) 97.84 96.38 76.63 98.62
0.8G + 0.2R(U-Net) 98.37 96.60 79.67 98.52
0.9G +0.1R(U-Net) 98.33 96.65 79.88 98.56
G(U-Net) 98.38 96.64 80.53 98.47
MPC-EM(U-Net) 98.73 96.79 79.96 98.68
0.6G+0.4R 98.34 96.43 78.53. 98.55
0.7G+0.3R 98.26 96.61 79.00 98.61
0.8G+0.2R 98.50 96.73 79.61 98.67
0.9G+0.1R 98.44 96.74 80.15 98.62
G 98.63 96.76 80.56 98.60
MPC-EM 98.98 96.95 81.62 98.69
Table 5
Performance using the CHASE BD1 dataset.
AUC (%) ACC (%) SE (%) SP (%)
0.6G + 0.4R(U-Net) 97.46 96.08 70.63 98.61
0.7G + 0.3R(U-Net) 97.71 96.28 75.86 98.32
0.8G + 0.2R(U-Net) 97.82 96.14 80.50 97.69
0.9G + 0.1R(U-Net) 98.03 96.27 81.05 97.79
G(U-Net) 97.95 96.13 80.89 97.65
MPC-EM(U-Net) 98.29 96.45 78.55 98.23
0.6G +0.4R 98.07 96.35 80.84 97.89
0.7G+0.3R 98.00 96.33 78.02 98.15
0.8G+0.2R 98.13 96.44 78.95 98.18
0.9G+0.1R 98.05 96.31 79.72 97.96
G 98.16 96.38 80.35 97.98
MPC-EM 98.50 96.54 81.38 98.06
Table 6
Performance using the HRF dataset.
AUC (%) ACC (%) SE (%) SP (%)
0.6G + 0.4R(U-Net) 97.28 95.88 76.53 98.74
0.7G + 0.3R(U-Net) 97.78 96.10 75.22 98.58
0.8G + 0.2R(U-Net) 97.84 96.03 74.00 98.66
0.9G + 0.1R(U-Net) 97.94 96.03 74.35 98.61
G(U-Net) 97.98 96.16 76.63 98.49
MPC-EM(U-Net) 98.25 96.18 74.69 98.73
0.6G +0.4R 97.66 96.08 76.77 98.38
0.7G+0.3R 97.86 95.99 71.47 98.91
0.8G+0.2R 98.10 96.20 75.81 98.63
0.9G+0.1R 98.08 96.23 77.66 98.45
G 98.15 96.23 77.82 98.43
MPC-EM 98.43 96.31 76.53 98.66

are better than the existing SOTA methods. The improvement of the
ACC mainly results from the substantial increase of the sensitivity,
which reflects the ability to detect the vessels. The SEs that are obtained
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by the proposed method for the above three datasets are 80.83%,
81.62%, and 81.38%, respectively (i.e., it is 2.39% higher than the
second best SE result for the DRIVE and 6.00% higher than the second
best method for the CHASE -DB1). These results prove the strong ability
of our method to detect the vessel details.

When considering the performance metrics of the AUC, accuracy,
sensitivity, and specificity, the proposed MPC-EM method outperforms
other SOTA methods on the DRIVE, STARE, and CHASE_DBI1 datasets.
The ACCs that are obtained by the proposed method on the datasets are
95.74%, 96.95%, 96.31%, and 96.54%, respectively, which are better
than the existing SOTA methods. The improvement of the ACC mainly
results from the substantial increase of the sensitivity, which reflects the
ability to detect the vessels. The SEs that are obtained by the proposed
method on the three datasets are 80.83%, 81.62%, and 81.38%, re-
spectively (i.e., 2.39% higher than the second best SE result on the
DRIVE and 6.00% higher than the second best method for the CHASE
-DB1). These results prove the strong ability of our method to detect the
vessel details.

Due to the characteristics of fundus images, almost all existing
methods for RVS are based on raw images or the G channel, and the G
channel based models generally perform better than raw image models.
In this work, we find that the R channel of colour fundus images is also
able to improve the performance using the proposed approach. From
Tables 3-5, one can see that the AUC and ACC with single the G channel
submodel are 97.81% and 95.58% on the DRIVE dataset, respectively.

The AUC and ACC values are 98.62% and 96.25% on the STARE
dataset, 98.26% and 96.29% on the CHASED_DB1 dataset, and 98.15%
and 96.23% on the HRF dataset, respectively. Compared with the G
submodel, the AUC and ACC with the MPC-EM are improved to 98.22%
and 95.74% on the DRIVE dataset. These values are 98.50% and
96.95% on the STARE dataset, 98.50% and 96.54% on the
CHASED_DB1 dataset, and 98.43% and 96.31% on the HRF dataset,
respectively. The comparisons between the five submodels show that
the G submodel performs the best on the STARE and CHASE_DB1 da-
tasets and the 0.7G + 0.3R submodel performs the best on the DRIVE
dataset. Those results prove that the R channel can also generate a
better performance to improve segmentation accuracy, and the MPC-
EM can obtain a better segmentation performance than a single G
model. The improvement that results from the MPC-EM, regardless of
whether it is based on U-Net or the designed submodel, demonstrates
that the MPC-EM method can be easily applied to many segmentation
models and boost the models’ performance. The results inform the
cross-training (Table 13) illustrate that the proposed method has strong
robustness when dealing with realistic situations. From the comparison
with the results of the pathological retinal images from the STARE
dataset (see Table 12), the MPC-EM obtained better ACC compared
with the SOTA methods [13,15,16], which implies that our method can
help doctors to better diagnose eye diseases and other complications.
Compared with the SOTA methods, in addition to the improvement of
the segmentation accuracy, our method also reduces the inference time.
The average time to process a 580 x 565 retinal image is less than 5s
(Table 11). The reduction of the inference time comes mainly for two
reasons. (1) Compared with the existing methods ([4,13,30], and [31])
that do not use GPUs, we used a GPU to accelerate the training and
testing. (2) Compared to the methods with GPUs [18], the reduction of
the time mainly results from the extraction of the partly overlapped
patches (See Section 4.2). In Ref. [18], 48 X 48 image patches are ex-
tracted in an orderly manner with a step size of 32 pixels, thus resulting
in approximately 8200 image patches per original image of the DRIVE
dataset, and those heavily overlapped predictions are used to detect
more vessel details. In the proposed method, we set the patch size to
128 x 128 and the stride is 32 pixels to extract 225 image patches for
an original image from DRIVE. All experiments in this work are con-
ducted on the computer with an i7-7700 3.60 GHz CPU and a single
GeForce GTX 1080TI GPU. The MPC-EM is implemented using Keras
2.1.5. The average training time is less than 3 h for the MPC-EM and a
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Table 7
Performance Comparison with respect to other existing methods on the drive.
Type Methods Year AUC (%) ACC (%) SE (%) SP (%) MCC(%)
Unsupervised Methods Zana et al. [28] 2001 89.84 93.77 69.71 N.A. -
Jiang et al. [29] 2003 91.14 92.12 N.A. N.A. -
Mendonca et al. [30] 2006 N.A. 94.40 69.96 97.30 -
Al-Diri et al. [31] 2009 N.A. N.A. 72.82 95.51 -
Lam et al. [32] 2010 96.14 94.72 N.A. N.A. -
Fraz et al. [6] 2011 N.A. 94.30 71.52 97.95 -
Azopardi et al. [4] 2015 96.14 94.42 76.55 97.04 -
Mapayi et al. [34] 2015 97.11 95.00 74.06 98.07 -
Supervised Niemeijer et al. [35] 2004 92.94 94.16 N.A. N.A. -
Methods Staal et al. [7] 2004 96.14 94.61 73.32 97.82
Soare et al. [25] 2006 95.20 94.41 N.A. N.A. -
Fraz et al. [13] 2012 97.47 94.80 74.06 98.07
Cheng et al. [14] 2014 96.48 94.74 72.52 97.98
Li et al. [15] 2015 97.38 95.27 75.69 98.16 -
Liskowski et al. [16] 2016 97.91 95.35 78.11 98.07 -
Orlando et al. [26] 2017 - - 78.74 95.84 75.56
Dasgupta et al. [17] 2017 97.44 95.33 76.91 98.01 -
Wu et al. [18] 2018 98.07 95.67 78.44 98.19 -
MPC-EM 2019 98.22 95.74 80.83 97.96 79.84
Table 8
Performance comparison with respect to other existing methods on the STARE.
Type Methods Year AUC (%) ACC (%) SE (%) SP (%) MCC(%)
Unsupervised Methods Mendonca et al. [30] 2006 N.A. 94.40 69.96 97.30 -
Al-Diri et al. [31] 2009 N.A. N.A. 75.21 96.81 -
Lam et al. [32] 2010 97.39 95.67 N.A. N.A. -
Fraz et al. [6] 2011 N.A. 94.42 73.11 96.80 -
Azzopardi et al. [4] 2011 94.97 95.63 77.16 97.01 -
Mapayi et al. [34] 2015 N.A. 95.10 76.26 96.57 -
Supervised methods Staal et al. [7] 2004 96.14 95.16 N.A. N.A. -
Soares et al. [25] 2006 96.71 94.79 72.07 97.47 -
Fraz et al. [13] 2012 97.68 95.34 75.48 97.63 -
Li et al. [15] 2015 98.79 96.28 77.26 98.44 -
Orlando et al. [26] 2017 - - 78.74 95.84 74.17
Liskowski et al. [16] 2016 99.30 96.67 92.89 97.10 -
MPC-EM 2019 98.98 96.95 81.62 98.69 80.66
Table 9
Performance comparison with respect to other existing methods on the HRF.
Type Methods Year AUC (%) ACC (%) SE (%) SP (%) MCC(%)
Supervised method Odstreilik et al. [37] 2013 - - 77.94 96.50 -
Orlando et al. [26] 2017 - - 78.74 95.84 70.46
MPC-EM 2019 98.43 96.31 77.82 98.43 77.00
Table 10
Performance comparison with SOTA method on the CHASE DB1.
Type Methods Year AUC (%) ACC (%) SE (%) SP (%) MCC(%)
Unsupervised method Azzopardi et al. [4] 2015 94.87 93.81 75.85 95.87 -
Supervised method Fraz et al. [13] 2012 97.12 94.69 72.24 97.11 -
Li et al. [15] 2016 97.16 95.81 75.07 97.93 -
Orlando et al. [26] 2017 - N.A. 72.77 97.12 70.65
Wu et al. [18] 2018 98.25 96.37 75.38 98.47 -
MPC-EM 2019 98.50 96.54 81.38 98.07 79.69

half hour for each submodel for a single dataset.

Experiments about the ensemble of deep learners with combinations
that included weighted versions of all R, G and B channels were con-
ducted. As shown in Table 14, the MPC-EM-GR achieved almost same
segmentation performance as the MPC-EM-ALL. However, the MPC-EM-
ALL needs to ensemble 15 models while the MPC-EM-GR only needs 5

models. These results illustrate that the MPC-EM-GR has less para-
meters and computational complexity than the MPC-EM-ALL. These
results also prove that most useful information of retinal vessel is
contained in G and R channels.

Further experiments were carried out to discuss the effect of dif-
ferent patch sizes on the segmentation performance. The patch size over
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Table 11
Performance comparison of the inference time.
Type Method Year Time
Unsupervised methods Mendonca [30] 2006 2.5 min
Al-Diri [31] 2009 11 min
Azzopardi [4] 2015 10S
Supervised methods Soares [25] 2006 3 min
Fraz [13] 2012 2 min
Li [15] 2015 1.2min
Wu [18] 2018 108
MPC-EM 2019 58S
Table 12
Performance comparison of pathological retinal images.
Method AUC (%) ACC (%) SE (%) SP (%)
Hoover [36] - 92.58 65.87 95.56
Soares [25] - 95.00 71.81 97.65
Fraz [13] - 95.11 72.62 97.64
Li [15] - 96.72 78.00 98.05
Liskowski [16] 99.12 96.41 91.95 96.90
MPC-EM 98.99 97.06 81.62 98.82
Table 13
Performance comparison of the cross-training.
Dataset Method (tanning dataset) AUC (%) ACC (%) SE (%) SP (%)
DRIVE [25](STARE) - 93.97 - -
[24]1(STARE)] - 92.66 - -
[16]1(STARE)] - 94.48 - -
[13](STARE) 96.97 94.56 72.42 97.92
[15](STARE) 96.77 94.86 72.73 98.10
[16](STARE) 96.05 94.16 - -
MPC-EM (STARE) 97.40 95.01 76.52 98.10
STARE [25](DRIVE) - 93.27 - -
[24](DRIVE) - 94.64 - -
[16](DRIVE) - 95.28 - -
[13](DRIVE) 96.60 94.95 70.10 97.70
[15](DRIVE) 96.71 95.45 70.24 98.28
[16]1(DRIVE) 95.95 95.05 - -
MPC-EM (DRIVE) 97.54 95.22 74.47 97.75
Table 14
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Table 15
Effect of different patch size on segmentation performance using the proposed
network structure on the Drive dataset.

patch size G R AUC (%) ACC (%) SE (%) SP (%)
32 x 32 1.0 0.0 97.77 95.48 78.85 97.88
0.9 0.1 97.87 95.50 78.27 98.01
0.8 0.2 97.79 95.47 77.42 98.11
0.7 0.3 97.91 95.57 79.75 97.87
0.6 0.4 97.82 95.52 78.37 98.02
MPC-EM 98.04 95.60 78.70 98.06
64 x 64 1.0 0.0 97.81 95.54 77.78 98.13
0.9 0.1 97.82 95.55 78.46 98.04
0.8 0.2 97.81 77.63 98.03 95.51
0.7 0.3 97.90 95.54 78.69 97.99
0.6 0.4 97.91 95.60 76.83 98.29
MPC-EM 98.11 95.65 77.51 98.30
128 x 128 1.0 0.0 97.95 95.55 81.83 97.55
0.9 0.1 97.96 95.58 79.77 97.89
0.8 0.2 97.84 95.57 80.40 97.82
0.7 0.3 97.84 95.65 78.76 98.11
0.6 0.4 97.81 95.58 78.94 98.01
MPC-EM 98.22 95.74 80.83 97.90
Table 16

Effect of different colour spaces on segmentation performance using the pro-
posed network on the DRIVE dataset.

Colour Spaces AUC (%) ACC (%) SE (%) SP (%)
RGB 97.82 95.55 78.66 98.01
HSV 97.80 95.53 79.66 97.84
LAB 97.79 95.55 77.23 98.22

256 x 256 would result in insufficient number of patches for the
training, therefore, the maximum patch size is set to 128 X 128. As
shown in Table 15, with the increase of patch size, the performance of
the MPC-EM becomes better. The results show that the patch size of
128 x 128 is more suitable for the MPC-EM.

The relationship between RGB and other color space (e.g., HSV,
LAB) is nonlinear, and the convolutional neural network (CNN) also has
a strong ability of nonlinear feature mapping. Therefore, we think using
alternative colour spaces to replace RGB should be similar in terms of
segmentation performance, when using the CNN-based method. We
also conducted an experiment to evaluate the effect of different colour
spaces on segmentation performance. These experimental results, as
shown in Table 16, also prove the presumption.

The performance of MPC-EM of weighted versions of R, G, and B on the DRIVE dataset.

G R B AUC (%) ACC (%) SE (%) SP (%) number of ensemble models
0.6 0.4 0.0 97.95 95.55 81.83 97.55 1
0.3 0.1 97.82 95.59 78.27 98.17
0.2 0.2 97.85 95.57 77.26 98.19
0.1 0.3 97.83 95.55 77.90 98.12
0.0 0.4 97.80 95.55 78.25 98.12
0.7 0.3 0.0 97.96 95.58 79.77 98.10
0.2 0.1 97.96 95.56 78.50 97.97
0.1 0.2 97.73 95.47 77.43 98.12
0.0 0.3 97.67 95.37 78.20 98.21
0.8 0.2 0.0 97.84 95.57 80.40 97.82
0.1 0.1 97.85 95.54 77.23 98.20
0.0 0.2 97.80 95.50 76.74 98.17
0.9 0.1 0.0 97.84 95.65 78.76 98.11
0.0 0.1 97.80 95.50 7674 98.17
1 0.0 0.0 97.81 95.58 78.74 98.01
MPC-EM-ALL 98.24 95.73 79.77 98.25 15
MPC-EM-GR (0.9G+0.1R,0.8G+0.2R, 98.22 95.74 80.83 97.90 5

0.7R + 0.3R,0.6G+0.4R, G)

mpc-EM-ALL: ensemble of all models, mpc-Em-Gr: ensemble of all the models except for models with b channels.
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Table 17
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Effect of Different Interval Ensemble on Segmentation Performance using the Proposed Network Structure on the DRIVE Dataset.

G R AUC (%) ACC (%) SE (%) SP (%) number of ensemble models
1.0 0.0 97.81 95.58 78.94 98.01 1
0.95 0.05 97.93 95.63 79.50 97.98

0.9 0.1 97.84 95.65 78.76 98.11

0.85 0.15 97.83 95.50 77.16 98.01

0.8 0.2 97.84 95.57 80.40 97.82

0.75 0.25 97.94 95.53 76.84 98.1 6

0.7 0.3 97.96 95.58 79.77 97.89

0.65 0.35 97.95 95.58 77.21 98.26

0.6 0.4 97.95 95.55 81.83 97.55

MPC-EM (interval = 0.05) 98.23 95.72 78.35 98.26 9
MPC-EM (interval = 0.1) 98.22 95.74 80.83 97.90 5

We conduct the experiments to evaluate the effect of different in-
terval ensemble on segmentation performance. As shown in Table 17,
compared with the ensemble with an interval of 0.05, the ensemble
with an interval of 0.1 has almost the same segmentation performance
but less computational complexity.

Deep learning has achieved excellent performance in the computer
vision field, and it has also been proven to be successful in retinal vessel
segmentation. However, many researchers only focus on the optimi-
zation of the structures of neural networks and ignore the design of
manual features. Compared with the results of DL-based [15-17]
models, we find that the model without preprocessing is not as good as
that with pre-processing.

To the best of our knowledge, almost all the supervised methods can
be divided into two categories: those trained using the G-channel of
fundus images and those trained using raw images. In this paper, we
propose a novel MPC-EM framework, which is trained using different
proportions of the R and G channels. It performs better with reduced
computational complexity than the existing methods that are trained
using a single G-channel or raw images. In summary, we presented a
new supervised method for the RVS, and the proposed MPC-EM ap-
proach proved that the R channel can also produce performance gains.
This method has wide application prospects due to its high accuracy,
strong robustness, and reduced computational complexity.
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