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Abstract Edge-preserving filtering is a significant basic theory research in the fields of computer vision and image pro-
cessing. As subsequent operation of pre-processing,edge-preserving filtering has great influence on final results of image
processing. Different with traditional filtering, edge-preserving filtering focuses not only on smooth, but also on image
edge details. Convolutional neural networks (CNNs) have been applied into a variety of research fields with great suc-
cess. In this paper,CNN was introduced into edge-preserving filtering. Taking advantages of CNN’s excellent extensi-
bility and flexibility, this paper constructed a deep convolutional neural network (DCNN)., With three types of cascading
network layers, DCNN iteratively updates its parameters by back propagation, produces a residual image and realizes a
DCNN-based edge-preserving filtering. Besides.a gradient CNN model (GCNN) was constructed. The gradient of color
images is learnt,edge-preserving smoothing operation is conducted for gradient images by three layers of convolution,
and edge-preserving filtering gradient images are obtained. Subsequently, the input image is used to guide the filtering

gradient image for reconstructing and obtaining color filtering image. Finally, experiments were made to evaluate the

FF5 H M .2018-08-30 R 1E H M .2018-11-19 ARICFZ E R [ RBE I GTF ARSI A (61502541),2016 4F $E M & BHF & & A A BA & 50
P4 H (BEHE T 5 AA[2016]5609) 2016 4F 530 44 44 T a5 SR =R SE ML T B AR ” (B8 2 0 &5 ZDXK[2016]20 5, 7 I K2 i 58
A BHT R 7 K5 3R BT BT 4] (2018GDIC-D03) ¥ Bl

REBRL1978—) & At FEWF5E Jy ) Jy ER AL B SR FF (1994 —) . B W+ Az, FZEHFSE Oy ) A PR AL B B E AR (1994 —) . & W+ A=,
FEWFR T EMR A B 7 = (1985—) . B 11 ,CCF & 5, FZWF Ty 1 A i B AL SE L B B % 4L B, E-mail : suzhuo3 @ mail. sysu. edu. cn
GEEEHR .



278 B N N = R

2019 4F

proposed methods and the proposed methods were compared with popular edge-preserving filtering methods subjectively

and objectively. DCNN not only achieves the same visual effects as other methods, but also has big advantages in pro-

cessing time,which demonstrates that DCNN can effectively and efficiently imitate various filtering methods through

training on large amount of data. For GCNN,in terms of visual effects,its output conforms to the input in the color style

globally. In terms of image similarity evaluation, it also outperforms other methods. This verifies that GCNN can ad-

dress the problems of color shift and gradient inversion,as well as improve the filtering efficiency.
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Table 1 Time cost comparison of models under images with

different resolutions
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Fig. 8 Effect of batch normalization on training error of DCNN
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