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Abstract—Colorectal polyp recognition is crucial for early colorectal cancer detection and treatment. Colonoscopy is always employed
for colorectal polyp scanning. However, one out of four polyps may be ignored, due to the similarity of polyp and normal tissue. In this
paper, we present a novel method called NeutSS-PLP for polyp region extraction in colonoscopy images using a short connected saliency
detection network with neutrosophic enhancement. We first utilize the neutrosophic theory to enhance the quality of specular reflections
detection in the colonoscopy images. We develop the local and global threshold criteria in the single-valued neutrosophic set (SVNS)
domain and define the corresponding T (Truth), I (Indeterminacy), and F (Falsity) functions for each criterion. The well-built
neutrosophic images are processed and employed for specular reflection detection and suppressing. Next, we introduce two-level short
connections into the saliency detection network, aiming to take advantage of the multi-level and multi-scale features extracted from
different stages of the network. Experimental results conducted on two public colorectal polyp datasets achieve 0.877 and 0.9135 mloU
for polyp extraction respectively, and our method performs better compared with several state-of-the-art saliency networks and semantic
segmentation networks, which demonstrate the effectiveness of applying the saliency detection mechanism for colorectal polyp region

extraction.

Index Terms—Colorectal polyp, Polyp recognition, Polyp segmentation, Saliency detection, Short connection.

I. INTRODUCTION

Colorectal cancer (CRC) is the third most common cancer diagnosed in both genders in the United States?, and it is estimated
that there will be 104,270 new cases of colon cancer, and 45,230 new cases of rectal cancer in 2021. In addition, CRC is the second
most common cause of cancer deaths in the United States, and it is expected to cause about 52,980 deaths during 2021. According
to the reports published by Globocan’2020, CRC is also the third most common cancer in both genders across the globe? and the
second most prevailing type in terms of mortality globally [10]. The total number of deaths caused by cancer is 9.9 million in 2020,
and CRC-related deaths take up 9.4% [10]. Colorectal polyps are the precursors for CRC, and they are abnormal tissues growing in
the mucosal of the colon. A polyp may develop into cancer after 10 to 15 years if untreated [13]. Early diagnosis and proper
treatment are crucial for reducing the probability of CRC. Each 1.0% increase in the polyp detection rate will lead to a 3% reduction
in the risk of CRC [14]. Colonoscopy is the gold standard method for investigating the gastrointestinal tract. It is employed for
discovering polyps and resecting them before they transform into cancer. However, coloscopy is a highly operator-dependent
procedure, and one out of four polyps may be ignored in a single colonoscopy due to the human factors like clinicians’ skills or
subjectivity [15]. Additionally, evidence shows that missing cancer or incomplete resected lesions are the two key factors when
post-colonoscopy cancer occurs [16]. Extracting the polyp regions highly depends on doctors attention and practical experiences,

and it is very time-consuming. In addition to polyp detection, accurately segmenting the polyp becomes another crucial issue for

1https://www.cancer.org/cancer/colon-rectal-cancer/about/key-statistics/
2 https://gco.iarc.fr/today/home



improving the prognosis and survival rate of CRC. Therefore, a computer-aided fully automated system with the ability for
accurate polyp extraction is highly desirable. Such a polyp extraction system can provide an efficient way to reduce medical errors
and release clinicians from the heavy workload.

Automation of colorectal polyp region extraction is a quite demanding task with two main challenges. Firstly, the interclass
difference is small. The appearance inside the polyp area is similar to the normal area of the intestinal wall in colonoscopy images,
and there exists limited interclass variation between polyps and folds or vessels [17]. In addition, the boundary between the polyp
and the surrounding mucosa is sometimes very confusing, which considerably increases the difficulty of polyp region extraction.
Secondly, the intraclass variation of polyps is rather large in terms of locations, sizes, and morphologies. The problem of specular
reflections further aggravates this challenging issue [18]. Moreover, bubbles and fecal particles challenge the effectiveness of the
automatic extraction of the polyp region.

Many efforts have been made to tackle the aforementioned issues. In the early stage, hand-engineered methods [19-23] are
utilized to model the discriminative features and improve the performances of the polyp detection approaches. Features like
boundary information, context, color, shape, and texture are frequently employed to feed the recognition model. The
hand-engineered characterizations highly depend on the experience of scientists, it is quite challenging to design an adequate
feature vector for robust polyp description[21]. In recent years, deep learning-based approaches have shown prominent
performance in lots of fields, such as semantic relation extraction [24], medical lesion segmentation [25, 26], and natural image
analysis[4, 7, 27]. Benefiting from the deep learning technology, robust features can be automatically learned by a deep network
for specific tasks. The convolutional neural network (CNN) based strategy is widely adopted in the problem of extracting more
powerful features for polyp region extraction [28]. Currently, most existing methods treat the polyp region extraction as an image
segmentation issue [29-34]. Though such a scheme achieves a large gain than the traditional mechanism which employs
hand-engineered methods, there still exist many problems left to tackle, and its performance is still far from that of professional
doctors. Meanwhile, the saliency scheme shows its effectiveness for polyp region extraction [18, 35, 36], these results prompt us to
introduce the CNN-based saliency detection models into such a challenging issue. To fully utilize features in different levels, as
well as different stages of a network, we propose a saliency detection network with two-level short connections to handle the
colorectal polyp region extraction problem.

Due to the light from the colonoscopy and the shiny surface of the Gl tract, specular reflections usually exist on the wall of the
Gl tract. These reflections may result in the misdiagnosis of polyps [31]. Thus, lots of efforts have been done to remove the
specular highlights at the preprocessing stage when the computer-aided mechanism is considered for polyp detection [18, 19, 21,
22, 31]. Specular detection is the key step for the removal of the specular highlights. Currently, only simple features are considered.

For instance, the source image was usually converted into a specific color space. The intensity in the grayscale domain, the



saturation channel in HSI or HSV color space, and the value element in HSV color space were frequently employed. However, the
indeterminacy attribution has not been considered yet, and a simple thresholding scheme was usually used for detecting the regions
of specular reflections. Neutrosophic (NS) theory is a new branch of philosophy with the ability to deal with the origin, nature, and
scope of neutralities [37]. Lots of evidence have shown its effectiveness in modeling indeterminate information [38]. To facilitate
the detection of the specular region and better suppress the specular reflections, we employ the Single-Valued Neutrosophic Set
(SVNS)-based multi-criteria decision-making scheme to fully utilize the color feature, as well as the indeterminate information.
In this work, we present an effective polyp region extraction strategy (NeutSS-PLP for short) by employing the scheme of
saliency detection and the theory of neutrosophic. The key contributions of our work are given as follows:
* We define the local and global threshold criteria as well as the corresponding T, I, and F functions to transfer the specular
detection problem to the SVNS-based multi-criteria decision-making problem.
* We apply the CNN-based saliency detection network to deal with the colorectal polyp region extraction problem.
* We propose a saliency detection-based polyp extraction network with two-level short connections to take advantage of the
multi-level and multi-scale features extracted from different stages of the network.
The remainder of this paper is organized as follows. Section Il illustrates related work. Section Ill explains the details of the
SVNS-based specular reflection suppressing and the architecture of the NeutSS-PLP network based on the saliency detection with
two-level short connections. Section IV presents and discussed the experimental results. Finally, some remarks and conclusions are

given in Section V.

Il. RELATED WORK

A. Hand-engineered Methods for Polyp Extraction

Hand-engineered methods are widely employed to model the polyp features distinct from its surroundings in the early stage.
Ganz et al. [19] adopt the prior knowledge of the shape information of the polyps into a boundary detection and segmentation
algorithm. Since the specular reflections may distract the boundary detector, the saturation and value element in HSV color space
are jointly employed for extracting the regions of specular highlights, and a simple thresholding strategy is applied in [19]. The
images after inpainting are used for the next stages of the approach. The boundary information is also introduced into the work of
Bernal et al. [20] for polyp localization. The valley information is integrated to foster a better boundary of the polyps associated
with the concave and continuous attribution in [20]. In addition to the shape information, Tajbakhsh et al. [21] utilize the context
information to remove the non-polyp structure. The problem of specular reflections is also considered in [21]. Unlike the strategy
in [19], Tajbakhsh et al. use the knowledge of the distinct appearance around the polyp the specular highlights boundaries.

Gonzalez et al. [22] propose a novel method for polyp segmentation by jointly employing the characterization of the shape, color,



and curvature of edges. The threshold calculated by the average of the original image in grayscale is applied for extracting the
specular region by thresholding in [22]. The shape, color, and texture information are considered in [23] for polyp extraction.
Different from the aforementioned work, a unified bottom-up and top-down saliency approach [18] is proposed for polyp detection,
and it can yield a good performance, which proves that the scheme of saliency detection is suitable for handling the automatic polyp
recognition problem. For achieving even better performances, the specular reflections detection and image inpainting are also
introduced into the step of image painting in [18]. Similar to the works in [19, 22], the thresholding in HSI color space on the
channel of saturation and intensity is applied in the work of Yuan et al. [18] for specular reflections detection. Though the
hand-engineered methods have achieved great improvement, they are far from sufficient to discriminate the polyps from the

challenging surroundings [21].

B. Deep Learning for Polyp Segmentation

Due to the power of feature representation and analysis of the deep learning model, lots of deep learning-based methods are
proposed for extracting the polyp region. Brandao et al. [29] introduced the fully-connected convolution network (FCN) into the
polyp region extraction issue by converting AlexNet, VGG, and ResNets into FCNs. In addition, the generated depth information is
fed into the networks with the RGB information. Evidence in [29] proved the depth information boosts performance. SegNet was
applied in the work of Wang et al. [30] for polyps extraction. Considering the problem of object rotation, Yuan et al. [39] proposed
RIIS-DenseNet for polyp recognition with a joint loss function by applying the rotation-invariance and the image similarity
regularization constraints. Several CNN-based approaches show that error predictions may occur in the inference of specular
highlights, such as the ResNet50-FCN [29] and DeepLab v3+ [40] networks. Recently, several complicated CNN-based schemes
have been proposed for achieving more precise pixel-wise polyp segmentation. A dual-tree wavelet pooled CNN combined with a
new method of the region-based level-set was proposed in [31], and an approach of specular reflections detection and suppressing
was employed in the preprocessing step to decrease the probability of miss-diagnosis of polyps. Fan et al. [32] introduce the
attention mechanism into PraNet. A global map was generated in [32] by utilizing the high-level features, and the global map
combined with the boundary cues is employed for guiding the polyp extraction. The boundary cues were also considered in the
work of Fang et al. [33] for polyp segmentation. Fang et al. [33] utilize a shared encoder and two mutual constrained decoders of
area-boundary branches to sufficiently exploit multi-scale information. To further improve the polyp segmentation accuracy by
sematic guiding, the extension of the faster R-CNN is applied for predicting the polyp proposal, and the semantic information
generated in the stage of polyp proposal is transferred to the task of segmentation to facilitate polyp extraction results. Jha et al. [34]
introduce ResUNet into the polyp extraction issue and proved the conditional random field and the test-time augmentation can
facilitate the performance. All the above work for the polyp extraction belong to the class of CNN-based segmentation mechanism,

and there still exists a big gap between current performance than that of a professional physician. Different from the schemes



mentioned above, we introduce the saliency detection mechanism into this issue, and results show the effectiveness when

employing a saliency detection network.

C. Saliency Analysis for Polyp Extraction

Since the polyp can be regarded as the salient object in colonoscopy images, several relevant papers have been published [18, 35,
36]. Sasmal ef al. [35] use the visual saliency map for the rough detection of the polyp region, and the modified particle filter
tracking mechanism based on the generated saliency information is employed for the task of polyp extraction in a colonoscopic
video. The saliency map applied in [35] is predicted on the basis of the fusion of the frequency, color, and location prior
information. A traditional saliency detection algorithm is adopted by Deeba et al. [36] for saliency region detection. The candidate
saliency proposals were then utilized for the final classification step by extracting the HOG feature in the corresponding regions in
[36]. These works have proved the potential effectiveness of the saliency detection mechanism for the problem of computer aided
polyp region extraction. The CNN-based saliency detection networks have achieved great progress than the traditional ones [41].
However, to our best knowledge, the CNN-based saliency detection network has not been deployed to deal with such a challenging
polyp extraction issue. Instead of directly utilizing a traditional network, we propose a new saliency detection network for polyp
extraction, which utilizes two-level short connections to take advantage of the multi-level and multi-scale features extracted from

different stages of a network.

D. Neutrosophic Set

SVNS is a subset of the neutrosophic set [42], which provides an additional probability to represent uncertainty, imprecise,
incomplete, and inconsistent information in the real world. NS has been widely applied in a lot of fields to deal with uncertain
problems, such as image segmentation [43, 44], object tracking [45, 46], medical analysis [47-49], sentiment analysis [50], and
multi-focus image fusion [51]. Both NS-based decision-making [52] and similarity measure [49, 53] are frequently employed for
dealing with information fusion, as well as finding the solution deemed to be satisfactory. To transfer the information into the NS
domain, the corresponding T (Truth), I (Indeterminacy), and F (Falsity) functions are usually defined [43-45, 47, 48]. Due to the
ability of NS in tackling uncertainty problems, it has shown its effectiveness when confronting noisy circumstances [47]. To better
reduce the inference caused by the specular reflections, and improve the performance of specular reflections detection and

suppressing, the SVNS is introduced into this work for fusing the color feature and the indeterminate information.

I1l.  METHODS

The structure of the proposed NeutSS-PLP is shown in Fig. 1. To decrease the interference of the specular reflections to the
polyp detection net, a new method for specular reflection detection based on SVNS is developed. Furthermore, to reduce the risk of

losing detailed information about the polyp after specular reflections suppression, both the source image and the image after the



suppression of specular reflections are employed to construct the training set. In each iteration, images are randomly selected for
training. To speed up the extraction of the polyp region, only the source image is employed for testing. So that the cost of specular
reflections suppressing can be saved during the inference. Additionally, to fully use the features extracted from different levels and
scales, we have developed a saliency detection network with two-level short connections. All these strategies are employed in our

work, aiming at achieving enhanced performances in dealing with normal colonoscopy images.
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Fig. 1. Architecture of the proposed NeutSS-PLP for polyp region extraction. It is comprised of two stages: specular reflections detection and suppression
stage, and polyp region extraction stage. The VGG net[2] is employed as the backbone. Two-level short connections are introduced into the saliency detection
network, namely NeutSS-PLP net. Each dashed line with an arrow is selectable, which means each dashed line can be deleted, and each remaining dashed line
means a short connection. The purple dashed lines correspond to low-level short connections, and the black dashed lines correspond to high-level short
connections. The dashed bounding box means that the convolutional layer only exists when there are corresponding short connections.

A. Specular Reflections Suppressing

Specular reflection frequently exists in colonoscopy images, and the saliency detection network may be disturbed if the images
with high reflectivity are directly fed into it. Therefore, we try to suppress the specular reflections by recovering the corresponding
regions, as seen the suppressed image in Fig. 1. Specifically, we first employ the SVNS scheme for the task of specular reflections
detection, then recover the detected specular regions by using a method of dynamic searching based inpainting.

1) SVNS

The NS theory is proposed by Smarandache [37], which is useful for handling fuzzy information, especially for indeterminacy
information. However, it is very difficult to utilize traditional NS theory to deal with practical problems due to each membership
degree for an alternative in the traditional NS theory is a non-standard interval. The corresponding membership degree is with a

specific value in the SVNS theory, which brings the NS theory into practical problems. Suppose A is an alternative in the SVNS



domain, it can be represented as
A={(C;, g lei, Fe)pi=1,m, )
where C; is the i-th criterion, Tc;i denotes the degree of A satisfying with C;, Ic; indicates the indeterminacy of A when the criterion

Ci, Fci presents the degree to which A does not satisfy Ci. All these three memberships locate in the range of [0,1].

The cosine similarity score [54] has been widely used for evaluating the similarity between two alternatives in the SVNS

domain. Suppose the alternative A’ = {(Ci e 16 R )} , the corresponding cosine similarity can be calculated by

@)

’ ’ ’
Cs = Zn:W ToiTe +lgle + R
< ! 2 2 2 2 r 2 72
=1 Ta +lg"+F \/Tci +1g"+ R

where wi is the weight for the i-th criterion, w, €[0,1], Zn:wi =1.
i=1

2) Specular Reflections Detection via SVNS

As shown in Fig. 2(a), pixels with high values of intensity are likely to be in specular regions. However, it is difficult to judge the
attribution of the pixels near the edges of regions. To fully utilize such kind of information and achieve a better performance of the
specular detector, indeterminacy information is considered. We treat the specular reflections detection task as a multi-criteria
decision-making problem. For the proposition of specular pixel with relatively high intensity, Ti, I, and F, represent the
probabilities when the proposition is true, indeterminate, and false, respectively. Considering the local suppression criterion, the
calculation of these three probabilities of pixel x is defined as follows:

Fmid (x) — Fmid,

0= g, . —Fmid,,, ®
W= g, @
FRO)=1-T/(x), ®)

where Fmid(x) is the intensity value at the position of x on the image after intensity thresholding and differential calculation using
median filter processing, Fmidmin and Fmidmax are the minimum and maximum values on the image Fmid, respectively. The
Laplacian of Gaussian filtering is known as an intuitive procedure for extracting robust edge information. The parameter Gl in Eq.
(4) is the gradient magnitude value at location x after the Laplacian of Gaussian filtering, and Glmin and Glnax are the corresponding

minima and maxima values on the image GI. Fmid(x) is calculated by

|G(x)-Gmid(x)| else

0 if (G(x) <t,) ©)

Fmid (x) :{

where G is the source colonoscopy image in grayscale, G(x) is the intensity at location x, Gmid(X) is the intensity at location x after
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Fig. 2. lllustration of SVNS-based specular reflections suppression. Each colonoscopy image has one polyp. (a) Original images, (b) Neutrosophic images, (c)
The truth-images based on the local suppression criterion, (d) The truth-images based on the global suppressing criterion, (e) The indeterminacy-images, (f)
Images after specular reflections suppressing.

median filtering on G, and the fixed threshold to is employed to filter out pixels that do not likely belong to bright spots. To keep the
high-intensity attribution of the pixel located in the region of specular reflection, the median filter is of relatively large size. The
truth-images calculated by using Eq. (3) and the indeterminacy-images calculated by Eq. (4) are shown in Figs. 2(c) and (e),
respectively.

Considering the specular reflections always occupy relatively small areas in a colonoscopy image. We propose the global
criterion for the decision-making problem in the SVSN architecture. The corresponding three membership functions Tg, lg, and Fg

are defined as follows:

_ FmC) - Fmy,
Tg (X) - meax - mein ’ (7)
I, () =1,(x), 8
F,(x)=1-T,(x), 9)
Fm can be calculated by

[ 16(x)—my| else
Fm(x) = {o if (G(x) <t,)’ (10)
mv:ﬁ > G(X),P={xx.G(x)>t}, (11)

X,XeP
where t; is a fixed threshold for filtering out the non-intestinal wall area on the image, |P| calculates the total number of the pixels
belong to the set P, P is a set which consists all pixels satisfy G(x) >t,. Asin Eq. (9), we calculate the mean intensity value of the
intestinal wall-like area. Like in Eq. (4), we get the Fm(X) by suppressing regions that are not likely to be specular reflections. The
parameters Fmmin and Fmmay are the minimum and maximum values on the image Fm, respectively.

Since the ideal alternative should be with the highest truth degree and with the lowest indeterminacy and falsity degree, the ideal

specular alternatives under the local and global suppression are set to be A. :{<C,,1,0,0>}, A ={<Cg,1,0,0>}, respectively.



Based on the cosine similarity measure in the SVNS domain (Eg. (2)), the neutrosophic similarity score at the position of x can be

obtained as follows:

T T + 1 ()1 + R (X)F.
T 002+ 1, ()7 + R ()2 T2 + 1,2+ F.2
T, )Ty + 1, ()14 + Fy (X) .
+W,
! \/Tg (X)? +1,(x)* + F, (x)* \/Tgf +1,.0+F.°
_ w T, (x) N w, T, (X)
\/Tu (% +1,()* + R (x)? \/Tg ()7 + 1,00 + Fy (x)?

Ns(x) =w,

: (12)

where w; and wq are the weights for the local and global suppression criteria, respectively, and wj + wg = 1.

By using Eqg. (12), we can construct the neutrosophic image Ns. As in Fig. 2, the Ns highlights the specular regions. Thus, the
fixed thresholding method is simply applied for Ns, and pixels with relatively high values are judged as regions of specular
reflections.

3) Suppressing via Image Inpainting

The method of dynamic searching based inpainting [55] is applied for suppressing the specular highlights here. A dynamic
window is employed for searching the non-specular pixels near each specular pixel. The eight-neighbors window is first
considered. As in Fig. 3, the searching window with a specific size is rotated in counter-clockwise order. The search process will
not stop until the required amount of information is covered. For example, at least six non-specular or painted pixels are covered by
the search window. The window size will be increased from 3 to 5, 7, and 9, and the same rotating search procedure will be
executed until enough non-specular or painted information is collected. As there always exists non-specular or painted pixels
nearby a specular pixel, the iteration always stops on a step when the search window size is set 3 or 5. Finally, the average value of

the collected pixels in RGB color channels is used to paint the corresponding specular pixel. The resulting samples are illustrated in

=

Fig. 2(f).

S2 S3 S4
S5 S6 S7 S8

Fig. 3. lllustration of each rotating step for a 3x3 search window. The search window is adapted from Step S1 to S8 successively.

B. NeutSS-PLP Network Architecture

Salient object detection is quite challenging. A good salient object detector should have the capability of extracting the visually



distinctive regions from an image. In other words, it should be capable of fusing the multi-level and inherent features. A deep
enough network can learn multi-level features, and the strategy of multiple stages with different strides helps the network learn
inherent features from different scales [1, 5, 6]. Figure 4 shows that Hypercolumn network [1] simply fuses information from skip
layers with different scales. HED network [6] employs side-output layers at each stage of the VGG network [2]. It has been proved
that the HED architecture is not suitable for salient object detection [5]. To deal with the problem of information fusion from both
shallow and deep side-outputs, short connections are applied for the DSS[5] network. As in Fig. 4(c), for each stage of the VGG
network, features are directly fed back to the low-level layers behind side networks. Thus, such a top-down DSS approach can yield
improved performances for saliency detection.

The UNet [56] architecture has been demonstrated to be efficient in handling the problem of medical images segmentation. The
U shape method provides an effective way to transmit the information from deeper layers to shallower layers, and this approach
helps the network jointly fuse multi-level and inherent features before making the final prediction. Motivated by the scheme of the
DSS and UNet network, we introduce short connections on both sides of the side networks in each stage of the VGG network.

The architecture of our NeutSS-PLP network is shown in Fig. 1 and Fig. 4(d). In the following sections, we will explain the DSS

architecture and introduce the scheme of two-level short connections, which is the key of the NeutSS-PLP network.

_______________________________________________ 1

| S— s | s e Hidden Layer | Loss Layer]

— -
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@ (b) (© (d)
Fig. 4. Illustration of main architectures of different networks. (a) Hypercolumn [1], (b) HED [6], (c) DSS [5], (d) Ours. Short connections are introduced into
our NeutSS-PLP network on both sides of side networks to take full advantage of features extracted from different stages and layers of the network.

1) DSS architecture

Motivated by the HED architecture to better utilize the multi-level information, the center idea of fusing information of
side-output at the last convolution layer in each block of the VGG network is incorporated into the DSS network. In addition, side
networks are utilized to further process the features in each side-output before the operation of short connections, as in Fig. 4(c).

Unlike the HED network that employs five side-outputs of the VGG network, the DSS architecture utilizes the side-output of the
last pooling layer, since the feature produced by this layer retains some relevant location information. Suppose W denotes the
collection of all standard network layer parameters. Each side-output is with a classifier, whose weights parameters can be
represented by w = (W®, w®@, ..., wM), where M is the total number of the side-outputs. The loss function of the side-output in the

DSS network is represented by [5]



M
Lyge (W, W, 1) = > 152 (W, W™ 1), (13)

m=1
where ¢, is the weight of the mth side-output loss, and r:{rim} , i >m, which is a control vector for the construction of the short

connections. The side activation for the DSS network at the mth side-output is [5]

M
r"RO 4+ AM else
R = i:Zm;rl R + A ) (14)
G if (m=M)
where A are activations of the mth side-output before connected to deeper layers with short connections, and r™ is the weight of
the short connection from the ith side-output to the mth side-output. r™ can be set to be 0, if there is no need to construct the

corresponding short connection. The standard cross-entropy loss is applied for computing the loss function over all pixels in an

image, and the mth side-output loss 1™ in Eq. (13) is defined as

side

15 (W, W™ r) ==z, logPr(z; =1| X; W,w™,r)+(1-z;)logPr(z; =0| X; W,w™,r) (15)

side
ZJEZ

where a training image X={x;,j=1..[X|} , the corresponding ground truth saliency map Z={z;,j=1..|Z|} ,
Pr(z; =1| X; W, w™ r) denotes the probability of the activation value at location j in the mth side-output, which can be calculated

by using the sigmoid function on the activations of R{™ at location j. Both the loss of the side-outputs and the final output after

side

weighted fusion are considered in the DSS network. The fusion loss function is [5]:

side

M
Lue (W W, f,1)=0(Z,> f,RE), (16)
m=1

where the fusion weights f:{ fihe Ty } ,and o(-,-) denotes the function for calculating the distance between the fused predictions

and the corresponding ground truth saliency map. The loss function defined in Eq. (15) is employed for obtaining o(,-) .

Therefore, the final loss of the DSS saliency detection network is [5]:

Lfinal (W,W,f, r) =L

e (Wow,r)+ Lo (W, w,f,r). a7

fuse
2) Two-level Short Connections

As seen from Fig. 1 and Fig. 4, the proposed NeutSS-PLP network owns two-level short connections. Considering the deeper
side-outputs are with more global information, we develop the scheme of short connection in the DSS for transmitting the
high-level features to the shallower layers, whose outputs contain more details. The side networks architecture used in the DSS is
employed to handle the demanding salient object detection task. Each side network contains two convolutional layers with

different channels and kernel sizes. The details can be found in Table 1. Compared to the DSS network, this side network is with



half channels corresponding to each convolutional layer in DSS.

Table 1
Details Of Each Side Network.

Network 1 2
CONVN-1 3x3, 64 3x3, 64
CONVN-2 3x3, 64 3x3, 64
CONVN-3 5x5, 128 5x5, 128
CONVN-4 5x5, 256 5x5, 256
CONVN-5 5x5, 256 5x5, 256
CONVN-6 X7, 256 X7, 256

(kxk, N) represents the convolutional layer with N channels, and the kernel size is K. “1” and “2” denote two convolutional layers in a side
network. Each convolutional layer Is followed by a Relu layer.

As shown in Fig. 1, there are two parts of short connections in our network. If we split the network into the left and right parts by
each side network block, the right part corresponds to the DSS short connections architecture. When ignoring all the short
connections, we can discover that the information flow goes along the side networks from the left side to the right side. In other
words, features processed on the right side can be considered as high-level features. Thus, for the two-level short connections

scheme, we call the left part the low-level short connections and the right part the high-level short connections.

Our new side activations Fi;";g at the mth side-output of the network can be defined as

M
< "R, + AL else
R(m) _ i:;u i side &lde 7 (18)

side
A if (m=M)

ide
where M is the total number of the side-outputs. The activations ~‘{3§ at the mth side-output after the processing of the high-level

connection is given by

M

5 EmAD LA™ else

l%(i,ge) _ i:;rl i ide ide 7 (19)
(irgg if (m=M)

where &i?e) is the activation at the last convolutional layer of each block of the VGG network as well as the last pooling layer. "

and £" are the weights of short connections from the ith to the mth side layer for the high-level and low-level short connections,
respectively. The weight of the short connections can be set to 0, if we want to drop out the corresponding connections. To further
extract relatively high-level information before transmitting it to the shallower layers, we add a convolutional layer at the left side
of each side network. Each output of the low-level short connections is followed by a convolutional layer noted with a dashed
bounding box in Fig. 1. The dashed bounding box means that the convolutional layer only exists when there are the corresponding

short connections. The same bilinear interpolation operation as in the DSS network for up-sampling is used here. Suppose the

weights parameters of the classifier W at each side-output is denoted by W = (W®,W® ..., w™) . The loss of the side-outputs of



our NeutSS-PLP network is

M ~
Lo (W, W, 7, ) = D LG (W, 7, 7). (20)
m=1

mside

where T = {ﬁm} : I°={fim} , 1>m, which are the control vectors for constructing the two-level short connections, «, is the weight of

the mth side-output loss,. Considering the imbalance problem for the polyp detection issue, the loss of each side-output is computed
by employing the pixel-level class-balanced cross-entropy loss function. The loss function of the mth side-output is given by

15 (W, W™ F, 1) == 7, %IogPr(zj =1 X; W, W™, F, ) +(1-2;)
ZJEZ

2]
12

logPr(z; =0| X;W,W™,F,f), (21)

where Z, and Z_ denote the polyp and non-polyp ground truth label sets, respectively, |.| function calculates the number of labels

in a specific set, other symbols are with similar definitions in Eg. (15).

The fusion loss function of our network can be represented by

M
I:fuse (Wv W7f1 r, f) = U(Z, z f ﬁ(m) . (22)

m' ‘side
m=1

By combining the side-outputs loss and the fusion loss, we can get the final loss:

I:final (W, va! F7 F) = I:side (W! W! fv i;) + I:fuse (W’ W’f7 F’ I’;) ' (23)

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, we first introduce the test dataset and parameter setting. Next, we demonstrate the results of the specular
reflections suppression. A comprehensive study on the colorectal polyp extracting network is further conducted, and the detailed
results of the polyp region extraction are illustrated. Our methods are compared with some of the state-of-the-art saliency detection

schemes.

A. Dataset and Settings

1) Dataset

Two datasets are employed. We use the EndoScene [57] and the Kvasir-SEG[58] dataset for evaluating the effectiveness of our
approach. The EndoScene dataset is combined with the CVC-ColonDB and CVC-ClinicDB datasets. The CVC-ColonDB dataset
is built up by extracting 300 images from 13 polyp video sequences acquired from 13 patients, and the corresponding polyp masks
are given. The images in the CVC-ColonDB dataset are with the same resolution of 500 X 573. The CVC-ClinicDB dataset
includes a total of 612 images with associated polyp masks obtained from 31 polyp video sequences of 23 patients. The image
resolution is 384 X 288 for the CVC-ClinicDB dataset. The Kvasir-SEG dataset consists of 1000 gastrointestinal polyp images

with various resolutions from 332 X 487 to 1920 X 1072. All the images are downsampled to 256 X 256 in this work. The



associated specular masks are also included in the EndoScene dataset. We split the EndoScene dataset into training, validation, and
testing sets according to [33, 57], which contain 547, 183, and 182 images, respectively. For the Kvasir-SEG dataset, we randomly
select 800 images for training, and the left 200 images are utilized as the testing set. To reduce the risk of overfitting in training the
model, we use vertical flip, horizontal flip, rescaling, random rotation, and color jittering for data augmentation.

2) Experimental settings

Based on Eq. (18) and Eq. (19), short connections can be selectively dropped by setting the parameters ", £" to be 0. In this

paper, the network pattern of the NeutSS-PLP is given as follows:

6 - ~

> EMRG, + A if(m=12)
L | N
T ERE, +ETRE, + AR if (m=3,4) (24)

AR if (m =5,6)

A (M) . _
&(lrg) _ ) Phice if (m=1,2,5,6) | 5)
C AR £ AR 4 A if (m=23,4)

where the parameters ", £" in Eq. (24) and Eq. (25) are all set to 1. We also construct another pattern of short connections of the

NeutSS-PLP for ablation study. As in Table 2, we call such a network NeutSS-PLP-P1 for short, which has the same high-level

short connections as the NeutSS-PLP. The low-level short connections in NeutSS-PLP-P1 are defined as

{ A if (m=1,2,3,5,6) (26)

'Z‘&(Ee) = ~ ~ A :
A, + B AL + Al if (m = 4)

For the specular reflections suppression, each colonoscopy image is normalized between 0 and 1. The thresholding parameter to
is set to be 0.65 in order to filter the regions that do not consist of specular pixels, and t; is set to be 0.15 to filter the non-intestinal
wall area. The weighting parameters w; and wq for calculating the neutrosophic similarity score are chosen to be 0.5, and the final
threshold for extracting the specular reflection region is set to be 0.4.

At the training stage, the Adam optimizer is used as the optimized method, and a mini-batch size of six is applied for model
training. The initial learning rate is set to be 5e-5, and it is decreased to 5e-6 at epoch 50. All the models are implemented using the
PyTorch package and trained with 100 epochs. Specifically, the CUDA version is 10.2, the cuDNN version is 10.1.243, the
PyTorch version is 1.3.1, and the python version is 3.7.4.

3) Evaluation metrics
We use nine evaluation metrics to evaluate the performance of our method: F1 score, F2 score, Precision, Sensitivity, specificity,

overall accuracy, Intersection-over-Union for Polyp region (loU_P), loU for Background region (loU_B), and Mean loU (mloU).



Table 2
Ablation study of the proposed method in EndoScene dataset.

Model F1 F2 Precision Sensitivity Specificity Accuracy mloU loU_B loU_P
DSS[5] 0.862 0.840 0.903 0.825 0.992 0.964 0.853 0.962 0.744
DSS-LC 0.867 0.847 0.902 0.834 0.992 0.966 0.856 0.963 0.750
DSS-LF-LC 0.871 0.855 0.900 0.844 0.993 0.969 0.865 0.966 0.763
DSS-Neut 0.869 0.843 0.917 0.826 0.994 0.966 0.861 0.963 0.758
DSS-LC-Neut 0.867 0.848 0.900 0.837 0.993 0.967 0.861 0.965 0.758
DSS-LF-LC-Neut 0.875 0.858 0.907 0.846 0.993 0.968 0.867 0.966 0.769
NeutSS-PLP-P1 0.876 0.859 0.906 0.848 0.993 0.968 0.866 0.966 0.767
NeutSS-PLP 0.886 0.872 0.919 0.864 0.994 0.971 0.877 0.968 0.787

Abbreviations - LC: light channel; Neut: training with specular reflections suppressing images via SVNS; LF: layer fusion.
B. Ablation Study

In this section, several ablation studies are given to evaluate the key components of the proposed approach. The experimental
results are summarized in Table 2.

1) Baseline: The DSS network with the VGG16 backbone is adopted as the baseline. The recommended short connection pattern
is applied. The smoothing method of the fully connected Conditional Random Field (CRF) is not applied here, because we discover
that the CRF strategy cannot improve the performance in dealing with the polyp region extraction issue.

2) Side network: Each side network contains two convolutional layers in both the NeutSS-PLP and DSS networks. The only
difference is that each side network is the half size of the channels of the DSS network. For convenience, we call the half-size
side-network Light Channel (LC). As in Table 2, DSS-LC performs better on all evaluation metrics except for Precision when
compared with the DSS. This result demonstrates that the side network with the light channel is appropriate for extracting the
polyp-like features.

3) Layer fusion: Two-level short connections are introduced into the NeutSS-PLP network. The method with Layer Fusion (LF)
settings means that the low-level short connections are included, and the corresponding pattern of the short connections follows the
NeutSS-PLP network. The LF is added, and the performance of DSS-LF-LC is shown in Row 3 in Table 2. A slight decrease occurs
for the Precision metric, and the other evaluation metrics increase. Especially, Sensitivity increases by 1%, and loU_P increases by
1.3%, compared to the results of the DSS-LC, which prove the effectiveness of the two-level short connections. As can be seen in
rows 7 and 8, the NeutSS-PLP network outperforms the NeutSS-PLP-P1 network on all the evaluation metrics. A gain of 2% is
achieved when more low-level short connections are introduced into the network. This result demonstrates that the network can
benefit from the information interactions.

4) Neutrosophic specular reflections suppression: In Fig. 1, besides the source colonoscopy images, we use the images after
specular reflection suppression as the input of the polyp region extraction network. To investigate the effect of introducing the
suppressed images into the training stage, we add this scheme to the DSS, DSS-LC, and DSS-LF-LC networks. Table 2 shows that
almost all the evaluation metrics increase when the suppressed images are applied for training, especially, the loU_P increases by

1.9% for the DSS network. These results indicate that the suppressed images can provide another dimension of input information,
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Fig. 5. Qualltatlve comparison of polyp region extraction results by different methods for the EndoScene dataset. From left to right are the test images, specular
reflections suppressing images via SVNS, results of segmentation models FCN8S[3], FCN16S[3], PSPNet[8], ENCNet[9], OCNet[11], DUNet[12], results of
saliency detection models ITSD[4], PFA[7], results of the NeutSS-PLP network, and ground truth. Examples (a-b) are from the CVC-ColonDB dataset, (c-f)
are from the CVVC-ClinicDB dataset, (a-i) are from the Kvasir-SEG dataset.

since the flattened specular regions on the image plane are restored. The network is capable of learning more robust features with

(H)

(h)

).

little disturbing of the specular problem.

5) Loss function: For the class-imbalance problem, the weighted loss function Eq. (21) is applied for the NeutSS-PLP and the
NeutSS-PLP-P1 network, and the other networks in Table 2 employ the traditional pixel-level cross-entropy loss function. The loss
function is the only difference between the DSS-LF-LC-Neut and NeutSS-PLP networks. All the evaluation metrics increase with
the weighted loss function. In particular, loU_P, mloU, Sensitivity, Precision, F2, and F1 increase by 1.8%, 1.1%, 1.8%, 1.2%,
1.4%, and 1.1% respectively. In addition, comparing the results of the DSS-LF-LC-Neut network and the NeutSS-PLP-P1
network, we find out that the performance difference is rather small, even the NeutSS-PLP-P1 network employs simpler low-level
short connections.

In summary, compared to the traditional DSS network, the NeutSS-PLP gains 2.4%, 3.2%, 1.6%, 3.9%, 0.2%, 0.7%, 2.4%,
0.6%, and 4.3% for the F1 score, F2 score, Precision, Sensitivity, Specificity, Overall Accuracy, mloU, loU_B, and loU_P,

respectively.



Table 3
Comparison of polyp region extraction results between our proposed NeutSS-PLP and other saliency detection models in the EndoScene

dataset.
Model F1 F2 Precision Sensitivity Specificity Accuracy mloU loU_B loU_P
ITSD[4] 0.881 0.887 0.872 0.891 0.991 0.975 0.816 0.973 0.659
PFA[7] 0.86 0.866 0.851 0.869 0.991 0.973 0.852 0.971 0.734
NeutSS-PLP 0.886 0.872 0.919 0.864 0.994 0.971 0.877 0.968 0.787
Table 4
Comparison of polyp region extraction results between our proposed NeutSS-PLP and other saliency detection models in the Kvasir-SEG
dataset.
Model F1 F2 Precision Sensitivity Specificity Accuracy mloU loU_B loU_P
ITSD[4] 0.9176 0.9153 0.9216 0.9137 0.9859 0.9688 0.8479 0.9636 0.7323
PFA[7] 0.8957 0.902 0.8854 0.9063 0.9874 0.965 0.8806 0.9571 0.8042
NeutSS-PLP 0.9286 0.9239 0.9366 0.9208 0.9903 0.9738 0.9135 0.964 0.863

C. Comparison with Baseline Models

In this section, we compare the proposed method with two saliency detection models ITSD [4] and PFA [7], as well as six
segmentation models FCN8S [3], FCN16S [3], PSPNet [8], ENCNet [9], OCNet [11], and DUNet [12]. The qualitative comparison
results are shown in Fig. 5, and the quantitative comparison results are given in Tables 3-6.

Because our two-level short connections scheme concentrates on enhancing the interactions among the low-level and high-level
features, we select the comparison algorithms by considering whether they make use of multi-scale or information interaction
between different layers. The PFA network employs the attention scheme to focus on the effective context and spatial structural
features, and achieves state-of-the-art performances on saliency detection. The ITSD network considers the correlation between
saliency and contour in which a saliency branch and a contour branch are applied, and interactive feature transmission between
brunches is utilized to enhance the ability of saliency detection. FCN is a conventional fully connected segmentation model, and
the FCN8s and FCN16s networks are two basic versions of the FCN approach. Similar to the PFA network, PSPNet also uses the
pyramid strategy. PSPNet utilizes the global information by applying the pyramid pooling module, and it can yield good
performances on various datasets. Similarly, ENCNet deploys the context encoding module to capture the global contextual
information for semantic segmentation. To capture even richer context information, OCNet combines the pyramid pooling scheme
in PSPNet, the atrous spatial pyramid pooling, and the interlaced sparse self-attention strategy. DUNet is a deformable UNet, in
which the deformable convolution and the upsampling operators are applied for adaptively extracting context information and
combing the low-level and high-level features. DUNet recovers the pixel-wise predictions from the low-resolution images and
outperforms a lot of conventional algorithms.

As shown in Fig. 5, Table 5, and Table 6, the proposed NeutSS-PLP network performs better than the six segmentation
algorithms in all the evaluation metrics for both datasets. In Table 3, when compared with these two saliency detection networks,

the ITSD network shows better performance than the NeutSS-PLP network in F2 score, Sensitivity, Accuracy, and loU_B metric.



Table 5
Comparison of polyp region extraction results between our proposed NeutSS-PLP and other segmentation models in the EndoScene dataset.

Model F1 F2 Precision Sensitivity Specificity Accuracy mloU loU_B loU_P
FCN8s[3] 0.78 0.793 0.837 0.819 0.985 0.953 0.818 0.954 0.682
FCN16s[3] 0.789 0.807 0.829 0.831 0.986 0.954 0.826 0.956 0.694
PSPNet[8] 0.842 0.838 0.917 0.843 0.994 0.966 0.866 0.964 0.769
ENCNet[9] 0.842 0.838 0.912 0.845 0.993 0.965 0.865 0.963 0.766
OCNet[11] 0.834 0.829 0.919 0.833 0.994 0.965 0.862 0.963 0.761
DUNEt[12] 0.842 0.843 0.906 0.853 0.992 0.963 0.868 0.963 0.772
NeutSS-PLP 0.886 0.872 0.919 0.864 0.994 0.971 0.877 0.968 0.787
Table 6

Comparison of polyp region extraction results between our proposed NeutSS-PLP and other segmentation models in the Kvasir-SEG dataset.
Model F1 F2 Precision Sensitivity Specificity Accuracy mloU loU_B loU_P
FCN8s[3] 0.8809 0.8838 0.8985 0.8925 0.9831 0.9636 0.8808 0.9526 0.8089
FCN16s[3] 0.8756  0.8866 0.8767 0.9015 0.9775 0.961 0.8735 0.949 0.798
PSPNet[8] 0.8919  0.8951 0.903 0.9021 0.9854 0.9702 0.8952 0.96 0.8303
ENCNet[9] 0.8812 0.8804 0.9101 0.8861 0.9825 0.9583 0.8853 0.9535 0.817
OCNet[11] 0.808 0.7862 0.8768 0.7827 0.984 0.9326 0.8144 0.9306 0.6983
DUNEt[12] 0.8958  0.9027 0.9003 0.9137 0.9787 0.9564 0.8927 0.9557 0.8295
NeutSS-PLP 0.924 0.9243 0.9235 0.9245 0.9887 0.9742 0.9137 0.9653 0.8621

We hypothesize the ITSD network can work well for polyp region extraction, due to the fact that the contour information fusion
and different layer features are considered. However, the NeutSS-PLP network achieves 12.8%, 6.1%, 4.7% gains than the ITSD
network in loU_P, mloU, and Precision, respectively. For the issue of polyp region extraction, the mloU metric and loU_P metric
are quite important. Our approach performs the best among all the comparison algorithms with regard to the following metrics:
mloU, loU_P, F1 score, Precision, and Specificity. Although the ITSD network outperforms our approach by 2.7% in Sensitivity,
it performs worse in the other metrics like Precision and loU_P. This is mainly because the ITSD network always predicts a larger
polyp region than the ground truth, as in Fig. 5, especially in rows (a), (e), (f), and (h-j). The PFA network brings the spatial
attention scheme into the shallower layers and applies the channel attention strategy for the deeper layers. Both features in these
two levels are fused to predict the salient region. This simple and effective architecture helps the PFA network achieve a slightly
better performance in mloU and loU_P than the ITSD network. However, the PFA network may be disturbed by the polyp-like
regions. The relevant results are given in rows (b), (d) and (g) of Fig. 5. Owe to the input of images before or after specular
suppressing and the short connection scheme, the NeutSS-PLP network outperforms the PFA network in several key evaluation
metrics. With the NeutSS-PLP network, the Precision, mloU, and loU_P increase by 6.8%, 2.5%, and 5.3%, respectively. When
testing in the Kvasir-SEG dataset, benefit from more training data, the advantage of feature fusion capacity helps the NeutSS-PLP
network outperform both saliency detection networks in each evaluation metrics.

Tables 5 and 6 provides the quantitative results in comparison with the segmentation baseline networks. The NeutSS-PLP
network is the best one among all the segmentation algorithms in terms of all the evaluation metrics for both datasets. Particularly,
the NeutSS-PLP network gains 3.18% more than the best performance of other segmentation algorithms in the loU_P evaluation

metric. Both the FCN8s and the FCN16s networks use the VGG16 network as their encoder backbone, and the coarse decoders are



utilized. For the FCN16s network, information from the final and stride-16 layers is applied for calculating the final prediction. For
the FCN8s network, the information from the stride-8 layer is added. Although the FCN8s network utilizes more information and
generates further Precision, FCN16s still outperforms it in most of the evaluation metrics for the EndoScene dataset. However,
FCNS8s outperforms FCN16s for the other dataset. Due to the coarse decoder and the lack of a strategy for efficiently passing the
low-level information to the decoder, the performance of these two networks is worse than that of the other networks except OCNet
in the Kvasir-SEG dataset. The ResNet-50 is applied as the backbone for PSPNet and ENCNet, and OCNet uses ResNet-100 as its
backbone. Both PSPNet and ENCNet employ global information as well as a simple scheme for transmitting the information from
the shallow layer to the deeper layer. As in Table 5 and Table 6, their performances are with quite a small gap. Two different
strategies of pyramid pooling are used by OCNet to capture richer context information. OCNet has a more complicated
architecture, and its performance is worse than that of the previous two networks with regard to the evaluation metrics of F1, F2,
Sensitivity, mloU, and loU_P. In addition, OCNet performs worst in the Kvasir-SEG dataset. This can be ascribed to the
complicated concatenations making the network difficult to train. Due to the use of deformation convolution and the U-shape
architecture, DUNet is superior in F2, Sensitivity, mloU, and loU_P compared to PSPNet, ENCNet, and OCNet when testing in the
EndoScene dataset. However, its Precision score is relatively low in both datasets.

In Fig. 5, the NeutSS-PLP network performs well in some challenging circumstances, such as polyp with confusing boundaries
or bubbles. As shown in row (a), the boundary of this polyp is rather confusing, and this poses a challenge to all the algorithms,
which fail to detect the right polyp region except for the proposed approach. Since the surroundings are very similar to the polyp, a
small area of non-polyp area is wrongly recognized as a polyp region by our method. Those results in rows (f), and (g-i) also
indicate the robustness of the NeutSS-PLP network. Three polyps exist on the image shown in row (g), and one of these polyps is
quite small. All other networks fail to detect the smallest polyp except the NeutSS-PLP network. When the polyp region extraction
models encounter bubbles or specular reflections, some of them predict wrong results, as in row (b), (e), (h), and (j). Our algorithm

performs well due to the short-connections architecture and the suppressed images.

D. Limitations and Future Work

There are two main limitations of our work. First, it may miss some polyp regions or misidentify non-polyp regions, e.g., Fig.
5(a), (d), (f), and (j). In Fig. 5(d), it produces a relatively poorer result than the ITSD network. The polyp area near the boundary of
the image is predicted as a non-polyp area. Introducing an appropriate scheme into the polyp detection network for achieving a
more accurate region-boundary is essential to deal with this issue. Therefore, exploring the strategy of contour restriction into the
model will be an interesting topic for the future work. Second, images are all downsampled to small sizes for our model in this
work. Although the colonoscopes with relatively low resolutions are commonly used, using high resolution is a trend. The strategy

of cropping the high-resolution images into small pieces and feeding them into the models is often employed. However, such a



strategy may lose global information when judging each piece of the image, especially for the regions near the boundary of these
images. We will utilize effective strategies for polyp detection, e.g., small polyp detection in high-resolution colonoscopy images

by integrating global and local contextual information.

V. CONCLUSIONS

In this paper, a new network integrating both the neutrosophic theory and saliency detection strategy is proposed for polyp
region extraction in colonoscopy images. Two kinds of neutrosophic criteria are developed, and the corresponding T, I, and F
functions are given. The neutrosophic images are used to detect the specular reflections, and the images after specular suppressing
are fed into our polyp extraction technique. For the polyp extraction model, two-level short connections are introduced into the
network for transmitting the features from the deep layers to shallow layers at different stages. Comprehensive experiments have
verified the effectiveness of our scheme, which outperforms several state-of-the-art algorithms in both saliency detection and

image segmentation.
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In this paper, we present an effective polyp region extraction strategy by employing the scheme of
saliency detection and the theory of neutrosophic. The key contributions of our work are given as follows:

*  We define the local and global threshold criteria as well as the corresponding T, I, and F

functions to transfer the specular detection problem to the SVNS-based multi-criteria decision-

making problem.

*  We apply the CNN-based saliency detection network to deal with the colorectal polyp region

extraction problem.

e  We propose a saliency detection-based polyp extraction network with two-level short

connections to take advantage of the multi-level and multi-scale features extracted from different

stages of the network.
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