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[Abstract]

Deep learning-based edge detection methods exhibit superior performance when compared to traditional methods; however, they
typically require highly complex architectures, excessive computational power, and high memory capacity. In this paper, we
propose a lightweight dilated convolutional network (LDCN) with flexible structure and size using four types of convolutional
neural network blocks with a significantly small number of parameters. We trained the proposed three-stage neural network-based
edge detector on the Berkeley Segmentation Data Set 500 and evaluated its performance in terms of the F-measure. Thus, we
were able to achieve the same level of performance with optimal dataset scale (ODS) and optimal image scale (OIS) values of
0.771 and 0.795, respectively, using a neural network with approximately one-tenth the size of existing lightweight neural
network-based edge detectors. Furthermore, with a parallel backbone structure, the ODS and OIS values were improved to 0.802
and 0.822, respectively, achieving superior performance equivalent to that of existing edge detectors that are based on significantly

complex neural networks with tens of times more weights.
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Fig. 1. Lightweight 3-stage dilated convolutional network
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Fig. 7. Edge predictions of proposed edge detectors on 5
images from BSDS500 dataset
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Table 3. Performance comparison of various edge
detectors on the BSDS500 dataset

Group Model #P (million) 0oDS oIS
Canny - 0.639 0.685

Sobel - 0.615 0.654

T Prewitt - 0.614 0.654
Roberts - 0.608 0.651

LoG - 0.627 0.658
BDCN-ResNet[16] 28.7 0.809 0.828
CED[15] 21.4 0.815 0.834
RCF-VGG16[22] 14.8 0.806 0.823

H HED[14] 14.7 0.788 0.808
RHN[26] 1.5 0.817 0.833

BDCN3[16] 2.26 0.796 0.817
FINED3[19] 1.43 0.790 0.808
FINED2[19] 0.39 0.779 0.800

L TIN2[18] 0.24 0.772 0.792
TIN1[18] 0.08 0.749 0.772

LDCN2C 0.70 0.799 0.820

LDCN LDCN3B 0.28 0.802 0.822
LDCN1A 0.04 0.771 0.795

*= T . Traditional edge detectors

* H : Heavy CNN based edge detectors
= L Light CNN based edge detectors
* LDCN : Proposed edge detectors
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Fig. 8. Comparison of edge predictions among various
edge detectors on four test images from BSDS500
dataset
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