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Saliency Detection for RGB-D Images Under Bayesian Framework

WANG Song-Tao" 23 ZHOU Zhen' JIN Wei? 3 QU Han-Bing®®

Abstract In this paper, we propose a saliency detection model for RGB-D images based on the deep features of RGB
images and depth images within a Bayesian framework. By analysis of 3D saliency in the case of RGB images and
depth images, class-conditional mutual information (CMI) is computed for measuring the dependence of deep features
extracted by CNN, then the posterior probability of the RGB-D saliency is formulated by applying the Bayes’ theorem. By
assuming that color- and depth-based deep features are Gaussian distributions, a discriminative mixed-membership naive
Bayes (DMNB) model is used to calculate the final saliency map. The Gaussian distribution parameter can be estimated
in the DMNB model by using a variational inference-based expectation maximization algorithm. The experimental results
on the RGB-D image NLPR and NJU-DS2000 datasets show that the proposed model performs better than other existing
models.
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Fig.5 Architecture for supervision transfer ((a) The Architecture of Depth CNN, where Relu denotes a rectified linear
function Relu(xz) = max(z,0), which rectify the feature maps thus ensuring the feature maps are always positive, Irn
denotes a local response normalization layer, and Dropout is used in the fully connected layers with a rate of 0.5 to
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image (with 3 planes) is presented as the input. This is convolved with 96 different 1st layer filters, each of size 7 by 7,
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55 element feature maps. Similar operations are repeated in layers 2, 3, 4, 5. The last two layers are fully connected,
taking features from the pooling layer 5 as input in vector form. The final layer is a 2-way softmax function, which
indicates the image is salient or not. (¢) We train a CNN model for depth images by teaching the network to reproduce

the mid-level semantic representation learned from RGB images for which there are paired images)
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Fig.6 Visual result for class-conditional mutual information between color and depth deep features on NLPR and
NJU-DS2000 RGB-D image datasets ((a) Color-depth saliency situation in terms of the NLPR dataset, (b) Color
saliency situation in terms of the NLPR dataset, (c) Depth saliency situation in terms of the NLPR dataset, (d)

Color-depth saliency situation in terms of the NJU-DS2000 dataset, (e) Color saliency situation in terms of the
NJU-DS2000 dataset, (f) Depth saliency situation in terms of the NJU-DS2000 dataset.)
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Fig.8 Visual result for the number of components C' in the DMNB model: generative clusters vs DPMM clustering ((a)
Generative clusters for NLPR RGB-D image dataset. (b) DPMM clustering for NLPR RGB-D image dataset, where the
number of colors and shapes of the points denote the number of components C. We find C' = 24 using DPMM on the
NLPR dataset. (c¢) Generative clusters for NJU-DS2000 RGB-D image dataset. (d) DPMM clustering for NJU-DS2000
RGB-D image dataset, where the number of colors and shapes of the points denote the number of components C. We
find C' = 28 using DPMM on the NJU-DS2000 dataset.)
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Fig.10 Visual comparison of the saliency detection in the color-depth saliency situation in terms of NLPR dataset ((a)
RGB image, (b) Depth image, (c) Ground truth, (d) ACSD, (e) GMR, (f) MC, (g) MDF, (h) LMH, (i) GP, (j) BFSD)
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Fig. 13

Visual comparison of the saliency detection in the color saliency situation in terms of NLPR dataset ((a) RGB

image, (b) Depth image, (¢) Ground truth, (d) ACSD, (e) GMR, (f) MC, (g) MDF, (h) LMH, (i) GP, (j) BFSD)
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Table 5  Comparison of the AUC on the NLPR dataset

BEAHEN ACSD GMR MC MDF LMH GP BFSD
it - ERZ 061 073 0.81 0.82 0.70 0.79 0.83
i o, e 0.56 0.74 0.84 0.83 0.61 0.65 0.84
R 0.63 0.71 0.76 0.74 0.75 0.81 0.90
Bk 0.60 0.73 0.81 0.80 0.69 0.78 0.85
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732, Br A¥E NJU-DS2000 % fis 46 36 Lo 55 5 ik /b
LMH 1 GP J7rik i s2 st
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Fig.15 Visual comparison of the saliency detection in the color-depth saliency situation in terms of NJU-DS2000
dataset ((a) RGB image, (b) Depth image, (c) Ground truth, (d) ACSD, (e¢) GMR, (f) MC, (g) MDF, (h) BFSD)
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((a) RGB image, (b) Depth image, (¢) Ground truth, (d) ACSD, (e) GMR, (f) MC, (g) MDF, (h) BFSD)
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