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1. Introduction 

 1.1 Problem 
• Saliency priors, which are shown to be 

effective in previous work, are completely 
discarded by most CNN based methods. 

• A limited size of local image patches is 
considered by most CNNs methods. 

• Binary classification problems, which 
represent saliency detection, have 
relatively weak supervision information. 
 

1.2 Our Solution 

• Incorporation for the saliency priors into 
the network to facilitate training and 
inference. 

• The recurrent structure to refine the 
coarse inference from previous time steps.

• A RFCN pre-training method for 
saliency detection using semantic 
segmentation data to both leverage strong 
supervision from multiple object 
categories and capture the intrinsic 
representation of generic objects. 
 

2.  Overview 

• Employs three kind of low-level contrast 
features, including color, intensity and 
orientation, and the center prior knowledge 
to introduce saliency prior maps. 

• Train the RFCN with two stage training 
strategy, pre-training on the segmentation 
data set and fine-tuning on the saliency 
data set. The recurrent structure can 
incorporate the saliency prior maps into 
the CNNs with an end-to-end training 
method. 

• Refine the saliency maps with a post-
processing method which can improve the 
performance of RFCN. Edge-preserving 
maps are produced with the computation 
of color confidence and spatial confidence.  

3.  Algorithm 4.  Results 

 3.1 Saliency Prior Maps 
• We encode prior knowledge into a saliency 

prior map which serves as the input to the 
network. The priors include color, intensity 
and orientation feature contrast. Then we 
integrate these priors together and filter 
the result with a gaussian function, which 
proves center prior information. 

.  

3.2 Recurrent Architecture 

• Architecture 1: Forward propagation of the 
whole network is conducted in every time 
step, which is very expensive in terms of 
both computation and memory. We adopt 
this architecture for accuracy in our paper. 

• Architecture 2: In the t-th time step, the 
predicted foreground map in the last time 
step serves as saliency prior map. The 
deconvolution part takes the convolution 
feature map as well as the foreground map 
to refine the saliency prediction. 
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3.3 Training RFCN 

• Pre-training is conducted on the PASCAL 
VOC 2010 semantic segmentation data set. 
Saliency detection and semantic 
segmentation are highly correlated but 
essentially different in that saliency 
detection aims at separating generic 
salient objects from background, whereas 
semantic segmentation focuses on 
distinguishing objects of different 
categories.  

• After pre-training, we modify the RFCN 
network architecture by removing the first 
C+1 channels of the last feature map and 
only maintaining the last two channels. 

3.4 Post-Processing 

• Given the final saliency score map
predicted by the RFCN, we first segment 
the image into foreground and background 
regions by thresholding it with its mean 
saliency score. 

• We then compute a spatial confidence and
a color confidence score for each pixel 

• Finally, we weight the predicted saliency 
scores by spatial and color confidences to 
dilate the foreground region. 
 

PR-curves on SOD PR-curves on ECCSD 

PR-curves on BSD PR-curves on SED1 

5.  Conclusions 

• We propose a recurrent fully convolutional 
network based saliency detection. 

• Our method integrates low level saliency 
prior knowledge and fully convolutional 
neural networks with a recurrent structure. 

• Experimental results on five benchmark 
data sets show that the proposed 
algorithm achieves favorable results 
against the state-of-the-art methods. 

Comparisons of saliency maps. Top, middle and bottom two rows are images from the SOD, ECSSD, PASCAL-S and SED1 data 
sets, respectively.(a) Original images, (b)ground truth, (c)Our RFCN method, (d)LEGS, (e)MDF, (f)DRFI, (g)wCtr, (h)HDCT, 
(i)DSR, (j)MR, (k)HS. 


