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Introduction

RGB-D Salient Object Detection

RGB Depth Ground truth RC ACSD

depth quality

surface normal perception

o shape

o contour

o internal consistency
O



ACM multimedia
m

Chengdu, China OCT20-24 2021

https // rmcong.qgithub.io/proj CDINet.html




Motivation

4 P

How to effectively integrate the
complementary information from
RGB image and its corresponding
depth map?
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Motivation

RGB CNN >

Depth CNN >
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(a) Unidirectional interaction mode, which uses the

depth cues as auxiliary information to supplement the

RGB branch.
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Motivation

RGB CNN > (b) Bidirectional interaction mode, which treats RGB
IIIII and depth cues equally to achieve cross-modality

Depth CNN > interaction.
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Motivation

How can we fully exploit the strengths of both modalities and provide clear guidance?

RGB CNN >
LT

Depth
Depth CNN

(1) Depth map has relatively distinct details for describing (c)
the salient objects, but can not distinguish different
object instances at the same depth level.

Mode (c), a discrepant

(2) RGB image contains more affluent semantic information, interaction mode s

but the complex background interference may cause the proposed!
salient objects to be flawed.



Contributions

* We propose a Cross-modality Discrepant Interaction Network (CDINet), which
differentially models the dependence of two modalities according to the
feature representations of different layers.

 We design an RGB-induced Detail Enhancement (RDE) module in low-level
stage and a Depth-induced Semantic Enhancement (DSE) module in high-level
stage to enhance self-modal feature by utilizing complementary modality.

 We design a Dense Decoding Reconstruction (DDR) structure, which generates
a semantic block by leveraging multiple high-level encoder features to upgrade
the skip connection in the feature decoding.
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RGB-induced Detail Enhancement Module

RDE (RGB-induced Detail Enhancement)

CxHxW

The RGB-induced Detail Enhancement

[
i

(RDE) module can transfer detail /s A .

supplement information from RGB | ©

: T L]

modality to depth modality in low- | d

level encoder stage. i il
\

We first adopt two cascaded convolutional The depth features generate a spatial
layers to fuse the underlying visual features  attention mask, and obtain the required
of two modalities. supplement information from the perspective

. o of depth modality.
f;ool = convs(convy ([f;, f31)),

L = D'(CDHU'}'(CDHU?(THGIPDD!(]C;)))) {5}]‘;001 +f(;



Depth-induced Semantic Enhancement Module

The Depth-induced Semantic
Enhancement (DSE) module can assist
RGB branch in capturing clearer and
fine-grained semantic attributes by
utilizing the positioning accuracy and
internal consistency of high-level
depth features.

First, we learn an attention vector from
the depth features to guide RGB modality
to focus on the region of interest:

Swef_gh.l' = J[Cﬂ”ﬂ?:{mﬂxpﬂﬂj{fr‘;ﬂ& _f.!"-. - 11-"&31_:;hi‘ IE'Jf.l"

Cueight = 9(FC(GAP(f))), Datt = Cuweight © fi's:

v’

DSE (Depth-induced Semantic Enhancement)
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Then we use cascaded attention to enhance the
depth features, the features that eventually flow
into the next layer of the RGB branch can be
expressed as:

fout = Dirf +D;d{1‘+ﬁ‘



Dense Decoding Reconstruction Structure
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Decoder

Existing question

While the traditional skip connection introduces
supplementary information, it also introduces
additional interference information.

Solution

We propose a dense decoding reconstruction
(DDR) structure, which generates a semantic
block by densely connecting the higher-level
encoding features to provide more
comprehensive semantic guidance:

£+‘]

B' = convs(convi ([up(f,), - up (f;,)1))

i _ i
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Experiments

 Benchmark Datasets: NJUD (1985 RGB-D images), NLPR (1000 RGB-D images), STEREO (797
RGB-D images), LFSD (100 RGB-D images), and DUT (1200 RGB-D images).

e Evaluation Metrics:

WL

(B% + 1) - Precision - Recall W
Fg = — MAE =
p? - Precision + Recall

Gxyl, S=axSo+(1-a)=*S,

y: x=1

* Implementation Details: All the training and testing images are resized to 256 X 256, and
the depth map is simply copied to three channels as input. Then, to avoid overfitting, we
use random flipping and rotating to augment the training samples. Moreover, we apply the
usual binary cross-entropy loss function to optimize the proposed network, and the Adam
algorithm is used to optimize our network with the batch size of 4 and the initial learning

rate of 1e-4 which is divided by 5 every 40 epochs.



Experiments
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Experiments
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Figure 3: Visual comparisons with other state-of-the-art RGB-D methods in some representative scenes.



Experiments

Table 2: Ablation analyses of different components on the

NLPR and DUT datasets.
NLPR DUT
models
FsT Sal MAE| | FgT Sa1 MAE]
CDINet | 9162 .9273 0240 9372 9274 0302
w/oRDE | 9153 9261 0251 0327 9224 0338
wio DSE 062 0219 0253 9222 0184 0369
wio DDR 0154 0258 0248 92946 0238 0334

Table 3: The effectiveness analyses of discrepant interaction

structure on the NLPR and DUT datasets.

NLPR DuT
MNumber
Fg1 Sa«l MAE| | Fg1 Sal MAE]
No.1 9162 0273 0240 9372 9274 0302
MNo.2 9153 0261 0251 0295 9217 0345
Mo.3 9160 9298 02432 0328 L9246 0327

Depth GT f, 3 f, S

!

Figure 4: Feature visualization of the DSE module in the last
layer of backbone.



Conclusion

* |n this paper, we explore a novel cross-modality interaction mode and propose a
cross-modality discrepant interaction network, which explicitly models the
dependence of two modalities in different convolutional layers.

e To this end, two components (i.e., RDE module and DSE module) are designed to
achieve differentiated cross-modality guidance. Furthermore, we also put forward
a DDR structure, which generates a semantic block by leveraging multiple high-
level features to upgrade the skip connection.

* The comprehensive experiments demonstrate that our network achieves
competitive performance against state-of-the-art methods on five benchmark

datasets, and our inference speed reaches the real-time level (i.e., 42 FPS).
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Fig. 1. Sample results of our method compared with others. RGB-D methods
are marked in boldface. (a) RGB image; (b) Depth map; (¢) Ground truth;
(d) Ours; (¢) BASNet [14]; (f) CPFP [33].

* how to effectively integrate the complementary information from RGB
image and its corresponding depth map;

 how to prevent the contamination from unreliable depth information;




Contributions

a)

b)

d)

For the first time, we address the unreliable depth map in the RGB-D SOD
network in an end-to-end formulation, and propose the DPANet by incorporating
the depth potentiality perception into the cross-modality integration pipeline.

Without increasing the training label (i.e., depth quality label), we model a task-
orientated depth potentiality perception module that can adaptively perceive the
potentiality of the input depth map, and further weaken the contamination from
unreliable depth information.

We propose a gated multi-modality attention (GMA) module to effectively
aggregate the cross-modal complementarity of the RGB and depth images.

Without any pre-processing or post-processing techniques, the proposed network
outperforms 16 state-of-the-art methods on 8 RGB-D SOD datasets in
guantitative and qualitative evaluations.



Our Method
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Depth Potentiality Perception

* Most previous works generally integrate the multi-modal features from RGB and
corresponding depth information indiscriminately. However, there exist some
contaminations when depth maps are unreliable.

* Since we do not hold any labels for depth map quality assessment, we model the
depth potentiality perception as a saliency-oriented prediction task, that is, we
train a model to automatically learn the relationship between the binary depth map
and the corresponding saliency mask. The above modeling approach is based on the
observation that if the binary depth map segmented by a threshold is close to the
ground truth, the depth map is highly reliable, so a higher confidence response
should be assigned to this depth input.

fr: FC —>§depth potentiality learning D(i} G) — (1 + ]/) . Diou . Dcov

e P LTS Diou +y'DCOU

..........................



Gated Multi-modality Attention Module

I‘b.i
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Directly integrating the cross-modal information may induce negative results, such as
contaminations from unreliable depth maps. Besides, the features of the single modality
usually are affluent in spatial or channel aspect with information redundancy.

We design a GMA module that exploits the attention mechanism to automatically select and
strengthen important features for saliency detection, and incorporate the gate controller into
the GMA module to prevent the contamination from the unreliable depth map.

f dr



Gated Multi-modality Attention Module
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Multi-level Feature Fusion

e Multi-scale Feature Fusion

Low-level features can provide more detail
information, such as boundary, texture, and
spatial structure, but may be sensitive to the
background noises. Contrarily, high-level
features contain more semantic information,
which is helpful to locate the salient object
and suppress the noises. Thus, we adopt a

—--------~

* Multi-modality Feature Fusion

During the multi-modality feature fusion, we
consider two issues: (1) How to select the
most useful and complementary information
from the RGB and depth features. (2) How to
prevent the contamination caused by the
unreliable depth map during fusing.

---------_,

more aggressive yet effective operation, i.e.,

multiplication. A fza=a®rd; +§-(1—-a)©dd,

;@;M}'—f f4 — rdZ @ ddz
rds 1fs f1= 5(up(conv3 (rd5)) © rf4) Ll/) fsar = 5(C07’W([f3»f4]))

_:@_}_}__ fy = 5(c0nv4(rf4) 0 up(rdS)) a is the weight vector learned from RGB and
| depth information, § is the learned weight of
fr= 5(C0m75([f1;f2]))

the gate as mentioned before.

’-----------~
\—-----------'




Loss Function

The final loss is the linear combination of the classification loss and regression loss:

Lfinal = Lgs + 4 Lreg

classification loss:

8
Les = Legs + z A - Lélux
=1

regression loss :

L= 0.5(9 — )%, if lg—gl <1
reg lg — gl — 0.5, otherwise



Experiments

 Benchmark Datasets: NJUD (1985 RGB-D images), NLPR (1000 RGB-D images), STEREO
(797 RGB-D images), LFSD (100 RGB-D images), SSD (80 RGB-D images), and DUT (1200
RGB-D images), RGBD135 (135 RGB-D images), SIP (929 RGB-D images).

e Evaluation Metrics: Precision-Recall (P-R) curve, F-measure, MAE score, and S-measure.

* Following [1], we take 1400 images from NJUD and 650 images from NLPR as the
training, and 100 images from NJUD dataset and 50 images from NLPR dataset as the
validation set. To reduce the overfitting, we use multi-scale resizing and random
horizontal flipping augmentation. During the inference stage, images are simply resized
to 256 X 256, and then fed into the network to obtain prediction without any other

post-processing or pre-processing techniques.

[1] H. Chen, et. al: Progressively complementarity-aware fusion network for RGB-D salient object detection. In: CVPR, 2018
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Fig. 4. Qualitative comparison of the proposed approach with some state-of-the-art RGB and RGB-D SOD methods, in which our results are highlighted by a
red box. (a) RGB image. (b) Depth map. (¢) GT. (d) DPANet. (e) PICAR. (f) PoolNet. (g) BASNet. (h) EGNet. (i) CPFP. (j) PDNet. (k) DMRA. (I) AF-Net.



Experiments

Method

RGBD135 Dataset

SSD Dataset

LESD Dataset

NJUD-test Dataset

TABLE III
COMPARISONS OF INFERENCE TIME OF DIFFERENT DEEP LEARNING

BASED RGB-D SOD METHODS.

75T Snl MAEL | 5T Sm 1 MAEL | F3T Smf MAEJ] | F3 7 Swm 1 MAEJ]

DPANet (ours) 0.933 0.922 0.023 0.895  0.877 0.046 0.880 0.862 0.074 0931 0922 0.035
AF-Net (Arxivl9) 0.904 0.892 0.033 0.828 0.815 0.077 0.857 0818 0.091 0900 0.883 0.053
DMRA (ICCV19) 0921 0911 0.026 0.874 0.857 0.055 0.865 0.831 0.084 0900 0.880 0.052
CPFP (CVPR19) 0.882 0.872 0.038 0.801 0.807 0.082 0.850 0.828 0.088 0.799 0798 0.079
PCFEN (CVPRI18) 0.842 0.843 0.050 0.845 0.843 0.063 0.829 0.800 0.112 0.887 0877 0.059
PDNet (ICMEI19) 0.906 0.896 0.041 0.844 0.841 0.089 0.865 0.846 0.107 0912 0.897 0.060
TAN (TIP19) 0.853 0.858 0.046 0.835 0.839 0.063 0.827 0.801 0.111 0.888 0.878 0.060
MMCI (PR19) 0.839 0.848 0.065 0.823 0.813 0.082 0.813 0787 0.132 0.868 0.859 0.079
CTMF (TCI18) 0.865 0.863 0.055 0.755 0.776  0.100 0.815 0.796 0.120 0.857 0.849 0.085
RS (ICCV1T) 0.841 0.824 0.053 0.783  0.750 0.107 0.795 0.759 0.130 0796 0741 0.120
EGNet (ICCV19) 0.913 0.892 0.033 0.704 0.707 0.135 0.845 0.838 0.087 0.867 0.856 0.070
BASNet (CVPR19) | 0.916 0.894 0.030 0.842 0.851 0.061 0.862 0.834 0.084 0.890 0.878 0.054
PoolNet (CVPR19) 0.907 0.885 0.035 0.764 0.749 0.110 0.847 0.830 0.095 0.874 0.860 0.068
AFNet (CVPR19) 0.897 0.878 0.035 0.847 0.859 0.058 0.841 0.817 0.094 0.890 0.880 0.055
PiCAR (CVPRI18) 0.907 0.890 0.036 0.864 0.871 0.055 0.849 0.834 0.104 0.887 0.882 0.060
R3Net (IICAILS8) 0.857 0.845 0.045 0.711 0672 0.144 0.843 0.818 0.089 0.805 0771 0.105

NLPR-test Dataset

STEREO797 Dataset

SIP Dataset

DUT Dataset

Method 3T SnT MAEL [ F3T SmT MAE] | F5F SmT MAEJ | Fs T SmT MAEJ
DPANct (ours) | 0.924 0927 0.025 | 0919 0915 0.039 | 0.906 0883 0.052 | 0.918 0904 0047
AF-Net (Arxivi9) | 0904 0903 0032 | 0905 0893 0.047 | 0870 0844 0071 | 0862 0831 0077
DMRA (ICCV19) | 0.887 0889 0034 | 0895 0.874 0052 | 0.883 0850 0063 | 0913 0880 0.052
CPFP (CVPR19) | 0.888 0.888 0.036 | 0.815 0.803 0082 | 0.870 0850 0064 | 0771 0760 0.102
PCEN (CVPRIS) | 0.864 0.874 0044 | 0.884 0880 0061 | - - ~ | 0809 0.801 0.100
PDNet ICME19) | 0905 0902 0.042 | 0908 0.896 0062 | 0.863 0843 0091 | 0.879 0859 0.085
TAN (TIP19) | 0.877 0.886 0041 | 0.886 0877 0059 | - - — | 0824 0808 0.093
MMCI (PR19) | 0.841 0856 0059 | 0861 0856 0080 | - - ~ | 0804 0791 0.113
CTMF (TCI8) | 0.841 0860 0056 | 0827 0829 0.102 | - - ~ | 0842 0831 0097
RS (ICCV17) | 0900 0.864 0039 | 0857 0804 0088 | - - ~ | 0807 0797 o.111
EGNet (ICCVI9) | 0.845 0.863 0.050 | 0.872 0.853 0067 | 0.846 0.825 0.083 | 0.888 0.867 0.064
BASNet (CVPR19) | 0.882 0.894 0035 | 0914 0900 0041 | 0.894 0872 0055 | 0912 0902 0.041
PoolNet (CVPR19) | 0.863 0.873 0.045 | 0.876 0.854 0065 | 0.856 0.836 0079 | 0.883 0864 0.067
AFNet (CVPR19) | 0.865 0.881 0.042 | 0905 0895 0045 | 0.891 0876 0055 | 0.880 0.868 0.065
PICAR (CVPRIS) | 0.872 0.882 0.048 | 0906 0903 0051 | 0.890 0878 0060 | 0.903 0892 0.062
R3Net (IICAII8) | 0.832 0846 0049 | 0811 0754 0.107 | 0.641 0624 0.158 | 0841 0812 0.079

CTMF | MMCI TAN PDNet | PCFN
Time (s) 0.63 0.05 0.07 0.07 0.06
3
CPFP | AF-Net | DMRA | D”Net Ours
Time (s) 0.17 0.03 0.06 0.05 0.03
TABLE 1V
ABLATION STUDIES ON NJUD-TEST, STP, AND STEREO797 DATASETS.
NIJUD-test Dataset SIP Dataset STEREO797 Dataset
F37 SnT MAE] | Fsf S.1 MAE( | F51 S.1 MAE ]
DPANet 0.930 0921 0.035 0.904 0.883 0.051 0915 0911 0.041
concatenation 0919 0914 0.039 0904 0876 0.056 | 0912 0905 0.044
summation 0.923 0915 0.038 0.906 0.881 0.054 | 0910 0904 0.045
hard manner 0.908 0902 0.047 0.893 0.868 0.064 | 0905 0.899 0.050
w/o depth 0.908 0903 0.043 0.864 0.837 0.074 | 0913 0908 0.042




Conclusion

We model a saliency-orientated depth potentiality perception module to evaluate

the potentiality of the depth map and weaken the contamination.

* We propose a GMA module to highlight the saliency response and regulate the

fusion rate of the cross-modal information.

e The multi-scale and multi-modality feature fusion are used to generate the

discriminative RGB-D features and produce the saliency map.

 Experiments on eight RGB-D datasets demonstrate that the proposed network

outperforms other 15 state-of-the-art methods under different evaluation metrics.
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Future work

New attempts in learning based saliency detection methods, such as small

samples training, weakly supervised learning, and cross-domain learning.

- ——————
7
-

Extending the saliency detection task in different data sources, such as light filed

-

image, RGB-D video, and remote sensing image.

T

New ideas and solutions in saliency detection task, such as instance-level

-

saliency detection and segmentation, saliency improvement and refinement.
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