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A B S T R A C T   

We present a coronary vessel segmentation method for X-Ray coronary angiography images using multiresolution and multiscale deep learning. Our segmentation 
method constructs a set of multiresolution images from an input image via bilinear interpolation, which can handle coronary vessels with uneven distribution of 
contrast. We incorporate Multiresolution and Multiscale Convolution Filtering into an U-Net Network, which can help to improve accuracy of segmentation results by 
dealing with various thickness of coronary vessels in different positions. We investigate two types of experiments of multiresolution strategy with U-Net and 
multiscale strategy with U-Net, respectively. Our method has been evaluated and compared both qualitatively with networks such as single U-Net, Attention U-Net, 
R2U-Net and R2AttU-Net, and quantitatively with 20 state-of-the-art visual segmentation methods using a benchmark X-Ray coronary angiography database. The 
experiments demonstrate that our segmentation method outperforms methods using each of these networks alone and these 20 methods significantly in terms of Dice 
Coefficient metric, which is considered as a major evaluation criteria of segmentation results.   

1. Introduction 

1.1. Motivation 

Cardiovascular disease is one of major causes of human death in the 
world. Coronary vessel stenosis or plaque is one of most common and 
severe typical of carardiovascular disease. The early diagnosis of coro-
nary vessel stenosis or plaque provides significant benefits for the 
treatment of carardiovascular disease. Different imaging techniques 
such as computed tomography angiography (CTA), Magnetic Resonance 
angiography (MRA), and X-Ray Coronary angiography (XRA) etc. have 
been used to diagnose stenosis or plaque of coronary vessels. Among all 
these techniques, XRA is considered as a golden standard for assessing 
the status of patient’s coronary vessels [1]. For the XRA procedure, a 
catheter is inserted into coronary arteries and then contrast agent is 
injected through the catheter to darken coronary vessels in images, 
which can help cardiologists to efficiently find positions of stenosis and 
its grading. 

However, cardiologists often face challenging problems while 
reading XRA images due to fatigue, patient’s movement, heart beating, 
shape variation of vessels, noises, low contrast images, shadow and 

catheter, and therefore sometimes provide unreliable diagnosing reports 
of XRA images. Fig. 1 shows two examples of XRA images with shadow 
or catheter. In addition, reading XRA images for cardiologists is very 
time-consuming. To reduce the burden from cardiologists, an automatic 
understanding of coronary vessel status is necessary. Prior to determine 
coronary vessel status, coronary vessel segmentation on XRA image 
using segmentation techniques is required. The aim of segmentation 
techniques is to extract coronary vessels in XRA images using computer 
vision and/or machine learning algorithms. The segmented vessels are 
used to compute image features such as vessel centrelines and widths at 
positions of vessels via skeleton models [4]. Such features can determine 
the locations of stenosis and topology structure of coronary vessels. 

Numerous visual segmentation techniques have been proposed in the 
literature to segment coronary vessels. Several typical examples of 
traditional segmentation techniques consist of Watershed algorithm 
[40], Region-Growing algorithm [28] and active contour models [10]. 
Due to the recent promising results of visual object classification and 
recognition using deep learning models such as VGG [31], AlexNet [30], 
and GoogLeNet [33], more and more researchers have been applying 
deep learning models to image segmentation, particularly for semantic 
segmentation [25] which classifies each pixel belonging to foreground 
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or background. 
In this paper, we propose a multiresolution and multiscale based U- 

Net Network for coronary vessel segmentation. We firstly use a contrast 
limited adaptive histogram equalization algorithm to enhance input 
coronary images. Secondly, we compute a batch of multiresolution im-
ages at 4 scales for the enhanced images via bilinear interpolation. These 
multiresolution images are convoluted with a set of kernels under 
different scales and the output of convolutions in different scales are 
concatenated. We call this process as multiresolution and multiscale 
convolution filtering (MRCF). The output of MRCF is then integrated 
into an U-Net network [42] for vessel segmentation. 

The research contributions of this paper are:  

• A set of multiresolution images are designed to improve accuracy of 
the segmentation performance, especially when coronary vessels 
have uneven distribution of contrast. 

• Our segmentation method incorporates Multiresolution and Multi-
scale Convolution Filtering into an U-Net framework. This enables 
the system to deal with various thickness of coronary vessels in 
different positions.  

• Without using a large number of XRA images as train data, our 
segmentation method outperforms methods using U-Net, Attention 
U-Net, R2U-Net and R2AttU-Net alone and 20 state-of-the-art visual 
segmentation methods significantly. 

This paper is organized as follows. In the next section, we present the 
related work of our coronary vessel segmentation method. Section II 
describes the data set and our proposed coronary vessel segmentation 
method in detail, including contrast enhancement, multiresolution im-
ages, and multiresolution and multiscale based U-Net network. Experi-
mental results will be shown in Section III. Section IV provides a 
discussion of our method. Finally, Section V gives conclusion and out-
lines future research direction. 

1.2. Related work 

Visual segmentation of coronary vessels in XRA images can be 
broadly classified 

into 3 categories: Feature based [6–9,44], tracking based [11–13] 
and neural network based [2,3,16–19] methods. 

Computing the Hessian matrix and its eigenvalues of an image [6,7] 
is a typical feature based method for segmenting coronary vessels. The 
Hessian matrix provides an effective way to represent features of tubular 
structure of vessels in images. This method is called as Hessian filter, 

which has been widely used for vessel enhancement and segmentation. 
However, such a method tends to return uncontinuous segmentation 
results of vessels due to Hessian feature based on vessel geometry 
structure. Wan et al. [44] improved Hessian-based vessel segmentation 
by incorporating line-like features via a set of directional filters. Wang 
et al. [8] combined a region-growing algorithm with Hessian filtering for 
segmentation of coronary vessel images. The region-growing algorithm 
takes multiple pixels as seeds and merged each seed and its neigh-
bourhoods into a same region using gray-scale histogram and k-means 
clustering method. However, their method often fails to segment vessels 
in complex situations such as noise and vessel stenosis due to an in-
tensity based growing rule. To address this issue, a growing rule with 
vesselness and direction features was used for vessel segmentation [45]. 
Recently, Fazlali et al. [9] presented a coronary vessel segmentation 
method using a Simple Linear Iterative Clustering (SLIC) approach. The 
SlIC is one of superpixel algorithms, which searches for a pixel within a 
distance to the centre of a clustering and then assigns the pixel to the 
clustering. 

Tracking based methods [11–13] often build deformable models for 
capturing the shape variation of coronary vessels through angiogram 
sequences. Nwogu et al. [11] presented a segmentation method of cor-
onary vessels by tracking nonrigid centrelines of vessels. Similarly, Zhou 
et al. [13] demonstrated a segmentation method by tracking skeleton 
lines of vessels between angiogram frames. Zhang et al. [12] modelled 
coronary vessels as BSpline curves and tracked the landmark points in 
the curves. They treated the landmark points as nodes of a Directed 
Acyclic Graph (DAG) and location distance between landmarks as the 
edges of nodes. Tracking of coronary vessels between angiogram frames 
was performed by finding the minimal distance from the starting and 
ending nodes in the DAG. 

Recently, neural network based methods have attracted more and 
more researchers due to promising results of vessel segmentation in 
medical images returned from the Convolutional Neural Network (CNN) 
architecture [14,15]. Fernando et al. [16] used Artificial Neural Net-
works (ANN) with a four-layer perceptron to segment coronary vessels. 
The ANN was trained with 100 angiograms and tested with 30 angio-
grams. Esfahani et al. [17] used a CNN architecture to conduct coronary 
vessel segmentation. They trained the CNN with 1040000 image patches 
which were generated by sliding a 33 × 33 window over 26 images with 
512 × 512 sizes. To make the CNN architecture be more suitable for 
segmenting coronary vessels, Samuel et al. [3] incorporated vessel 
extraction operation which captures coronary vessel features into the 
convolution layers. Hao et al. [2] used 3D convolutional layers in CNN 
architecture to capture temporal-spatial features through coronary 

Fig. 1. Two examples of XRA images with shadow (the left) or catheter (the right).  
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sequential images. To get global context information, Zhu et al. [46] 
used a pyramid scene parsing network which concatenates vessel fea-
tures generated by a CNN in different scales. Recently, Yang et al. [18] 
integrated an U-Net model into the CNN architecture for vessel seg-
mentation. The U-Net model consists of two parts: convolutional 
encoder and deconvolution decoder. The convolutional encoder part 
reduces feature dimension of vessel images using downsampling while 
decoder part increases feature dimension to the size of input images 
using upsamping. Most recently, Jun et al. [19] extended the U-Net 
model to T-Net model for the segmentation of coronary vessels. The 
T-Net model consists of nested U-Net models in order to provide multiple 
concatenate layers between the encoder and decoder parts. 

Segmentation performance can be improved by incorporating an 
inception model [5] into the CNN architecture. Our multiscale convo-
lutions strategy reported in this paper shares similarities with the 
inception model, but also differs in some respects. The inception model 
uses convolution kernel scales with 1 × 1, 3 × 3, 5 × 5 only while we add 
scale 7 × 7 and combine a ReLU function for each scale. In addition, the 
input image features of our multiscale strategy were based on a set of 
multiresolution images, instead of the inception model using an original 
resolution image. 

2. Materials & method 

2.1. Materials 

We used a database [16] consisting of 134 XRA images and the 
corresponding ground-truth images. Ground-truth images have labels of 
coronary blood vessels. Of these images, 94 images were used as training 
set, 10 images for validation set and 30 images for testing set. The size of 
each image is 320 × 320 pixels. Images in the training and testing set are 
selected from different patients. 

2.2. Methods 

The block diagram of our coronary vessel segmentation method, 
shown as 2 sub-diagrams, is illustrated in Fig. 2. Our proposed method 
incorporates MRCF as shown in Fig. 2 (b) into an U-Net network as 
shown in Fig. 2 (a).  

1) Contrast Enhancement 

XRA images often have low contrast between vessels and the back-
ground due to low dose usage of x-ray for minimizing the radiation 
exposure to operators. We use Contrast Limited Adaptive Histogram 
Equalization (CLAHE) [20] algorithm to enhance XRA images because it 
is fast and produces good contrast enhancement. The CLAHE algorithm 
divides an image into unoverlapped regions and conducts histogram 
equalization for each region. 

Fig. 3 shows an example of XRA image and the contrast enhancement 
result from the CLAHE algorithm. From this figure we can see that the 
intensity difference of coronary vessel and background between the XRA 
image and enhanced one has been increased.  

2) Multiresolution Images 

The widths of coronary vessel in angiograms largely depend on the 
viewing distance of x-ray machine. Each patient also has various widths 
of coronary vessels. In Frangi et al.’s paper [48], four scales were 
evaluated on small and large vessels. We construct a series of multi-
resolution images from the original angiograms, as outlined below:  

− The original angiograms are kept as one of multiresolution images;  
− Using the bilinear interpolation, the size of the angiograms is 

changed by a number of scale factors to form the multiresolution 
images. 

Fig. 4 shows an example of the original XRA angiogram and the 
constructed multiresolution images.  

3) Multiresolution and Multiscales based U-Net Network 

The U-Net consists of an encoder and a decoder part. The encoder 
uses two convolution operations with kernel size of 3 × 3, followed by a 
ReLU activation function, 

and a max-pooling operation with 2 × 2 filters and stride 2 for 
downsampling in each layer. The decoder applies upsampling with 2 × 2 
transpose filters, 2 convolution operations with kernel size of 3 × 3, and 
a ReLU activation function in each layer. The skip connections concat-
enate feature map after two 3 × 3 convolutions from the encoder part 
and the corresponding feature map after upsampling in the decoder part. 

Due to uneven distribution of contrast through coronary vessels (see 
Fig. 5 (a)), segmentation results based on a single resolution image using 
an U-Net network may lead to fragments for continuous vessels. Fig. 5 
(b) illustrates an example of segmentation results using an U-Net 
network with a single resolution image of Fig. 5 (a) as input. As shown in 
Fig. 5 (c), using multiresolution and multiscale based U-Net can provide 
accurate results of segmenting continuous coronary vessels. 

In addition, an U-Net network conducts a single convolution opera-
tion with a filter size of 3 × 3 for a single scale image, which is not 
suitable for handling varying thickness of each vessel branch. Thus, 
segmentation results often can not accurately segment coronary 
branches in small or large widths. 

To address these issues, we use multiresolution and multiscale based 
U-Net network to handle varying thickness of vessel branches. We 
incorporate MRCF for the encoder part of the U-Net network. Firstly, we 
construct a batch of multiresolution images described in section II-B.2 
for each input image. These multiresolution images are then convo-
luted with different scales of convolution kernel (i.e. 1 × 1 convolutions, 
3 × 3 convolutions, 5 × 5 convolutions and 7 × 7 convolutions) and 
followed by a ReLU activation function. Before the concatenation of 
multiresolution images, we map the images of different scales to the 
original resolution scale using bilinear interpolation. Finally, all 
convolution results over different convolution scales are concatenated 
and then fed to the next level of the encoder part of U-Net network. The 
multiresolution and multiscale based U-Net Network repeats 2 MRCF 
operations on each layer of encoder part to generate feature map, which 
is cropped to concatenate the corresponding feature map from the same 
layer of decoder part. 

3. Results 

Experiments were carried out on a PC with Intel Xeon Bronze 1.9 
GHZ and Nvidia Quadro Rtx5000. The operating system is Windows 10 
Pro. Our coronary vessel segmentation method was coded using Python 
and deep learning libraries including PyTorch, Numpy and OpenCV. 

For contrast enhancement, the clipLimit was set to 12 and tileGrid-
Size was set to (8, 8). We used 4 multiresolution scales (0.75, 1, 1.25, 
and 1.5) for the construction of multiresolution images for U-Net 
network. These 4 scales were set empirically. For our segmentation 
network, the number of epochs was set to 500; the learning rate was set 
to 0.005; batch size was set to 1. We use Adam optimization algorithm 
with beta1 = 0.9 and beta2 = 0.999 to train our segmentation network. 
The loss function were BCELoss and Diceloss. The depth of U-Net was 5. 
The convolution stride was set to 1 and padding was set to 0. 

To evaluate the performance of our segmentation method with state- 
of-the-art methods quantitatively, we have used 5 evaluation metrics, 
namely, Accuracy, Sensitivity, Specificity, Positive Predictive Value, and 
Dice Coefficient [49]. The 5 metrics were computed as follows: 

Accuracy =
TP + TN

TP + FP + TN + FN
(1)  
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Fig. 2. A block diagram showing our coronary vessel segmentation on XRA images. (a) Multiresolution and Multiscale based U-Net Network. (b) MRCF.  
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Sensitivity=
TP

TP + FN
(2)  

Specificity=
TN

FP + TN
(3)  

 Positive  Predicitive  Value=
TP

FP + TP
(4)  

 Dice  Coefficient =
2 × |GT ∩ SR|

|GT ∪ SR|
(5) 

Fig. 3. An example XRA image and contrast enhancement result using the CLAHE algorithm.  

Fig. 4. The multiresolution images at scales 0.75 (a), 1.25 (c), and 1.5 (d) constructed from the original resolution (b) via bilinear interpolation.  

Fig. 5. An example of segmentation results on an image with uneven distribution of contrast (a) an original image (b) segmentation result on a single resolution of 
the input image (c) segmentation result on multiresolution of the input image. 
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where True Positive (TF) was defined as the number of correct fore-
ground pixels; False Positive (FP) was defined as the number of incorrect 
foreground pixels; True Negative (TN) was defined as the number of 
correct background pixels; and False Negative (FN) was defined as the 

number of incorrect background pixels, GT was defined as the ground 
truth, and SR was defined as the segmentation result. The 5 metrics are 
in the range [0, 1]. We set the threshold value of separating the fore-
ground to background pixels to be 0.5. The value is determined empir-

Fig. 6. The testing angiograms. Row 1: the original angiograms. Row 2: the ground truth of the angiograms. Row 3: The results of single U-Net method. Row 4: The 
results of Attention U-Net method. Row 5: The results of R2U-Net method. Row 6: The results of R2AttU-Net method Row 7: The results of our segmentation method. 
Row 8: The overlap between the results (in green) of our segmentation method and the corresponding ground truth (in red). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 
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ically. From these equations, we can see that a larger value of each 
metric indicates more robust of the method. 

3.1. Qualitative evaluation 

To illustrate the effectiveness of our coronary vessel segmentation 
method, we also conducted experiments that segment coronary vessels 
using single U-Net network, Attention U-Net [34], Recurrent Residual 
Convolutional Neural Network based on U-Net (R2U-Net) [26] and 
Recurrent Residual and Attention U-Net (R2AttU-Net) [27]. The single 
U-Net network shares all the same parameters with our multiresolution 
and multiscale based U-Net network, except for taking original resolu-
tion of angiograms as network inputs and the 3 × 3 size of convolution 
kernel alone. 

Fig. 6 shows some examples of the segmentation results on the an-
giograms using single U-Net network, Attention U-Net, R2U-Net, 
R2AttU-Net and our method. From this figure we can see that single 
U-Net network, Attention U-Net, R2U-Net, R2AttU-Net tend to segment 
a continuous vessel into fragments (see the third row, fourth row, fifth 
row, sixth row of Fig. 6 One of possible reason is that the distribution of 
contrast along the coronary vessels is uneven. As shown in the seventh 
row of this figure, our segmentation method can segment the continuous 
vessels without segments. In addition, our segmentation method can 
accurately extract small and/or large sizes of vessels. The overlap be-
tween the results of our method and the corresponding ground truth is 
shown in the eighth row of this figure. 

3.2. K-fold cross validation 

We have conducted a K-Fold cross validation [36] to evaluate our 
coronary vessel segmentation methods. Parameter K was set to 6 in our 
experiments. Each fold has 22 angiograms and each angiogram is 
assigned to one fold only. Each fold has a chance of being test data and 
the remaining folds being the train data. Table 1 shows the quantitative 
evaluation using the K-Fold cross validation. From this table, we can see 
that our segmentation method gave similar values of Accuracy, Sensi-
tivity, Specificity, Positive Predictive Value, and dice Coefficient for 
K-Fold cross validation. Therefore, our method can be general for an 
independent angiogram dataset. 

3.3. Quantitative evaluation 

We also conducted two types of experiments: multiscale strategy +
U-Net and multiresolution strategy + U-Net. The multiscale strategy +
U-Net integrated scales 1 × 1, 3 × 3, 5 × 5 and 7 × 7 into the convolution 
operation of U-Net model, instead of 3 × 3 convolution only. The mul-
tiresolution strategy + U-Net uses a set of multiresolution images con-
structed from an original image as input for the U-Net model. Table 2 
shows the quantitative results of these two strategies. It is clear that the 
multiresolution strategy + U-Net gave the better result with the higher 

Dice Coefficient (0.7752 in the Table) whereas the multiscale strategy +
U-Net had the lower Dice Coefficient (0.7661 in the Table). Compared 
with the Dice Coefficient of method using Single U-net (in the Table 3), 
multiscale strategy + U-Net gave the highest Dice Coefficient of 0.7752, 
followed by Dice Coefficient of 0.7661 for the multiscale strategy + U- 
Net and single U-Net gave the lowest Dice Coefficient of 0.7571. This 
indicates the effectiveness of multiresolution strategy and multiscale 
strategy with U-Net, respectively. 

Table 3 demonstrates the comparison of segmentation results be-
tween our method and other 20 methods including single U-Net 
network, Attention U-Net, R2U-Net and R2AttU-Net. From this table we 
can see that our method provides the highest Accuracy value (0.9765), 
the highest Specificity value (0.9885), the highest Positive Predictive 
Value (0.8137), and the highest Dice Coefficient (0.7905). Compared to 
the single U-Net network method, the performance of our method is 
significantly improved from 0.7165 to 0.7978 and 0.7571 to 0.7905 in 
terms of Specificity and Dice Coefficient, respectively. Although the 
Sensitivity value of our segmentation method are lower than other 13 
methods except single U-Net, Attention U-Net, R2U-Net, R2AttU-Net, 
VSSC Net [3], SVS-net [2] and Fernando et al.’s method [16], the Pos-
itive Predictive Value and Dice Coefficient of our method are signifi-
cantly higher than other 20 methods. 

Fig. 7 shows the results of our method with different values of batch 
size. From this figure we can see that our method with the value of batch 
size as 4 provides the best performance with highest dice coefficient. 

3.4. Execution time 

Table 4 shows the comparison of average execution time per image 
between our method and other different U-Net based methods including 
single U-Net network, Attention U-Net, R2U-Net and R2AttU-Net. From 
the table it is evident that there was no significant increase in execution 
time when changing from single U-Net network (0.38 s) to our method 
(0.39 s). 

4. Discussion 

Although our method is used to the segmentation of coronary vessels 
in XRA images, it is also suitable for the segmentation of retinal blood 
vessels in Digital Retinal Images (DRI). Since our method takes greyscale 
images as training and testing data, segmenting retinal blood vessels 
using our method needs to convert DRI as colour images to greyscale 
images firstly. Other segmentation processes for retinal vessels are same 
as those of our method for coronary vessels. Due to the unavailability of 
coronary vessel disease information such as the position of stenosis and 
plaque in the public database, the performance of our method regarding 
coronary vessel pathology was not reported in this stage of the paper. 

Since the CLAHE algorithm redistributes the histogram bins with the 
corresponding counts over a user-defined threshold to all the bins 
evenly, such an algorithm can prevent the enhancement of noise. 
However, the Frangi Filter [48] conducts image enhancement by 
computing a Hessian matrix with the second partial derivative of an 
image, which is sensitive to noise. For the unsharp masking technique 
[47], noise is often enhanced by the convolution operation between an 
image and a sharpen filter. 

5. Conclusion 

We have presented a coronary vessel segmentation method that in-
tegrates multiresolution and multiscale convolution filtering into an U- 
Net network for XRA images. Our segmentation method constructs a set 
of multiresolution images, which are convoluted with a set of kernels in 
different scales. It can therefore deal with coronary vessels with uneven 
distribution of contrast and various branch thickness in different posi-
tions. We have evaluated our segmentation method against 20 other 
competitive segmentation techniques on XRA images from a benchmark 

Table 1 
The results of K-Fold cross validation of our method (k = 6).   

Accuracy Sensitivity Specificity Positive 
Predictive Value 

Dice 
Coefficient 

Fold 
1 

0.9773 0.7984 0.9891 0.8155 0.7968 

Fold 
2 

0.9739 0.7947 0.9853 0.8105 0.7894 

Fold 
3 

0.9757 0.7960 0.9861 0.8128 0.7902 

Fold 
4 

0.9763 0.7969 0.9875 0.8132 0.7901 

Fold 
5 

0.9778 0.7984 0.9887 0.8155 0.7912 

Fold 
6 

0.9747 0.7953 0.9852 0.8124 0.7898  
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database. The experimental results show that our segmentation method 
outperforms these 20 methods. 

In the future, we will investigate the performance of incorporating 
multiresolution and multiscale convolution filtering into Attention U- 
Net, R2U-Net and R2AttU-Net. 

Declaration of competing interest 

The authors declare that they have no conflict of interest. 

Table 2 
The results of multiscale strategy + U-Net and multiresolution strategy + U-Net.   

Accuracy Sensitivity Specificity Positive Predictive Value Dice Coefficient 

Multiscale strategy + U-Net 0.9730 0.7693 0.9871 0.7960 0.7661 
Multiresolution strategy + U-Net 0.9729 0.7890 0.9865 0.7897 0.7752  

Table 3 
Comparison of segmentation results of ours method and other 20 methods on the testing data of 30 angiograms.   

Accuracy Sensitivity Specificity Positive Predictive Value Dice Coefficient 

Our method 0.9765 0.7978 0.9885 0.8137 0.7905 
VSSC Net [3] 0.9749 0.7634 0.9857 0.7568 0.7738 
SVS-net [2] 0.9736 0.7429 0.9843 0.8075 0.7693 
Single U-Net [42] 0.9758 0.7165 0.9815 0.8129 0.7571 
Attention U-Net [34] 0.9712 0.7378 0.9874 0.7901 0.7476 
R2U-Net [26] 0.9719 0.5046 0.9852 0.6624 0.6116 
R2AttU-Net [27] 0.9687 0.6018 0.9876 0.7037 0.6580 
Fernando et al. [16] 0.9698 0.6363 0.9880 0.7434 0.6857 
Otsu [21] 0.9173 0.9472 0.9157 0.3806 0.5430 
Ridler and Clavard [22] 0.9164 0.9478 0.9147 0.3779 0.5403 
Niblack [23] 0.9146 0.9370 0.9134 0.3717 0.5322 
Moment-preserving [51] 0.9081 0.9589 0.9053 0.3565 0.5197 
RATS [24] 0.8989 0.9646 0.8953 0.3350 0.4973 
Vessel repair [29] 0.8902 0.9664 0.8860 0.3168 0.4772 
Sauvola [32] 0.8884 0.9639 0.8843 0.3130 0.4726 
Entropy maximization [35] 0.8853 0.9744 0.8804 0.3082 0.4683 
Background unification [50] 0.8757 0.9721 0.8704 0.2909 0.4478 
Degree-based [37] 0.8581 0.9840 0.8512 0.2656 0.4183 
White [38] 0.8574 0.9682 0.8514 0.2627 0.4132 
Histogram concavity [39] 0.8442 0.9871 0.8363 0.2480 0.3965 
Local entropy [41] 0.8247 0.9900 0.8156 0.2270 0.3693  

Fig. 7. The results of our method with different values of batch size.  

Table 4 
Average execution time for each method.   

Execution time (s) 

Our method 0.39 
Single U-Net 0.38 
Attention U-Net 0.44 
R2U-Net 0.47 
R2AttU-Net 0.50  
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