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In this supplementary material, we provide further elaboration on the DVSOD benchmark and
showcase additional results, covering the following aspects.

* Public URLs to DVSOD Benchmark

* More Statistics to DViSal Dataset

* Source Codes to Benchmarking Models

* More Details to DVSOD Baseline

* More Experimental Results

* Additional Analysis

* Maintenance Plan

* Broader Impact

* Datasheet

A Appendix

A.1 Public URLs to DVSOD Benchmark

The reproducibility of DVSOD benchmark is guaranteed by a number of public resources, listed
below. This allows easy access and will facilitate replication of the results in our work and future
works as well. Our team also promises to maintain the platform and support further developments
based on the community feedback. This work is licensed under the GNU General Public License
v3.0 (GPL-3.0 license).

* Project Website: https://dvsod.github.io/
* DViSal Dataset: https://github.com/DVS0D/DVSOD-DViSal
* Benchmark Results: https://github.com/DVS0D/DVS0D-DViSal

* Baseline Code: https://github.com/DVSOD/DVSOD-Baseline
* Evaluation Tool: https://github.com/DVS0OD/DVSOD-Evaluation

A.2  More Statistics to DViSal Dataset
Table[I| shows more statistical results of the proposed DViSal dataset. Based on the sourced reposito-

ries, we detail the total number of videos, the number of RGB-D image pairs, durations of the videos,
the number of annotated frames (GTs), the number of salient object instances, and the dataset splits.

37th Conference on Neural Information Processing Systems (NeurIPS 2023) Track on Datasets and Benchmarks.


https://dvsod.github.io/
https://github.com/DVSOD/DVSOD-DViSal
https://github.com/DVSOD/DVSOD-DViSal
https://github.com/DVSOD/DVSOD-Baseline
https://github.com/DVSOD/DVSOD-Evaluation

Table 1: More statistical results of the proposed DViSal dataset.

Dataset #Video #RGB-D Pairs Duration(s) #GTs #Instances Video Splits
CDTB [12] 71 79,503 3,180 3,202 7,600 only train
PTB [17] 53 12,029 481 507 1,650 train-27/val-26
Track3D [24] 5 668 27 29 92 train-2/test-3
Tracklam [[1] 21 7,034 281 2901 1,324 train-3/test-18
People [18] 1 224 9 9 33 only test
Scene [8]] 10 6,784 271 275 1,102 only test
DET [23]] 76 69,200 2,768 2,804 8,425 only test

Table 2: Source codes of benchmarking models involved in the paper.

Method | URL

PoolNet [10] https://github.com/backseason/PoolNet
BASNet [16] https://github.com/xuebinqin/BASNet
CPD [22] https://github.com/wuzhe71/CPD

F3Net [20] https://github.com/weijun88/F3Net
DMRA [14] https://github.com/jiwei0921/DMRA
CoNet [[7] https://github.com/jiwei0921/CoNet
BBSNet [3]] https://github.com/zyjwuyan/BBS-Net
RD3D [2] https://github.com/PolynomialQian/RD3D
SPNet [27] https://github.com/taozh2017/SPNet
PCSA [4] https://github.com/guyuchao/PyramidCSA
UGPL [15] https://github.com/Lanezzz/UGPL
BTS-Net [26]] https://github.com/zwbx/BTS-Net

VST [IL1] https://github.com/nnizhang/VST

SPSN [9] https://github.com/Hydragon516/SPSN
DVSOD Baseline (this work) | https://github.com/DVSOD/DVSOD-Baseline

A.3 Source Codes to Benchmarking Models

Table 2] summarizes the source codes of benchmarking models involved in the main paper.

A.4 More Details to DVSOD Baseline

In this section, we provide more details about the DVSOD baseline. As described in the main paper,
we constructed a basic DVSOD baseline model leveraging methodologies from RGB-D SOD (i.e.,
CRM [6]) and VSOD (i.e., STM [13]), which are applied for Multimodal Fusion and Temporal
Fusion, respectively. Herein, we delve into the foundational principles of these two modules.

Cross Reference Module [[6] is an efficient fusion module that combines features from both RGB and
depth modalities. Generally, features extracted from the RGB channel hold a wealth of semantic and
textural information, while depth channel features carry distinguishing scene layout cues. These cues
are complementary to the RGB features. CRM’s purpose is to extract and blend the most distinctive
channels (i.e., feature detectors[21} 25]]) among depth and RGB features, thereby producing more
informative feature sets.

In detail, we take two input features: FZ-RGB and FiDEP th, generated by the i* convolutional block

of the RGB stream and depth stream, respectively. CRM first utilizes a global average pooling
(GAP) process to gather global statistics from the RGB and depth views. Subsequently, the feature
vectors are individually passed through a fully connected layer (FC) and a softmax activation function

() to acquire the channel attention vectors Att*“B and Attf) °Pth which highlight the significance
of RGB and depth features respectively. These attention vectors are applied on the input feature
via channel-wise multiplication, causing the CRM to selectively concentrate on important features

and mute unnecessary ones for scene understanding. Furthermore, the attention vectors AttZRGB
and Att?ep ™ are amalgamated by a maximum function to retain useful feature channels from both

streams. They are then subjected to a normalization operation N () to normalize the output in the
range O to 1, creating a cross-referenced channgl attention vector AttiCR. Based on AttiCR, the
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enhanced featurg&sRCB andF‘iDepth can be obtained by summing tReR®8 andF;PePth with the
Att °R enhanced features. The enhanced features from the RGB branch and depth branch are further
concatenated and fed to the 1 convolutional layer to generate the cross-modal fused fe&ture

Space-Time Memory Read BlocK13] is a novel DNN system based on the memory netwi@é 5]
that calculates the spatio-temporal attention for every pixel across multiple video frames for each
pixel in the query image. This helps in determining whether the pixel belongs to a foreground object.

In more detail, during video processing, previous frames are considered as memory frames, and the
current frame is viewed as the query frame. Both memory and query frames are initially transformed
into pairs of key and value maps. In the memory read operation, soft weights are calculated by
assessing the similarities between all pixels of the query key map and the memory key map. This
similarity matching is conducted in a non-local manner, associating every space-time location in the
memory key map with every spatial location in the query key map. The value of the memory is then
retrieved by a weighted summation with the soft weights and is concatenated with the query value.
With the help of the STM, our DVSOD baseline can effectively leverage temporal contexts to help
locate the salient object in current frame.

Table 3: Quantitative results of several state-of-the-art RGB-D SOD methods tested on the newly-
proposed DViSal dataset.

*

DET Scene People OveraII
E" S" F" M#|E S E E " "
BTS-Net[26] | 0.781 0.688 0.559 0.1380.854 0.710 0.667 0.0590.579 0.542 0.180 0.0870.802 0.700
SPSN [9] 0.782 0.690 0.557 0.1360.856 0.824 0.684 0.0580.544 0.545 0.189 0.0990.804 0.715
VST-RGBD [11] | 0.780 0.694 0.565 0.1340.868 0.804 0.717 0.0490.486 0.492 0.146 0.1400.807 0.718
* Track3D Tracklam PTB Overall
E" S" F" M#|E" S F " E S F" F "
BTS-Net[26] | 0.765 0.710 0.539 0.0910.882 0.747 0.743 0.0850.892 0.804 0.794 0.0610.593 0.119
SPSN [9] 0.761 0.743 0.561 0.088 0.92 0.791 0.793 0.0660.917 0.827 0.831 0.0540.598 0.117
VST-RGBD [11] | 0.787 0.716 0.588 0.0850.921 0.801 0.786 0.0650.917 0.838 0.818 0.0520.606 0.118

A.5 More Experimental Results

Table 3 lists the results of three recent cutting-edge RGB-D SOD methods, including BT3eNet [
VST [11] and SPSN 9], aiming to supplement the benchmark table (Table 2 of main paper) and
provide a more comprehensive benchmark.

Fig. 1 provides a set of examples taken from the DViSal dataset, offering an overarching view of
the data it contains. A more comprehensive array of visual examples, along with dynamic video
visualizations, can be found in our project website.

Fig. 2 displays a selection of sampled frames from six representative video sequences within the
DViSal dataset.

* Fig. 2 (a) presents a typical indoor scene featuring a girl showing a book.
* Fig. 2 (b) shows a common scene of several people moving around within a room.

* Fig. 2 (c) showcases a challenging sequence, characterized by fast movement and object
occlusion, in which two boys play basketball on an indoor court.

» Fig. 2 (d) features a challenging scene where a football rolls accompanied with camera
viewpoint changes.

* Fig. 2 (e) portrays a challenging outdoor scene with multiple objects.

* Fig. 2 (f) illustrates a complex indoor scene with multiple objects under low-light conditions.

Their full demos can be approachechétps://dvsod.github.io/ . As shown in project website,

the results obtained from RGBD videos are signi cantly more appealing when compared to using
RGB or RGBD alone as input. This attributes to the superiority of integrating the advantages of
complementary depth structure information and temporal associations.
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