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Abstract

The recent improvements of current RGB-D salient object detection
models have achieved better results by leveraging the depth
modality in a convolutional neural network. Most existing approaches
use a multi-stream architecture with enhanced feature fusion to
subsequently determine saliency. The inconsistency of salient
regions may result from the limitations of the acquisition devices
and the low-depth images. Multi-horizon feature characteristics and
complementary modalities are essential for resolving these problems.
Even in cluttered backgrounds, complementary and multi-horizon
features across several horizons must be taken into consideration
since they provide structural and contextual information about the
salient object. To maximize important features in low-depth images,
the proposed model addresses these constraints. The multi-horizon
features are optimized from the RGB and depth streams by using
the proposed backbone network with the feature aggregation and
optimization (FAO) module. The FAO module, which optimizes
feature extraction by utilizing complementary features from the depth
stream, is used to enhance the RGB stream. The proposed model
investigates multi-horizon features between multi-resolution and multi-
stage complementary features using a multi-horizon reconstruction
module. To forecast optimal saliency, the FAO module combines
data at multiple levels. A guiding framework for maximizing salient
regions and reducing non-salient ones throughout the fusion process
is provided by attention maps at various phases. Current evaluation
metrics from the six publicly accessible difficult RGB-D datasets are
used in the experimental investigation. Furthermore, we compare
our findings with those of 18 other cutting-edge methods that have
demonstrated encouraging performance on the above challenges.
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l. Introduction

Salient object detection (SOD) refers to the task of
identifying prominent objects and regions in com-
plex images, similar to the way humans identify them.
Recently, SOD has attracted significant interest in the
community and has become increasingly popular due
to advances in depth sensing technologies. Hence,

depth information is an essential parameter for
detecting salient objects in low-depth images. SOD
has appeared in pre-processing or as an integral part
of many vision-related applications, such as semantic
segmentation [1], object classification [2], video sum-
marization [3], and content-based image editing [4].

In this paper, we propose a multi-horizon-atten-
tion mechanism, that is, feature aggregation and
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optimization (FAO)-based deep learning model that
explores all possible features in a cascade-combine
manner. The proposed model is based on a three-
stream fusion network targeting non-complementary
information in RGB and depth modalities, as purely
color contrast-based features, depth contrast-based
features, and regional color features, which are shown
in Figure 1. The features in the two sub-networks are
fused level-wise to extract complementary informa-
tion between the two modalities and intra-comple-
mentary features between deep and shallow levels,
as well as high-level contextual, semantic, structural,
and spatial global features.

Early approaches in RGB-D SOD [5-12] are based
on low-level, handcrafted features in both modalities
separately. These models perform poorly on complex
and cluttered background images. They have limited
performance with low-depth images. CNN-based
shallow deep learning models [13] integrate both
modalities in a much more generalized manner. Since
then, several CNN-based models have been pro-
posed with improved performance; however, there
remains a wider scope for further improvements.

These models are classified according to their
architecture into (1) single-stream models and
(2) multi-stream models. CNN-based RGB-D
SOD models started with a single stream net-
work mainly [13-18]. DANet [19] fused the color
and depth features to predict the final saliency. In
a multi-stream network [13, 14], some features are
computed traditionally, which are used to guide the
single-stream networks to compute the saliency.
Other models [16] use a late fusion strategy to pre-
dict saliency maps. PDNet [17] was proposed with a
single stream based on multi-stage features which

i

(b) Depth

are fused through guidance from a subsidiary depth
network. These models have limited efficiency in
terms of fusion of the different modalities to predict
the saliency correctly. Another proposed approach
[19-21] has two separate streams dedicated to each
modality, which extract high-level semantic features
independently and then fuse them using a middle
or late fusion. The low-depth issues are addressed
recently [22-25] by proposing an enhanced fusion
mechanism. The proposed model focuses on opti-
mization of low-depth issues and proposes an
efficient fusion mechanism to explore the optimal
complementary features across the two modalities
at different stages. For the above-mentioned chal-
lenges, our proposed model, feature optimization
using a multi-horizon reconstruction module, makes
the following contributions to improve the state-of-
the-art fusion process.

e The proposed model enhances stage-wise RGB,
depth complementary features using multi-hori-
zon feature reconstruction (MFR) mechanism in
low-depth images.

e |n this paper, we propose a novel MFR module to
enhance feature extraction from the two modal-
ities, along with attention-based refinement of
RGB data using composite backbone network.

e We designed a FAO module to decode the
encoded features from the fused stream in a
hierarchical manner using self-attention weight.

e The proposed model uses feature reconstruction
to provide robust characteristics even in complex
and cluttered backgrounds, demonstrated by
using recent evaluation metrics with state-of-the-
art methods.
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(c) Ground-truth (d)Our

Figure 1: The demonstration of multi-horizon-attention and feature optimization using
muti-scaled, multi-resolution, multi-stage color, depth, and common modality-based features.
(A) Image. (B) Depth. (C) Ground-truth. (D) Our.
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The paper is organized into the following sections.
Section Il provides a detailed survey of related deep
learning works in the domain. Section Il describes
the proposed method, and Section IV discusses the
experimental setup while demonstrating the perfor-
mance of the proposed model with other state-of-
the-art methods. Section V describes the conclusion
and future scope of the proposed model for further
improvements.

Il. Related Works

Initially, depth-based non-deep learning SOD models [5]
were based on handcrafted features. The CNN-based
discriminative features have been currently utilized for
accurate prediction. The main focus of recent models
is proposing efficient fusion processes with attention
mechanisms to address low-depth issues. Recently, 3D
saliency models have produced more accurate predic-
tions based on an optimized fusion model.

The early fusion strategy [13, 18] exploited hand-
crafted features, while, the late fusion strategy [26, 27,
20] utilized full CNN features. Furthermore, it adopts
some statistical models to fuse the computed sali-
ency features. The cross-modality-based comple-
mentary features are a recent domain to optimize
fusion strategy. In this middle-level fusion strategy [23,
24, 28-31] side-output or skip-connection-based fea-
tures are used. The fusion process is based on using
multi-scale features with cross-combination blocks.

The main feature extraction is studied and ana-
lyzed in the following two streams. The single-stream
models [13, 15, 18, 24, 32] simultaneously extract
the color and depth features. While in multi-stream
models [28, 31, 33], modality-dependent features
are extracted separately. For example, Zhao et al.
[19] DANet used RGB and depth images collectively
in a single encoder. These models do not separately
emphasize the RGB and depth features. At the same
time, in a multi-stream architecture, the two parallel
encoders are used. These features are combined
within a middle-level strategy to predict saliency.
For example, [34] designed two-stream models and
progressively fused the multi-level features from
RGB and depth streams alternately by proposing a
multi-scale residual block.

Nevertheless, these models do not improve the
essential features and propagate the extraction of
irrelevant saliency features in multi-stage encoders.
Consequently, these models destroy border-region
saliency. Furthermore, the aforementioned models
are eradicating the salient regions, which are similar
to background regions in complex scenarios.

Low-depth model: Recent models mainly focused
on removing the low depth and occlusion-based
depth issues by proposing attention to the depth
modality to improve depth information. Encouraging
performance has been achieved, yet leaving enor-
mous scope for further improvements. Pang et al.
[31] proposed a hierarchical dynamic filtering network
(HDFN) to purify the cross-modality fusion features
through a densely connected structure. Furthermore,
several approaches such as [20, 34-37], AirSOD
[22-25] used depth maps as auxiliary or complemen-
tary information to the RGB stream without using
both streams as complementary to each other to
solve the low-depth issues. Zhang et al. [38] intro-
duced two-stream architectures, each for RGB and
depth modality to enhance the complementary fea-
tures. However, it failed to propagate the irrelevant
saliency features during the encoding stages.

Most recent works on RGBD SOD have achieved
promising results by improving the quality of raw
depth information. Piao et al. [35] proposed a network
by using depth information to improve RGB features
by knowledge distillation. It reduced the depth-related
information loss. Similarly, the feature calibrating and
fusing network [37] used three modules to calibrate
unreliable depth information and improve cross-mo-
dality information. Another recent model, AirSOD [25],
was proposed to achieve long-range contextual and
local Information from depth modalities to improve
performance. These models achieved promising
results by improving the influence of low-quality depth
images. Nevertheless, the above models still fail to
optimize both modalities to exploit the contextual,
structural, and high-level semantic information due to
the influence of inconsistent depth images.

Attention-based model: Recently, the regional
and spatial disparity in saliency computation has
been addressed by attention mechanisms. In this
mechanism, different weights are computed to dis-
tinguish the various missing regions. Initially, the
attention weight is mainly computed based on depth
modality [15] and channel-wise attention weight [39].
These attention weights differentiate the appearance
features. The structural and contextual weights have
not yet been utilized. The self-attention, and non-
local-based attention weights [40-44] compute a
self-mutual attention map, which is mainly used in
language modeling and other query-based applica-
tions. We formulate various attention models, such as
channel-wise attention, spatial attention, and mutual
attention, to enhance structural, contextual, and high-
level localized semantic features while minimizing
irrelevant features.



Need for multi-horizon feature reconstruction: Singh et al.

The above-mentioned limitations of exist-
ing contemporary SOD models are addressed by
proposing the multi-horizon attention-based back-
bone network with a self-learning-based decoder.
In this proposed model, the FAO model is used to
enhance stage-wise high-level structural and seman-
tic features by using low-level contextual information.
The MFR module integrates the relevant features
and minimizes the propagation of irrelevant features
by using multiple attention mechanisms at multiple
stages.

lll. Proposed Model

a. Model overview

Our methodology follows a three-step process: (1)
Feature Extraction, (2) MFR, (3) FAO. We use convo-
lution layers from a VGG-16 network. It is pre-trained
on the ImageNet dataset for feature extraction. The
detailed architecture of individual components of our
proposed model is shown in Figure 2.

b. Feature extraction

The RGB images and depth maps are fed into two
separate networks, where we use the first four layers
of the VGG network for feature extraction. After each
layer in the RGB network, we optimize the extracted
FAO module, which takes features from the depth
and RGB networks as input.
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c. Feature aggregation and optimization

Inside a FAO module, the depth maps are passed
through a max-pooling layer followed by two convo-
lutional layers of 3 x 3 and 7 x 7 which is shown in
Figure 2. The obtained output is then passed into the
softmax function to get the channel-wise attention
weights. On the other hand, the F; and Frgb are con-
catenated, followed by two convolutions of 3 x 3 and
7 x 7 to obtain the mutual attention weights.

Then, we perform a matrix multiplication of the
channel-wise attention weights and mutual attention
weights to get F,,. After taking an average pool,
this is then fed to a 1 x1 2D convolutional layer.
We perform a matrix multiplication of the result with
F,, to obtain the combined attention weight w;.
Finally, we perform an element-wise addition of the
combined attention weights w, with F; and F,. This
gives us F,;;, which can be mathema’ucally stated as
follows in Eq. (1):

Fitl =

rgb rgb + d + W, (1)

d. MFR

The extracted optimized features are fused step-by-
step using the MFR module. The outputs of the first
four VGG layers in both sides of the architecture S,
and S,gb are divided into four parts by applying 3 x 3
dilated convolutions parallelly to give X, and X}’ on
RGB images and depth maps, respectively. For jth

Figure 2: The left part shows the architecture of the proposed model. First, the model extracts
features from the RGB image and depth map. While extracting the complementary features, the
RGB FAO. Then these cross-model features are fused in a MFR. Finally, the outputs of these MFR
modules are fed to a SAM in four steps to obtain the final saliency map. FAO, feature aggregation
and optimization; MFR, multi-horizon feature reconstruction; SAM, self-aggregation module.
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dilation rate can be given by 2/ —1, where j can be
between 1 and 4, both inolusi\(e. To obtain the fused
output for each dilated part x;’ can be described in
Eq. (2):

CCF (x2, %) ifj =1

Lj L Lj
CCF (Xrgb »Xrgh * Xg )
The CCF of two features is given by the sum of two
feature matrices and element-wise matrix multiplica-

tion of the two feature matrices. This can be mathe-
matically stated as follows:

i
X, =
' ifj=234 ©

CCF(Xrgby Xq) = Xrgb @D xq+ Xrgh X Xq )

where @ is the element-wise addition operator and ®
is the element-wise multiplication operator, which is
defined in Eg. (3).

Finally, we concatenate each of the xV, for all
j=1-4in Eqg. @), to receive the multi-horizon recon-
struction fused features as follows:
xl, = concat(mj;l, mj}Z, a:j;S, wlf‘) )

Along with this, we also compute the CCF of F,
and F to get the multi-horizon complementary fea-

rgb
tures for the current layer, which is defined in Eq. (5).

rgb’

e. Self-aggregation module

Once we have the fused RGB and depth-optimized
features, we aggregate these into individual saliency
maps for each of the four pairs of fused features using
a self-aggregation module (SAM). The enhanced out-
put from the last VGG layer F, is treated as the input
for all SAM modules, where we upsample it by 2 in
each step.

The model architecture gives five saliency maps
S, as outputs which we use to calculate the loss
while training the model. y, is the calculated matrix
from the last step of the feature extraction process
by using the FAO module, that is, Fg- For the y,, we
feed the up-scaled F,Zb twice to the SAM module
along with the outputs from the MFR module, that
is, x* ,and x*_. In the subsequent SAM modules, we
further upscale the F,gb by 2 in each step and also
upscale the output from the previous SAM mod-
ule S, by 2. These two up-scaled matrices, along

with outputs from the corresponding MFR module,

serve as the input for the current SAM module to
produce output S, which is shown in the right part
of Figure 2.

Inside a SAM module, each of the input s, is
passed through a WM module to obtain a weight w.
The final output of the SAM module is the weighted
average of the four inputs and can be mathematically
defined in Eq. (6) as:

4
D185 * W

where = is the matrix cross-multiplication operator
between two matrices. In the WM module, we per-
form two parallel convolutions of 3 x 3 and 7 x 7 on
the input s, to give s’, and s°. Then we perform an
element-wise addition on the two matrices to s, in Eq.
(7). After performing a 3 x 3 convolution on the pro-
cessed input s, we take an average pool of the same
to give the weight w.

Si =

wi = GAP(conv3(conv3(s:)@ convi(si))) (7)

where GAP is the global average pooling function,
conv3 is the 3 x 3 convolution, and convr isthe 7 x 7
convolution.

f. Implementation details

1) Total Loss Function: The loss function is defined
using the ground truth (GT) and the sum of the
regional loss (five regions) of the computed sali-
ency maps Sal. We compute the sum of the
binary cross-entropy loss BCE and the intersec-
tion over union loss /OU between each of the
predicted images and the GT. The total loss func-
tion is the sum of both losses, which is defined in
Eq. (8).

5
Loss = Y  BCE(Sal;, GT) + 10U (Sal;, GT) (

i=1

8)

2) Training Methodology: The proposed model is
trained using Pytorch on an NVIDIA Tesla V100
GPU. The training set for the proposed model con-
sists of 1,400 images from the NJU2K dataset and
650 images from the NLPR dataset. The batch of
this training set used is of size 4. The training sam-
ple is augmented by clipping, flipping, or rotating
randomly. We take the initial learning rate as 104,
which is divided by ten whenever the loss reaches
a maximum. The Adam optimizer [45] with initial
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learning rate o =0.00030 and B = (0.5, 0.999),
and weight decay of 0.001, is used with an NVIDIA
1080Ti GPU accelerator. The proposed network is
optimized with an SGD optimizer, having an initial
learning rate of 0.025, a momentum of 0.9, and
a weight decay of 0.0003. The input images are
resized to an equal size of 224 x 224,

IV. Experiment and Result Analysis
a. Data-set

The six publicly available benchmark RGBD data-
sets, such as NJUD-2000 [6], NLPR-1000 [46],
STEREO-1000 [47], SSD-80 [48], DUTO-RGBD [5],
and LFSD [49], are used to perform extensive exper-
iments. These datasets have computationally chal-
lenging images, low-depth images, small images,
and multiple-object images for further innovations.

b. Evaluation parameters

An extensive evaluation of the proposed model is
conducted using other closely related state-of-the-art
techniques. Fair comparisons are often conducted
using the evaluation parameters (1) S-Measure, (2)
F-Measure, (3) mean absolute error (MAE), and (4)
E-measure (EW).
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c. Decoder details

The decoder of the proposed model uses two
encoder fusion networks, stream, (Color) and
stream, (Depth), as shown in Figure 2. The decoder
streams are independent and have comparable
network properties. The extracted features from
stream, and stream, have been combined to create
decoder stream (fused) stream.,. Five convolution lay-
ers of VGG-16 are denoted as Convi_2, Conv2_2,
Conv3_3, Conv4_3, and Conv5_3 in respective
streams. The VGG-16 backbone network is set up
using depth and color streams. For the fusion pro-
cess, these convolution blocks generate raw sali-
encies, or side outputs. The mutual attention map,
which has a spatial scale of 14 x 14 and is shown in
Figure 3, is created by adding two additional convo-
lutional layers to each stream at the deepest layer to
generate coarse features. A stride of 1 is utilized in
pool, to enhance the saliency feature.

d. Comparison and result analysis

We used four evaluation parameters; the proposed
model is experimentally compared with 18 state-of-
the-art SODs models. This comparison has made use
of uniform parameters, testing, validation sets, and
both quantitative and graphical evaluation. Recent,

e LACACACACELE

k% [ %

Ground Truth Stage 1Stage 2Stage 3Stage 4Final

Figure 3: Stage-wise optimization of extracted features has visualized the reconstruction of visual
salient points in the low-depth images to predict the salient objects accurately.
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closely related, and extensively publicized literature
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) us.f % 3 % s § [51], DANet [19], cmMS [33], DSNET [20], CPFP [15],
a c e e e AFNet [26], CTMFR [27], PCANet [52], and DF [13],
o - 88 N g are closely related deep learning models. The sum-
P K E § § § mary of the findings from the analysis of the results is
described below.
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Figure 4: The saliency maps is shown here for the visual demonstration (A) input RGB image,
(B) depth image, (C) GT image, (D) OUR, (E) HAIN, (F) CAS-GNN, (G) cmMS, (H) CoNet, (I)
D3NET, (J) CPSF, (K) TANet, (L) PCFNET, (M) CTMFR, and (N) AFNet of proposed model. GT,
ground truth.
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Figure 5: Comparison of our proposed model with recent models with (A) PR-curve (B)
F-measure (vertical axis (thresholds) and horizontal axis) datasets (1) STERE (2) LFSD dataset,

respectively.

multi-horizon attention mechanism has to be proven
effective. A simple model VGG-16 without stage-wise
saliency fusion in a combined network. It cannot dis-
tinguish the salient and non-salient regions. The visual
contribution of each step is shown in Figure 3. The
effectiveness validation is measured through recent
parameters, shown in Table 2. The successive contri-
butions in saliency computations are shown in Table 2,
which validates the effectiveness of each stream of
FAO on complex RGBD-datasets. FAO is compared
with a simple VGG-16 model without FAO, MFR, and
SAM modules, which are shown in Table 2. The sim-
ple backbone produces independent saliency fea-
tures which are not capable of predicting exact salient
objects in complex images. At the same time, the FAO
and MFR-based composite backbone network inte-
grates both modalities-based salient features at each
stage, which are shown in Figure 3. and in Table 2. While
the SAM module minimizes the propagation of irrele-
vant features in the following stages, the MFR module
improves the horizon of the feature domain, increasing
the lost saliency feature.
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V. Conclusion

A feature optimization with FAO, and MFR models, effi-
ciently extracts the stage-wise optimal features. These
stage-wise optimization features are efficiently fused
using SAM modules to predict complex SOD. The mul-
ti-horizon attention mechanism utilized a spatial, chan-
nel-wise, cascaded, and combined attention mech-
anism-based optimization to enhance the saliency
features. The MFR mechanism recovered the lost sali-
ency in color and depth features in the four-fold dilated
feature. It minimizes the propagation of irrelevant sali-
ency while retaining all possible essential features to
correct predictions and localization by improving low-
depth issues and spatial coherence. Additionally, we
designed an effective features exploration and recon-
struction architecture by designing a task-specific
search space for the multi-modal multiscale feature
fusion. This model can be used in future in a variety of
remote sensing and small target identification applica-
tions due to its broad future potential in identification in
low-depth and complex background images.
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