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Abstract: Edge detection is a fundamental method in image processing and computer vision. Aiming to address the issues of roughness and
blurriness in edges generated by deep learning-based edge detection technology, a refined edge detection (RED) model based on richer
convolutional features (RCF) for edge detection was proposed. In this model, RCF was used as the baseline network. Some downsampling
operations in the backbone network were removed, and the coordinate attention (CA) module and hybrid dilated convolution were added to
the backbone network. The number and parameters of the compression layers were changed in the deep supervision module, and smooth
compression for reducing feature dimensionality was adopted. In the final fusion module, a cross-layer cross-fusion module was used to
fuse the information from high and low layers. The RED model was trained and tested on the extended BSDS500 dataset. The optimal
dataset scale (ODS) and the optimal image scale (OIS) of the dataset were 0.809 and 0.832, respectively, as evaluated on the BSDS500

benchmark. The experimental results showed that RED model extracted clearer and more detailed edge contours, and the extracted edge

information was more comprehensive and abundant.
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0 Introduction

Edge detection is a fundamental method in image
processing and computer vision, the essence of edge
detection is to extract the information of mutation in the
image and highlight the outline of the target object.
According to the available research work, edge detection
is of great significance to many areas such as high-level
feature extraction, feature description, target recognition,
and image segmentation'**"

Edge detection algorithms can be broadly classified into
traditional edge detection algorithms and deep learning-
based edge detection algorithms™ based on deep learning"”’.
Traditional detection methods not only generate a lot of
noise in image processing” ', but also the edge localization
is not very accurate, and the detected edges are not smooth
enough to effectively suppress the background texture.
Traditional detection methods rely on low-level features.
They are easily affected by the environment and difficult to
characterize high-level information. This limitation hinders
the industrial application of traditional edge detection
techniques. In recent years, deep learning technology has
significantly improved the performance of edge detection

tasks™™, and the use of convolutional neural networks for

edge detection has become a new trend. Xie et al. "
proposed holistically-nested edge detection (HED) . The
training and prediction of HED is not only based on the
whole image, but also combines multi-scale and multi-level
feature learning. However, HED fails to fully exploit the
abundant hierarchical properties of convolutional neural
networks. To address this problem, Liu et al."” proposed
richer convolutional features (RCF) for edge detection. By
using the feature pyramid network (FPN)"® and combining
the feature maps of the upper and lower levels through
RCF, more accurate features can be extracted at different
scales.

Although the RCF algorithm has been greatly
improved in the HED, it uses excessive max-pooling
layers to reduce dimensionality, causing lines to appear
blurred and excessively thick. The backbone network’ s
ability to extract detailed features from the image is
insufficient, and the method of information fusion across
different scales is too simplistic, resulting in incomplete
edge information.

A refined edge detection (RED) model based on RCF
was proposed. It was built on RCF by removing certain
pooling layers from the backbone network to prevent

excessive loss of detailed information. Additionally, an
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attention mechanism was introduced by adding CA
attention modulesat each stage to enhance the ability of the
backbone network to extract features” . Furthermore, a
hybrid dilated convolution technique was used to expand the
receptive field of the backbone network"?. Finally, the
multi-scale features of each layer were fully fused using
cross-layer cross-fusion techniques. This approach helped
to enhance the sharpness of the edges by focusing on
detailed information while also effectively extracting global

features.

1 Related work

RCF uses the VGG16 (Visual geometry group) as the
backbone network for feature extraction, and removes the
fully connected layer and the last pooling layer, resulting in

Stage 1

[ Input - 3x3-64 conv = IX1-21 conv 5 e e
[ 3x3-64 conv |=+—{ 1x1-21 conv

2X2 max pool

:

}

Stage 5
[3%3-512 conv }——{ 1x1-21 conv

a fully convolutional network (FCN) architecture. The
convolutional features are encapsulated in stages 1 to 5 to
leverage the rich feature layer structure”. The structure of
RCF is shown in Fig. 1. Each stage is connected by a
pooling layer. The convolutional layer of the backbone
network is connected to a convolutional layer with a kernel
size 1 X1 and channel depth 21. The resulting feature maps
at each stage are accumulated by using an eltwise layer to
attain hybrid features, and a 1 X1 convolutional layer is
followed each eltwise layer, and then a deconvolutional
layer is used to upsample this feature map. A cross-entropy
loss/sigmoid layer is connected to the upsampling layer at
each stage. Finally, a 1X1 convolutional layer is used to
fuse the feature maps from each stage and obtain the fusion

output.
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Fig. 1 Structure of RCF

2 Proposed method

The RCF network was used as the baseline network
by RED, and the model architecture is shown in Fig.2. It
mainly consisted of the backbone network, the deep
supervision module, and the feature fusion module.
Among them, “CA” is referred to the CA attention
“Dil” is represented the hybrid dilated
convolution, “-+ " is denoted the summation operation,

module,

and “F” is stood for the cross-layer cross-fusion module.
2.1 Backbone network

The pruned VGG16 network was also used by the
backbone network of RED. In RCF network, a
downsampling operation was performed after each stage
except for the last stage. With the downsampling
process, the size and resolution of the images were
constantly reduced, resulting in the loss of a significant
amount of detailed information. However, experiments
have shown that if multiple pooling layers were directly
removed, it would clutter the extracted edge information

and also make the model less capable of generalization.
So a balance was struck between the two by using
pooling layers but reducing their number. The pooled
layer with stage 3 and stage 4 removed was finally
selected through experimentation. This not only avoided
the loss of detailed information and edge blur caused by
frequent downsampling, but also improved the accuracy
of the image and suppressed the complex background
texture in the image.

RED also incorporated CA modules in the backbone
network to extract additional semantic and global
features. The squeeze-and-excitation (SE) attention
module primarily addressed the issue of loss caused by
varying importance of different feature map channels

I However, it

during the convolutional pooling process
only considered the encoding of the information between
channels while ignoring the spatial information. A spatial
attention mechanism was incorporated into the SE
attention module by the convolutional block attention
module (CBAM) ", This approach reduced the number

of channels and used large size convolutions to leverage
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location information.
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Fig.2 Structure of RED

In this way, although the importance of different
positions in various feature maps could be learned, the
issue of long-range dependence was ignored. The CA
attention module considered both channel information
and directional location information, and incorporated
the location information into the channel attention. The
architecture of the CA attention module is shown in
Fig.3.
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Fig.3 Structure of CA attention module

The specific operation could be divided into two steps:

coordinate information embedding and coordinate

attention generation. First, in order to enable the

attention module to capture remote spatial interactions

with  precise location information, the global
discretization was decomposed and transformed into a
pair of one-dimensional feature encoding operations.
Specifically, given an input x, and the pooling kernel
with size of (H, 1) or (1, W) is used to encode each
channel along the horizontal and vertical coordinates.
These two transformations enabled the attention module
to capture long-term dependencies along one spatial
direction and preserve precise location information along
another spatial direction. This helped the network to
accurately locate the target of interest.

In order to leverage the resulting representations, a
second transformation was proposed. After undergoing
the transformations in the information embedding, a
stitching operation was performed on the aforementioned
transformations.  The  convolution  transformation
function was then applied to them, called coordinate
attention generation.

To address the issues of low resolution of high-level
features and limited perception of detailed information
resulting from multiple convolution and pooling operations,
the convolution in stage 4 and stage 5 were replaced with a
dilated convolution. A hyper-parameter called the dilation

rate was introduced by dilated convolution, which was
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applied to ordinary convolution. The dilation rate refers to
the number of intervals between each point of the kernel.

Dilated convolution can increase the receptive field while

maintaining the same computational conditions. The

contrast plots of the dilated convolution kernel for dilation

ratesof 1, 2, and 5 are shown as Fig.4.

(a) Dilation rate=1

(b) Dilation rate=2

(¢) Dilation rate=5

Fig.4 Comparison of receptive fields of dilated convolution with different dilation rates

However, when using successive dilated convolutions
with the same dilation rate, a gridding effect could occur.
This effect resulted in an uneven distribution of the
number of times each element participates in the
convolution kernel operation. As a result, each pixel
became independent of one another, lacking
interdependence. This lack of interdependence could
lead to a loss of local information and a loss of relevance
between distant information. Therefore, the hybrid
dilated convolution (HDC) principle was followed when
using extended convolution. Each layer used a different
dilation rate, and the dilation rate could not have a
convention greater than 1, turn dilation rate was
transformed into a sawtooth form. For example, dilation
rate=1[1, 2, 5], and it also needs to satisly the condition

M, <K,, in which

where M, is the maximum distance between two non-
zero elements in the layer ¢; r; is the dilation rate of the
layer 7; and K is the size of the convolution kernel in the
layer 7. The number of times that each element
participates in the operation across various combinations
of dilation rates is shown in Fig.5. When the dilation rate
=[2, 2, 2], the receptive field was 13X 13. But the
number of times each element participated in the
operation was extremely uneven. When the dilation rate
= [1, 2, 3], the receptive field remained 13X 13.
However, the number of times each element participated
in the operation was not uniform enough. When the
dilation rate=[1, 2, 5], not only the receptive field was
increased to 17X 17, but also the application times of
each element were evenly distributed, mostly ranging
between 1 and 4. Therefore, the dilation rate of the three

successive dilated convolutions in stage 4 and stage 5

M,=max[ M., —2r,M,., —2(M,.,—r),n].(1) " wassetto[1.2.5].
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Fig. 5 Frequency with which each element participates in operation across various combinations.

2.2 Deep supervision module

The deep supervision module was primarily used to
enhance the efficiency of feature extraction in the backbone
network and improve the training effectiveness of the
model. To prevent the number of features from changing

too quickly, the number and parameter values of the

convolution layers used for dimensionality reduction were
adjusted. First, each convolution layer in VGG16 was
connected to a 1 X1 convolution layer with a channel depth
of 64 for feature compression. Each stage was then
accumulated with an eltwise layer to obtain hybrid features.
1 X1 — 32 convolution layers were used for transition,

and finally 1X1—1 convolutions were used for
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compression. The feature map was then scaled up using a
transposed convolution initialized by bilinear interpolation®’
and aligned by cropping. The smooth variation of the
features can make the entire learning process more stable.
The addition of small convolution kernels can not only
extend the learning capacity but also mitigate overfitting in
image datasets.

2.3 Fusion module

The original paper on RCF network constructed a
simple network to generate the side output of the middle
layer. The output edge images of RCF at each stage are
shown in Fig. 6. It could be observed that the output
image became progressively more coarse as the depth
increased. For the final fusion output, the RCF network
initially combined the five side outputs by splicing them
together. However, this method of fusion, which only
involved a 1X1 convolution, was inadequate for

effectively processing multi-scale information.

. Z g@

(c) Stage 3 (d) Stage 4 (e) Stage 5

N

(b) Stage 2

(a) Stage 1

Fig. 6 Output edge images of RCF at each stage

In convolutional neural networks, deep features are
characterized by high semantic information and a large
receptive field, while the shallow network is exposed to
the original information of the image and can capture the
most detailed information. As the depth increases, more
semantic features of the overall edge contour will be
obtained. Therefore, the depth of the features can be
increased by merging the features from different layers,
resulting in deeper features that contain more
comprehensive target edge information. Visual cross-
image fusion (VCF) using deep neural networks for
image edge detection™ extracts features from a multi-
layer hierarchical structure through cross-fusion. RED
fuses the output information from different stages using a
cross-layer cross-fusion module.

Through numerous experiments, researchers have
discovered that the side output of the third stage was the
most suitable foundation for cross-fusion. The specific
connection mode is shown in Fig. 7. The transposed
convolution and clipped aligned feature maps of stage 3
were added to the feature maps of stages 1, 2, 4, and 5,
and new side outputs were created. These outputs were

then combined with the original stage 3. Since all levels

of features have been fully integrated beforehand, only
one 1X1 convolution was required for the overall

integration. The final edge image was outputted.
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Fig.7 Structure of cross-layer cross-fusion module

3 Experiment

3.1 Dataset and parameter setting

To evaluate the performance of RED, the extended
BSDS500 dataset™ was used for training and validation.
The original BSDS500 dataset consisted of 200 training
images, 100 validation images, and 200 test images. The
HED paper extends the original dataset to 28 800 images.
NYUD dataset consisted of 1 449 densely labeled pairs of
aligned RGB and depth images. The NYUD dataset was
split into 381 training images, 414 validation images, and
654 test images. Depth information was obtained by using
the horizontal-vertical-angle (HHA) method. The HHA
features can be represented as a color image through
normalization.

All experiments were conducted on a Windows 10
operating system using Python 3.7, which was based on
PyTorch 1.11.0 framework. The experiments were
performed on a single NVIDIA GeForce RTX 3080 Ti
GPU with 12 GB of video memory. The stochastic
gradient descent (SGD) method was used to train the
model, with the momentum set to 0.9, the batch size set
to 8, the initial learning rate set to e™°, and the weight
decay set to 0.000 2. The pre-trained model was not
used during training, and the network parameters were

initialized using a Gaussian distribution.
3.2 Evaluation method

The main evaluation indexes of the edge detection
models are optimal dataset scale (ODS) , optimal image
scale (OIS) , and average precision (AP) . ODS represents
the detection result obtained by applying a fixed threshold
to all images in the dataset, while OIS represents the
detection result obtained by applying an optimal threshold
to each individual image. In addition, the PR curve was
used to evaluate the overall performance. The precision rate
represents the probability that the boundary pixels
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generated by the model are real boundary pixels, while the
recall rate represents the probability of detecting all real
boundary pixels. The recall rate is abscissa and the precision
rate is ordinate.

One evaluation method is standard evaluation, where
post-processing operations, such as non-maximum
suppression, are performed and then compared with the
ground truth labels. The other method is clarity evaluation,
which involves direct evaluation without any post-
processing operations. The two methods were used to

verify the performance of RED.
4 Result and discussion

4.1 BSDS500 dataset

RED was
including non-deep learning algorithms'

algorithms,
25-27]

compared with various
such as
Canny, as well as recent deep learning methods such as
CED™ and LPCB". During the test, the image
pyramid technique was also employed to enhance the
quality of the edges and fuse the output to obtain a multi-
scale edge image. The evaluation indices of each model
under the standard evaluation on the BSDS500 dataset
are shown in Table 1, and “ms” represents the multi-

scale results.

Table 1 Standard evaluation of each algorithm on BSDS500
dataset
Algorithm ODS OIS AP
Canny"® 0.611 0.676 0.520
Pp! 0.726 0.757 0.652
SE! 0.743 0.763 0.800
DeepEdge'™” 0.753 0.772 0.815
DeepContour " 0.757 0.780 0.800
HED! 0.788 0.804 0.815
RCF!! 0.806 0.823 0.787
RCF-ms!” 0.811 0.830 0.830
CED® 0.794 0.811 0.847
CED-ms® 0.815 0.833 0.889
LPCB® 0.808 0.824 0.849
LPCB-ms™*" 0.815 0.834 0.869
RED 0.809 0.832 0.834
RED-ms 0.815 0.840 0.840

It can be seen that the performance of RED has been
improved based on RCF. Its single-scale ODS value was
0.809, which was 0.3% higher than RCF. Its single-
scale OIS value was 0.832, which was 0.9% higher than
RCF. Furthermore, its single-scale AP value was
0.834, which was 4.7% higher than RCF. In terms of
multi-scale metrics, RED’ s ODS value was 0.815,
which was 0.4% higher than RCF’ s. Similarly, its
multi-scale OIS value was 0.840, which was 1% higher
than RCF. Lastly, its multi-scale AP value was 0.840,
which was 1% higher than RCF. Compared to other

algorithms, the ODS value or OIS value has been
improved to some extent.

The evaluation indices of RED for the clarity
evaluation of the BSDS500 dataset are shown in
Table 2. In the absence of non-maximum suppression,
the ODS value was 0.601, which was 1.6% higher than
RCF. Additionally, the OIS value was 0.621, which
was 1.7% higher than RCF. It can be seen that RED can
not only effectively detect edges, but also make them

finer and improve the detection performance.

Table 2 Clarity evaluation of each algorithm on BSDS500
dataset
Algorithm ODS OIS
Huamn 0.803 0.803
HED 0.588 0.608
RCF!™! 0.585 0.604
RED 0.601 0.621

The PR curve of RED with other algorithms on the
BSDS500 dataset is shown in Fig.8.
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Fig. 8 PR curves of RED with other algorithms on BSDS500
dataset
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The human eye has a performance in edge detection
with an ODS F-measure value of 0.803. The ODS F-
measure of the RCF network was 0.811, which
surpassed that of the human eye. Additionally, RED has
been improved based on the RCF network, resulting in
an increased ODS F-measure of 0.815.

The comparison of the effects of RED with RCF is
shown in Fig. 9. Through comparison, it could be
observed that the RCF network generated rough lines in
the edge images, with a poor ability to handle details and
incomplete extraction of edge information.

On the other hand, RED can not only extract edge
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lines more clearly, but also effectively handle details
such as the outline of the window well. The resulting

(b) Ground truth

(a) Original image

edge image is more complete, and the edge outline is
more detailed.

(d) RCF-NMS (e) RED (f) RED-NMS

Fig. 9 Effects of comparison of RED with RCF. Among them, - NMS represents that edge map has been subjected to non -

maximum suppression operation

4.2 NYUD dataset

To validate the performance of RED, it was trained
and validated on the NYUD dataset and also compared
with other algorithms. The ODS and OIS values for
each algorithm are shown in Table 3.

Table 3 Standard evaluation of each algorithm on NYUD
dataset

Algorithm ODS OIS
HED-RGB"™ 0.705 0.728
HED-HHA! 0.681 0.695

HED-RGB-HHA™ 0.739 0.755
RCF-RGB!™! 0.720 0.738
RCF-HHA! 0.694 0.711

RCF-RGB-HHA™ 0.746 0.761

RED-RGB 0.729 0.742

RED-HHA 0.707 0.719

RED-RGB-HHA 0.758 0.778

In Table 3, “-RGB” indicates that RGB images are
used as training data, “ -HHA” indicates that HHA
images are used as training data, and “ -RGB-HHA”
indicates that RGB and HHA images are used together
as training data. When training on RGB images, RED
had an ODS value that was 0.9% higher than RCF and
an OIS value that was 0.4% higher than RCF. When
training on HHA images, RED had an ODS value that
was 1.3% higher than RCF and an OIS value that was
0.8% higher than RCF. Lastly, when training on mixed
data, RED had an ODS value that was 1.2% higher than
RCF and an OIS value that was 1.7 % higher than RCF.

4.3 Ablation experiment

In order to verify the impact of each module in the
RED model, relevant experiments were conducted, and
the experimental results are shown in Table 4. “F”

indicates the cross-layer cross-fusion module.

Table 4 Comparison of improvement effect of each module

Program  HDC+CA Smooth compression F ODS OIS

1 N 0.807  0.825
2 N 0.806  0.829
3 < 0.808  0.827
4 N J 0.808  0.830
5 NG < 0.808  0.832
6 N Vv 0.809  0.828

After removing part of the pooling layer in the
backbone network and incorporating hybrid dilated
convolution and CA attention modules, the model’s
ODS value was increased by 0.1% and the OIS value
was increased by 0.2%. It has been proven that
removing part of the pooling layer can increase the level
of edge detail. Additionally, incorporating hybrid dilated
convolution and CA attention modules can expand the
receptive field of the network and enhance the feature
extraction capability of the backbone network. After
applying smooth compression in the deep supervision
module, the ODS value of the model remained
unchanged, but the OIS value was increased by 0.6%.
Additionally, the loss converges faster during training,
which demonstrates that smooth compression can
enhance the stability of the network. After introducing
the cross-layer cross-fusion technology in the feature
fusion module, the model’ s ODS value was increased
by 0.2% and the OIS value was increased by 0.4%. It
demonstrated that the cross-layer cross-fusion module
effectively integrated features from different layers,
enhancing the model’ s performance. When any two
modules were used, the ODS value or OIS value of the

model were improved to varying degrees.
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5 Conclusions

A RED model was proposed based on RCF to
enhance the quality of rough edge lines and incomplete
contours produced by the RCF network. It removed part
of the downsampling layer in the backbone network and
replaced the convolution layers in the fourth and fifth
stages with hybrid dilated convolution. Additionally, it
incorporated the CA attention module into the backbone
network. The number and parameters of the feature
compression layers in the deep supervision module have
been modified to enhance the smoothness of the
compressed features. The cross-layer cross-fusion
technology was integrated into the feature fusion
module. With the aforementioned improvements, the
model achieved an ODS value of 0.809 and an OIS value
of 0.832 on the BSDS500 dataset. These values were
0.3% and 0.9% higher than RCF, respectively. The
showed that the
effectively utilized edge information and multi-scale

experiment improved network
information. The network can simultaneously focus on
the details and global information of the image, resulting
in more detailed and rich extracted edges. It improved

the completion of edge detection.
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