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Salient Object Detection Based on Multi-scale Deconvolution Deep Learning

WEN Jing and LI Yu-meng

School of Computer and Information Technology,Shanxi University, Taiyuan 030006 ,China

Abstract Saliency detection aims to highlight the regional objects that people pay attention to subjectively in images. However,
the traditional methods mainly distinguish the objects against the background under single resolution,so it’s a hard to obtain the
local detailed information under various scale. In this paper, we proposed a multi-scale convolution-combined-deconvolution net-
work model. More specifically,we applied the deconvolution on the feature layers as well as their contract features,so that more
multi-scale parameters could be maintained;then the fusion of the deconvolution offsets were combined with global information to
get the salient result. The experimental results show that with many uncertainty factors in the complex background, compared
with traditional methods,the proposed method could get a satisfactory salient detection, Compared with the latest deep learning
methods, there can be relatively clear and accurate areas,which reduces the loss of information to some extent and restores more
details,at the same time,the runtime of our method has been accelerated due to the design of the independence between the de-
convolution layers.
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Fig. 1 Multiscale deconvolution network
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Fig. 2 Deconvolution operation schematic diagram
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Fig. 3 Comparison results of deconvolution operation
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Table 1 Evaluation data of deconvolution operation
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max Flg 0. 889 0.910
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MAE 0.063 0.062
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Table 2 Evaluation data of three benchmark datasets

Method Metric MSRA-B HKU-IS ECSSD
max Fp 0.777 0.682 0.661

GS
MAE 0. 144 0.167 0.206
max Fp 0.824 0.715 0.736

MR
MAE 0.127 0.174 0.189
max Fp 0. 820 0.726 0.716

wCtr
MAE 0.110 0.141 0.171
max Fp 0.910 0. 888 0. 889
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MAE 0.048 0.048 0.063
max Fg 0.912 0.897 0.904
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max Fg 0.911 0.901 0.910
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MAE 0.047 0.048 0.062
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Table 3 Comparison of average running time of each method

Method GS MR wCtr NF PAG Our
Time/s 0.214 0.256 0.249 0.08 0. 04 0.03

4,3 KIGHE R
SH 1 AL S 6 FAIAAE 3 AR 4 B AT X
45 B & 4 FF R MK R N GroundTruth, CS®), GS,
MR, wCtrl™ , NF® ,PAGHR, Our Method,



WA BT 2 RUBE S BRUR 2 ) Y 3 A

183

W
3

f
3

HE 04 DN

A 00 OF

=
=

Q:w

I 03 QL
Ll EE QU

Z,
=

wCtr PAG Our Method

B4 3 FEEMERCEAR T 7 FhOT ik BN LS5 R

Fig. 4 Comparison results of seven methods under three benchmark datasets
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Fig.5 Results of seven methods in different natural scenarios datasets
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