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Abstract  Visual saliency detection is an important and fundamental research problem in neuro-
science and psychology, which investigates the mechanism of human visual systems in selecting
regions of interest from complex scenes. Recently it has also been a 5 active topic in computer
vision, due to its applications to object detection, video summarization, image editing techniques,
image retrieval, face detection, and fine-grained visual categorization. Saliency detection is
commonly interpreted as a process that includes two stages: (1)detecting the most salient regions
in accordance with human visual attention and (2) segmenting the accurate boundary of that
regions. In general, saliency detection methods can be categorized as either bottom-up or top-down.
The former focuses on stimulus-driven stage of attention which is of main interest in computer
vision community. Contrasted with bottom-up methods, top-down approaches usually require
supervised learning with manually labeled ground truth. However, natural images often contain a
variety of complex content. Saliency detection method based single visual feature hardly extract

salient object that are consistent with human visual system from complex scenes. Although the
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fusion of various saliency maps is able to compensate or correct the defects of single visual feature,
the irrational fusion may further degrade the performance. In order to solve the problem of effective
fusion of saliency maps, we propose a deep fusion model based on deep convolutional neural
network. We use four hand-crafted feature maps, which include Local Contrast (LC), Global
Contrast (GC), Spatial Variance (SV) and Center Variance (CV), as the input of the network and
learn the saliency values in a dual-estimation process. The anterior fusion estimation is fed with
fused maps to learn values with precise boundaries. The posterior fusion estimation is fed with
feature map to learn the object conception saliency separately. Four feature maps are exploited
dependent to detect salient region, and as well as six fusion schemes including HF, HF,, HF,,
proposed in the paper, and CRF, CSVM and WA. The evaluations show that HF gains the
highest performance, which shows the superiority of anterior and posterior. Therefore, HF is
selected as the fusion scheme and the two features are concatenated and integrated into a jointly
optimized network for final saliency detection. Extensive experiments are carried out on four
benchmark datasets including ASD, PASCALS, ECSSD, HKU-IS. Two measurements including
MAE and F-Score are calculated to evaluate the proposed method’s performance and the existing
methods including HS, GMR, DSR, DRFI, LEGS, MDF, MCDL and ELLD, among which, HS,
GMR, DSR and DRFTI are traditional methods based on low-level features, while LEGS, MDF,
MCDL and ELD are based on deep learning. The PRCs of the methods are also used to illustrate
their performances. The results show that the proposed method gain significant and consistent
improvements over the representative deep learning framework based saliency detection methods.
We believe that the proposed method’s success comes from the following factors. (1) Four
hand-crafted feature maps come from different level features, which are complementary. (2) Deep
network is efficient to locate the correlation among the feature maps. (3) Contrasted with shallow
fusion model SVM and CRF, HF can fuse the different level feature maps and get the better
performance.
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Saliency detection is considered to be a key attentional
mechanism that facilitates learning and survival by enabling
organisms to focus their limited perceptual and cognitive
resources on the most pertinent subset of the available sensory
data. Therefore, saliency detection has been an important
preprocessing in many visual detection and recognition tasks.

The difference between the various algorithms is in the
way they compute distinctness. Some focus on the patterns,
others on the colors, and several add high-level cues and
priors. Potential saliency prior is one of the key factors of
detecting salient information. Inspired that humans tend to
gaze at the center of images, Itti et al. proposals one of the
earliest saliency models based on center-surround mechanisms.
Other commonly used prior knowledge includes background

prior, foreground information and boundary prior. It is
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commonly observed that human gaze to objects of interest in
an image tend to be saliency regions in focus. Therefore, the
clue of a well identifiable object is very helpful to locate the
salient regions. Although many works have been done to
improve the saliency detection gradually, especially the
methods based on deep learning, the performances often
degrade badly on natural images. since they contain a variety
of complex content. We observe that saliency detection method
based single visual feature hardly extract salient object that
are consistent with human visual system from complex
scenes. Although the fusion of various saliency maps is able
to compensate or correct the defects of single visual feature,
the irrational fusion may further degrade the performance. In
order to solve the problem of effective fusion of saliency
maps, we propose a deep fusion model based on deep convo-
lutional neural network. Extensive experiments on the typical
open datasets show the superiority of the proposed method.
Applied into video retrieval, object recognition etc. , this
work can greatly reduce the influence due to the background,

noise and improve the precision.





