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Abstract. Coronavirus Disease 2019 (COVID-19) has been spreading
rapidly, threatening global health. Computer-aided screening on chest
computed tomography (CT) images using deep learning, especially, le-
sion segmentation, is an effective complement for COVID-19 diagnosis.
Although edge detection highly benefits lesion segmentation, an inde-
pendent COVID-19 edge detection task in CT scans has been unprece-
dented and faces several difficulties, e.g., ambiguous boundaries, noises
and diverse edge shapes. To this end, we propose the first COVID-19
lesion edge detection model: COVID Edge-Net, containing one edge de-
tection backbone and two new modules: the multi-scale residual dual
attention (MSRDA) module and the Canny operator module. MSRDA
module helps capture richer contextual relationships for obtaining better
deep learning features, which are fused with Canny features from Canny
operator module to extract more accurate, refined, clearer and sharper
edges. Our approach achieves the state-of-the-art performance and can
be a benchmark for COVID-19 edge detection. Code related to this paper
is available at: https://github.com/Elephant-123/COVID-Edge-Net.

Keywords: COVID-19 · Edge detection · Canny operator · Multi-scale
residual dual attention · Computed tomography (CT) images.

1 Introduction

As one of the most serious pandemics, Coronavirus Disease 2019 (COVID-19)
[1–3] has been spreading violently around the world since December 2019, caus-
ing a devastating effect on global public health and economy. Because it has fast
progression and infectious ability [4], it is necessary to develop effective tools or
methods to accurately diagnose and evaluate COVID-19. Although the reverse
transcription polymerase chain reaction (RT-PCR) [7, 8] becomes the gold stan-
dard for COVID-19 screening, it is time-consuming and suffers from high false
negative rates [5, 6]. Computed tomography (CT) technique [9] is widely pre-
ferred due to its non-invasive imaging and three-dimensional view of the lung,
which is regarded as a significant complement to RT-PCR tests.
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Recently, deep learning-based applications on COVID-19 CT images have
demonstrated quite promising results in lesion segmentation [16–19, 15, 13] and
COVID-19 diagnosis [10, 11], particularly, COVID-19 segmentation is an essen-
tial step for COVID-19 follow-up assessment. Several COVID-19 segmentation
works [16–19, 15, 13] in CT scans have appeared, among which the Inf-Net model
[13] achieves the state-of-the-art performance. Different from other segmentation
approaches, Inf-Net utilizes the edge attention to model infection boundaries for
better feature representations, effectively illustrating edges benefit segmentation
performance. However, Inf-Net mainly exploits low-level features to represent
edges and its edge extraction is a part of segmentation, thus, edge detection is
insufficient. Moreover, there is no independent COVID-19 edge detection task
currently. Based on above inspirations, we propose a new task of independent
COVID-19 edge detection.

Up to now, to improve edge detection performance, some edge detection
works [14, 12] using deep learning methods have existed in many applications,
where [12] presents a dynamic feature fusion (DFF) model to produce weight-
ed fusion features, acquiring excellent performance in semantic edge detection.
However, DFF model is unable to enjoy same superiority in COVID-19 edge
detection due to COVID-19 CT scans’s characteristics: (1) ambiguous bound-
aries caused by the low contrast between infected regions and normal tissues,
(2) noises (e.g., blood vessels in lungs), (3) the high variation in shapes, sizes
and positions of infected edges. Furthermore, DFF model ignores capturing rich-
er contextual relationships from original images in the initial feature extraction
stage and merely considers deep learning features as edge features, which leads
to limited COVID-19 edge representations.

To alleviate above problems, we come up with the first COVID-19 lung lesion
edge detection model named COVID Edge-Net. Our COVID Edge-Net consists
of the edge detection backbone, an effective multi-scale residual dual attention
(MSRDA) module and the Canny operator module. The edge detection back-
bone is capable of detecting basic but coarse COVID-19 edges by extracting
discriminative deep learning features. The MSRDA module added in the back-
bone mainly focuses on semantic features (i.e., edge shapes, sizes and positions),
helping to capture richer contextual relationships from CT slices and boost edge
identification with better deep feature representations. The Canny edge detec-
tion operator can highlight and locate thinner, more continuous and more refined
boundaries, which is combined with the deep learning method to further enrich
edge information. In a nutshell, our contributions in this paper are fourfold:

– It is the first time to propose a COVID-19 infection lesion edge detection
model called COVID Edge-Net, which has the following clinical implications:
(1) Due blurred edges of lesions make it difficult for doctors to identify
boundaries accurately, this work can assist doctors to locate boundaries of
lesions more intuitively and provide appropriate clinical guidance. (2) It is
also able to raise COVID-19 infected segmentation performance in CT scans.
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– An effective multi-scale residual dual attention (MSRDA) module is designed
to help capture richer semantic relationships from multiple scales for detect-
ing more accurate and clearer edges.

– The traditional Canny operator is considered and combined with the deep
learning method to enhance feature representations for extracting more re-
fined, more continuous and sharper edges.

– Our proposed method is superior to existing models and advances the state-
of-the-art performance, which can be regarded as a benchmark for COVID-19
infection lesion edge detection.

2 Related Works

2.1 COVID-19 segmentation

Up to now, abundant COVID-19 segmentation researches have occurred. For in-
stance, [17] exploited several preprocessing and data augmentation methods to
generate random image patches for COVID-19 segmentation, reducing the over-
fitting risk. Zhou et al. [18] incorporated spatial and channel attention strategies
to the U-Net model and introduced the focal tversky loss to solve small lesion
segmentation. Aggregated residual transformations and soft attention mechanis-
m were used by Chen et al. [19] to improve the ability of distinguishing vari-
ous COVID-19 symptoms. Although these approaches overcome some problems
caused by limited data and diverse lesion shapes in COVID-19 segmentation
tasks, they ignore another important information, i.e., lesion edge information,
which has the potential to improve segmentation performance. Later, Fan et al.
[13] put forward the Inf-Net model, which achieves the state-of-the-art result in
COVID-19 segmentation. It exploits a parallel partial decoder to aggregate high-
level features and uses the reverse attention to enhance feature representations.
Furthermore, the edge attention is utilized to model COVID-19 boundaries, pro-
viding more plentiful feature descriptions for the segmentation. Different from
other works, Fan et al. considered COVID-19 edge information, which benefits
COVID-19 segmentation. However, Inf-Net’s edge extraction is merely used as
a submodule of the segmentation task, and mainly low-level features are used as
edge features, all of which lead to insufficient edge detection. Currently, there
does not exist the sole edge detection task of COVID-19 infected regions. To this
end, we propose an independent COVID-19 lesion edge detection task rather
than as a submodule for the first time.

2.2 Edge detection

Several semantic edge detection works achieve fantastic results in other applica-
tions, such as natural scenes. Yu et al. proposed the CASENet model [14], which
is a novel end-to-end deep semantic edge detection architecture via ResNet. In
CASENet model, category-wise edge activations from the top layer are fused
with the same set of bottom layer features. Its multi-scale feature fusion method
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greatly benefits the semantic edge detection task, however, it adopts a fixed
weight fusion strategy that forces images with different semantics to share the
same weights. To better consider the heterogeneity in contributions made by
different locations of feature maps, a new dynamic feature fusion (DFF) strat-
egy was proposed by Hu et al. [12]. They designed a weight learner to assign
different fusion weights for different feature maps and locations adaptively. Al-
though Hu et al.’s DFF method reaches superior performance in edge detection
of natural scenes, it is not completely suitable for COVID-19 edge detection due
COVID-19 CT scans have their own traits (e.g., unclear infected edges, diverse
lesion shapes of the same disease, noises) compared with natural images. Mean-
while, DFF’s multi-layer features extracted from ResNet are directly applied to
the feature fusion layer, ignoring capturing richer contextual relationships from
original images. Merely deep learning features are considered in DFF, which are
still unable to depict edge information fully. To solve above issues, we propose
two new modules, where the multi-scale residual dual attention (MSRDA) mod-
ule is designed to capture richer contextual features from original images and
the Canny operator module is used to extract more edges and emphasize edge
information.

3 Methodology

3.1 Task definition

COVID-19 infection lesion edge detection task aims to outline specific contours
of infected areas. Particularly, given an one-channel grayscale input image X,
the task outputs an edge map Ŷ with single channel, which has the same size
as X. Each value in Ŷ is denoted as Ŷ (p|X,W ) ∈ [0, 1], indicating the comput-
ed COVID-19 edge probability at pixel p, where W stands for edge detection
network’s parameters, and p ∈ {1, 2 · · · , |X|}.

3.2 Overview of COVID Edge-Net

To extract more accurate, more continuous and sharper edges, we address COVID
Edge-Net model for COVID-19 edge detection (shown in Fig. 1). The input im-
age is fed to residual blocks to generate multi-scale basic features. Then an ef-
fective multi-scale residual dual attention (MSRDA) module is used to generate
semantically enhanced features, which are processed by feature normalization
blocks and a concatenation operation. Later, the adaptive weight fusion block
produces weighted deep learning features, which are combined with tradition-
al Canny features from the Canny operator module to further highlight edge
features. In the end, one 1×1 convolution operation and the sigmoid function
follow to obtain predicted edges. The backbone consisting of residual blocks,
feature normalization blocks and the adaptive weight fusion block is described
in Sec. 3.3. The MSRDA module and the Canny operator module are specifical-
ly introduced in Sec. 3.4 and Sec. 3.5, respectively. And global loss function is
displayed in Sec. 3.6.
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Fig. 1. Overall architecture of our COVID Edge-Net model.

3.3 The edge detection backbone

Our edge detection backbone adopts a dynamic feature fusion (DFF) model [12]
via ResNet [21]. In detail, the input image X is transmitted into residual blocks
to generate a set of features with different scales. The first three and the fifth
stack of residual blocks are directly followed by feature normalization blocks,
producing one-channel and K -channel response maps with original image size
for Side1-3 and Side5 respectively. K is the number of categories of objects, and
K = 1 in our task. These response maps are concatenated into a 4K -channel
feature map Fcat by shared concatenation, which replicates three one-channel
response maps of Side1-3 for K times to separately concatenate with each map
of the K -channel response maps in Side5. Another feature normalization block
(Side5-w) is connected to the fifth stack of the residual block to generate a
4K -channel feature map, which goes into the adaptive weight learner to predict
dynamic fusion weights Wl. The final output ŶD of DFF is computed as ŶD =
σ(f(Fcat,Wl)), where f represents element-wise multiplication and channel-wise
summation operations, σ is the sigmoid function.

Loss function. The backbone’s loss function L is disassembled to two losses:

L = w1Lfuse + w2Lside,
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Fig. 2. Residual dual attention module.

Lfuse =
∑

p
{−αY (p)logŶD(p|X,WD)− (1− α)

(1− Y (p))log(1− ŶD(p|X,WD))},
Lside =

∑
p
{−αY (p)logŶD s(p|X,WD)− (1− α)

(1− Y (p))log(1− ŶD s(p|X,WD))}, (1)

where Lfuse, Lside denote its loss function for final output and Side5 output,
respectively. w1, w2 are corresponding weighting factors to balance two losses.
Lfuse and Lside adopt class-balanced cross-entropy loss function for balancing
the loss between positive and negative classes. α is a class-balancing weight,
α = |Yedge|/|Y |, |Yedge| expresses the size of the edge ground truth (GT) label

set. Y (p) ∈ {0, 1}, ŶD(p|X,WD) ∈ [0, 1] and ŶD s(p|X,WD) ∈ [0, 1] are the
GT, the predicted final edge probability and the edge probability from Side5
output at pixel p ∈ {1, 2 · · · , |X|}, respectively. WD stands for the backbone’s
parameters.

3.4 Multi-scale residual dual attention (MSRDA) module

To strengthen semantic information in captured features, we design a novel paral-
lel dual attention module as shown in Fig. 2, including channel-wise and spatial-
wise attention sub-modules.

In the channel attention sub-module, the input feature F is processed by max
pooling and average pooling operations to aggregate each feature map’s spatial
information, respectively. Then a fast and shared 1D convolution with kernel
size 3 rather than MLP [29] follows to capture non-linear dependencies across
all channels, due that the dimensionality reduction in MLP may have a negative
impact on the final accuracy performance [30]. In the end, the channel-wise
attention feature Fc is expressed as:

Fc = F ⊗ σ(1Dconv(AvgPool(F ))⊕ 1Dconv(MaxPool(F ))), (2)
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Fig. 3. Visualization of the edge detection with (w/) and without (w/o) the MSRDA
module.

where ⊕ denotes the element-wise summation; σ is the sigmoid function; ⊗
stands for the element-wise multiplication. In the spatial attention sub-module,
max pooling and average pooling operations are performed along the channel
axis, respectively. Two produced feature maps are concatenated and forwarded
to a standard convolution with kernel size 7, generating the spatial attention
map. The spatial-wise attention feature Fs is computed as:

Fs = F ⊗ σ(Conv7× 7([AvgPool(F );MaxPool(F )])). (3)

To make full use of more features and enrich context information, we propose
the residual structure to combine original features with attention features. The
residual dual attention feature F

′
is represented as:

F
′

= Fc ⊕ Fs ⊕ F, (4)

where ⊕ is the element-wise summation operation. Then the residual dual at-
tention mechanism is used for multiple basic descriptors generated by residual
blocks to enhance feature representations, forming the multi-scale residual du-
al attention (MSRDA) module as shown in Fig. 1. Visualized results in Fig. 3
clarify that the MSRDA module helps detect more accurate and complex edges,
which is beneficial to COVID-19 edge detection.

3.5 Canny operator module

Canny operator [28] is considered as one of the most classical algorithms for
image edge detection. It is simple and its specific steps are as follows:

Step1: Use Gaussian filter to smooth the image.
Step2: Calculate the amplitude and direction of the image gradient after

filtering.
Step3: Perform the non-maximum suppression for gradient amplitude to

obtain thinner edges.
Step4: Select two thresholds T1 and T2 and connect edges. A pixel can be

regarded as a strong edge point, weak edge point, or non-edge point when its
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Fig. 4. Visualization of the edge detection with (w/) and without (w/o) the Canny
module.

gradient is beyond T1, between T1 and T2, or lower than T2. When strong edge
points appear in the 8 neighborhoods around the weak edge point, the weak edge
point is changed into a strong edge point to augment the strong edge set.

The Canny feature FCanny of the input image X is obtained through Canny
operator, and then combined with weighted deep learning feature Fw. The final
fusion feature Ff fuse is represented as:

Ff fuse = Conv1× 1(FCanny ⊕ Fw), (5)

where ⊕ is the element-wise summation operation. The visualization in Fig. 4
demonstrates that our Canny module helps detect thinner, clearer and sharper
edges, contributing to COVID-19 infection edge detection.

3.6 Global loss function

Based on the final fusion features Ff fuse, our final prediction Ŷ is computed
as:

Ŷ = σ(Ff fuse), (6)

where σ is the sigmoid function. Our COVID Edge-Net adopts the same loss func-
tion as the backbone (Sec. 3.3), considering two losses. However, ŶD(p|X,WD) ∈
[0, 1] in backbone’s Lfuse is replaced by Ŷ (p|X,W ) ∈ [0, 1], which is our final

predicted edge probability at pixel p. ŶD s(p|X,WD) ∈ [0, 1] in backbone’s Lside

is changed into Ŷs(p|X,W ) ∈ [0, 1] that is our Side5 output’s edge probability
in Fig. 1, where Canny features are incorporated.

4 Experiments and discussions

4.1 Experimental settings

The experimental dataset and augmentations. Our experiments rely on
two COVID-19 CT datasets [20]: COVID-19 CT segmentation dataset and Seg-
mentation dataset nr.2 (13th April), which are publicly available. COVID-19
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CT segmentation dataset [20] contains 100 CT images from different COVID-19
patients and is collected by the Italian Society of Medical and Interventional Ra-
diology. We randomly select 50 CT images as training samples and the remaining
50 images for testing, whose GT edges are generated via their segmentation la-
bels. The larger Segmentation dataset nr.2 (13th April) released later consists of
829 slices (373 infected slices and 456 non-infected slices) extracted from 9 CT
volumes of real COVID-19 patients, where 373 infected CT images are used as
our experimental data for COVID-19 lung lesion edge detection. Among them,
186 randomly selected slices are regarded as the training set and the rest as
the test set, whose GT edges are also produced based on segmentation marks
given by radiologists. These experimental datasets suffer from a small sample
size, thus, we augment training samples in each dataset by resizing each CT im-
age with scaling factors {0.5, 0.75, 1, 1.25, 1.5} referring to [12] and employing
random mirroring and cropping during the training process. In the test phase,
each CT slice in COVID-19 CT segmentation dataset is resized to 512 × 512,
and Segmentation dataset nr.2 (13th April)’s each CT image is cropped into 576
× 576.

Training settings. Our model is based on ResNet18 [21] pre-trained on
ImageNet [22]. K in Sec. 3.3 is set as one, and weighting factors in loss function
are set as w1 = w2 = 1. Two thresholds T1 and T2 we used in the Canny
operator are set to 200 and 100, respectively. We use SGD optimization, the
learning rate is initialized to 0.05 and the ”poly” policy is used for its decay.
The crop size, batch size, training epoch, momentum, weight decay, and seed
are set as 352×352, 16, 50, 0.9, 1e-4, 1, respectively. Our experiments depend on
PyTorch and one NVIDIA 2080 Ti GPU. For fair comparisons, all edge detection
experiments use the same training settings.

Evaluation Metrics. Following [12], Maximum F-measure (MF) at optimal
dataset scale (ODS) with different matching distance tolerances is used as a
common metric for edge detection performance, where F-measure is the harmonic
average of precision and recall as shown in Eq. (7) and ODS means each image
in the dataset uses the same threshold to evaluate image edges and achieve the
entire dataset’s maximum F-measure.

F −measure =
2 · precision · recall
precision+ recall

. (7)

We also consider two cases of MF (ODS) metric under one matching distance tol-
erance: with morphological thinning (w/ MT) and without morphological thin-
ning (w/o MT).

4.2 Comparison with state-of-the-arts

We compare the performance of our COVID Edge-Net model with state-of-the-
art edge detection methods [28, 14, 12] on COVID-19 CT segmentation dataset
and Segmentation dataset nr.2 (13th April), and evaluate MF(ODS) with dif-
ferent matching distance tolerances that are set as 0.02, 0.06, 0.10, respectively.
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Table 1. Performance comparison of edge detection on COVID-19 CT segmentation
dataset

Edge detection
methods

MF(0.02) MF(0.06) MF(0.10)
w/ MT w/o MT w/ MT w/o MT w/ MT w/o MT

Canny[28] 32.20% 45.15% 32.55% 46.77% 32.55% 46.77%
CASENet[14] 60.38% 42.87% 84.37% 56.71% 90.73% 66.78%

DFF[12] 84.14% 54.53% 90.83% 72.02% 93.45% 72.89%

Ours 83.58% 63.80% 94.70% 85.30% 95.94% 91.57%

Table 2. Performance comparison of edge detection on Segmentation dataset nr.2
(13th April)

Edge detection
methods

MF(0.02) MF(0.06) MF(0.10)
w/ MT w/o MT w/ MT w/o MT w/ MT w/o MT

Canny[28] 3.46% 5.76% 3.46% 5.76% 3.46% 5.76%
CASENet[14] 79.67% 74.74% 89.92% 98.96% 89.92% 98.96%

DFF[12] 75.38% 64.31% 90.77% 98.62% 90.77% 98.62%

Ours 92.54% 78.29% 94.03% 96.05% 94.03% 96.05%

On the COVID-19 CT segmentation dataset, Table 1 shows that ours exceeds
the DFF method in almost all cases, and is completely superior to Canny and
CASENet methods. When the matching distance tolerance is 0.10, ours achieves
state-of-the-art results that are 95.94% MF(ODS) with MT and 91.57% M-
F(ODS) without MT. Specifically, our method surpasses DFF with 2.49% and
18.68% under 0.10 matching distance tolerance, respectively. As the matching
distance tolerance is stricter, our approach is 3.87% and 13.28% better than the
DFF under 0.06 matching distance tolerance, respectively. Under the strictest
matching distance tolerance (0.02), our approach is 9.27% higher than DFF
when ignoring MT, 23.20% and 20.93% better than CASENet with and without
MT, 51.38% and 18.65% higher than Canny with and without MT. We also
present performance comparison results of COVID-19 lung lesion edge detection
on the larger Segmentation dataset nr.2 (13th April) in Table 2. It is evident that
our proposed approach is far better than Canny method in all cases. Meanwhile,
when the matching distance tolerance is the strictest 0.02, ours is obviously supe-
rior to other competing approaches. Specifically, ours achieves promising results
that are 92.54% MF(ODS) with MT and 78.29% MF(ODS) without MT, which
are 17.16% and 13.98% better than DFF considering MT and ignoring MT,
12.87% and 3.55% higher than CASENet with and without MT, respectively.
Under 0.06 and 0.10 matching distance tolerances, our proposed approach has
94.03% MF(ODS) with MT, which is beyond DFF 3.26% and 4.11% higher than
CASENet method; however, DFF and CASENet have slightly better MF(ODS)
leaving the MT out of consideration. In the case of higher matching distance tol-
erance, COVID-19 lung lesion edges produced by CASENet and DFF are more
accurate without MT; our proposed method is able to get more promising results
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CT images Ground truth DFF OursCanny CASENet

Fig. 5. Qualitative comparison of edge detection on COVID-19 CT segmentation
dataset.

after MT. In general, our proposed method outperforms other state-of-the-arts
in most cases. In addition, qualitative comparisons are also provided by visu-
alizing some edge detection results in Fig. 5 and Fig. 6. On two datasets, we
observe that Canny detects excessive useless edges because of the low contrast
between infected regions and non-infected regions. Compared with other deep
learning methods: CASENet and DFF, results in red boxes demonstrate that
our COVID Edge-Net method has the capability of predicting more accurate,
more continuous, sharper and clearer object edges, having higher edge detection
performance by taking full advantage of multi-scale semantic information and
fused features.

4.3 Ablation study

In this subsection, we conduct ablation experiments to validate the performance
of each newly proposed module in our COVID Edge-Net, taking COVID-19
CT segmentation dataset as an example, results of which are displayed in Ta-
ble 3. DFF via ResNet18 is our baseline model. The comparison of Baseline
(DFF) and Baseline+Canny clearly shows that Canny operator boosts per-
formance without MT. Thus, the Canny operator module has the ability of
refining and enhancing edges in COVID-19 CT images. Baseline (DFF) and
Baseline+MSRDA demonstrate that the MSRDA module increases the base-
line performance with MT. MSRDA strategy enables a model to identify much
more edges that cannot be detected by the baseline. With these two comple-
mentary modules, the performance of our model is significantly enhanced no
matter whether MT is considered or not considered. Furthermore, our MSR-
DA module is compared with multi-scale residual convolutional block attention
module (MSRCBAM), where convolutional block attention module (CBAM) is
proposed in [29]. It can be shown that Baseline+MSRDA is superior to Base-
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CT images Ground truth DFF OursCanny CASENet

Fig. 6. Qualitative comparison of edge detection on Segmentation dataset nr.2 (13th
April).

Table 3. Ablation study of our COVID Edge-Net on COVID-19 CT segmentation
dataset

Edge detection
methods

MF(0.02) MF(0.06) MF(0.10)
w/ MT w/o MT w/ MT w/o MT w/ MT w/o MT

Baseline (DFF) 84.14% 54.53% 90.83% 72.02% 93.45% 72.89%
Baseline+Canny 73.41% 55.67% 90.36% 74.31% 93.64% 83.11%

Baseline+MSRCBAM 72.67% 44.59% 87.45% 63.59% 92.89% 78.12%
Baseline+MSRDA 84.85% 44.58% 94.70% 60.61% 95.71% 66.49%

Baseline+MSRCBAM+Canny 79.57% 60.57% 93.39% 80.16% 93.52% 85.56%

Ours 83.58% 63.80% 94.70% 85.30% 95.94% 91.57%

line+MSRCBAM with MT, and the whole method we proposed completely out-
performs Baseline+MSRCBAM+Canny. Above all demonstrate the effectiveness
of the integration of the two modules (i.e., MSRDA and Canny modules) into
the Baseline (DFF).

4.4 Additional experiments

We conduct COVID-19 segmentation experiments to further verify the perfor-
mance of our algorithm on two COVID-19 segmentation datasets. The one-
channel edge feature map from each edge detection model (e.g., our model,
Canny, DFF) is replicated into a 64-channel map and then replaces Inf-Net’s
64-channel edge feature [13]. We introduce GT edges via same operation as well.
To make fair comparisons, we use the same training parameters and evaluated
metrics as Inf-Net, and comparisons are shown in Table 4 and Table 5. The seg-
mentation effect with the best edge features (GT edges) is far beyond original
Inf-Net in Table 4 and Table 5, which reflects that better edges benefit segmen-
tation. Furthermore, on the COVID-19 CT segmentation dataset, we observe
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Table 4. Performance comparison of segmentation on COVID-19 CT segmentation
dataset

Segmentation methods Dice Sen. Spec. Sα Emean
∅ MAE

U-Net [23]∗ 0.439 0.534 0.858 0.622 0.625 0.186
Dense-UNet [26]∗ 0.515 0.594 0.840 0.655 0.662 0.184

Attention-UNet [25]∗ 0.583 0.637 0.921 0.744 0.739 0.112
U-Net++ [24]∗ 0.581 0.672 0.902 0.722 0.720 0.120

Gated-UNet [27]∗ 0.623 0.658 0.926 0.725 0.814 0.102
Inf-Net [13]∗ 0.682 0.692 0.943 0.781 0.838 0.082

Inf-Net(with Canny’s edges) 0.722 0.823 0.920 0.773 0.865 0.083
Inf-Net(with DFF’s edges) 0.713 0.732 0.946 0.798 0.870 0.075

Inf-Net(with our edges) 0.718 0.736 0.948 0.798 0.872 0.074
Inf-Net(with GT edges) 0.780 0.821 0.952 0.861 0.888 0.059

Note: Dice: Dice similarity coefficient, Sen.: Sensitivity, Spec.: Specificity, Sα: Struc-
ture Measure, Emean

∅ : Enhance-alignment Measure, MAE: Mean Absolute Error.
∗: All experiment data here refer to [13].

Table 5. Performance comparison of segmentation on Segmentation dataset nr.2 (13th
April)

Segmentation methods Dice Sen. Spec. Sα Emean
∅ MAE

Inf-Net [13] 0.802 0.831 0.961 0.861 0.938 0.020

Inf-Net(with Canny’s edges) 0.808 0.855 0.964 0.861 0.945 0.019
Inf-Net(with DFF’s edges) 0.812 0.849 0.963 0.867 0.942 0.018

Inf-Net(with our edges) 0.814 0.850 0.967 0.868 0.943 0.018
Inf-Net(with GT edges) 0.894 0.904 0.988 0.930 0.965 0.012

Note: Dice: Dice similarity coefficient, Sen.: Sensitivity, Spec.: Specificity, Sα: Struc-
ture Measure, Emean

∅ : Enhance-alignment Measure, MAE: Mean Absolute Error.

that Inf-Net(with our edges) outperforms other excellent segmentation models
[13] (e.g., U-Net-based models [23–27] and Inf-Net) for all metrics and exceeds
Canny and DFF methods in segmentation for most metrics from Table 4. Sim-
ilarly, Table 5 describes that Inf-Net(with our edges) absolutely defeats Inf-Net
and outperforms Canny and DFF approaches in segmentation under most evalu-
ation metrics on the Segmentation dataset nr.2 (13th April). Obviously, COVID
Edge-Net is able to extract more accurate and richer edges than Inf-Net’s edge
extraction submodule, further enhancing segmentation performance.

5 Conclusions

In this paper, we present the first COVID Edge-Net for automatic COVID-19
lung lesion edge detection. On the one hand, an effective MSRDA module is de-
signed and combined with edge detection backbone to extract more distinguish-
able deep learning features by capturing richer contextual relationships from CT
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scans. On the other hand, our network leverages Canny features to further enrich
edge information by multi-feature fusion. Our proposed method achieves state-
of-the-art COVID-19 edge detection performance compared to other competing
approaches, and significantly benefits segmentation performance. It has the po-
tential to be developed as a clinical tool for COVID-19 CT images analysis. Code
related to this paper is available at: https://github.com/Elephant-123/COVID-
Edge-Net.
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