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Middle-level Feature Fusion for Lightweight
RGB-D Salient Object Detection

Nianchang Huang, Qiang Jiao, Qiang Zhang*, Jungong Han

Abstract—Most existing RGB-D salient object detection (SOD)
models adopt a two-stream structure to extract the information
from the input RGB and depth images. Since they use two
subnetworks for unimodal feature extraction and multiple multi-
modal feature fusion modules for extracting cross-modal com-
plementary information, these models require a huge number of
parameters, thus hindering their real-life applications. To remedy
this situation, we propose a novel middle-level feature fusion
structure that allows to design a lightweight RGB-D SOD model.
Specifically, the proposed structure first employs two shallow
subnetworks to extract low- and middle-level unimodal RGB
and depth features, respectively. Afterward, instead of integrating
middle-level unimodal features multiple times at different layers,
we just fuse them once via a specially designed fusion module. On
top of that, high-level multi-modal semantic features are further
extracted for final salient object detection via an additional
subnetwork. This will greatly reduce the network’s parameters.
Moreover, to compensate for the performance loss due to pa-
rameter deduction, a relation-aware multi-modal feature fusion
module is specially designed to effectively capture the cross-modal
complementary information during the fusion of middle-level
multi-modal features. By enabling the feature-level and decision-
level information to interact, we maximize the usage of the
fused cross-modal middle-level features and the extracted cross-
modal high-level features for saliency prediction. Experimental
results on several benchmark datasets verify the effectiveness
and superiority of the proposed method over some state-of-the-
art methods. Remarkably, our proposed model has only 3.9M
parameters and runs at 33 FPS.

Index Terms—Lightweight RGB-D salient object detection,
Relation-aware multi-modal feature fusion, Feature-level and
decision-level information mutual guidance.

I. INTRODUCTION

SALIENT object detection (SOD) aims to detect the most
human attractive regions in an image [1]. It is an im-

portant image pre-processing step for many computer vision
tasks, such as image cropping [2], segmentation and weakly
supervised segmentation [3], [4] and video object pattern un-
derstanding [5]. Most existing SOD methods [6]–[20] mainly
focus on detecting salient objects in RGB images (i.e., RGB
SOD) and have achieved great progress. However, those mod-
els may fail in some challenging scenarios, such as salient
objects sharing similar appearances with the backgrounds or
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Fig. 1. Architectures of different RGB-D SOD models. (a) Two-stream
structure. (b) Single-stream structure. (c) Middle-level feature fusion structure.

images with complex backgrounds. Considering that depth
images can provide some geometrical information about the
scenes for complementing RGB images [21], many RGB
and depth images based (RGB-D) SOD methods [22]–[31]
have been proposed recently to exploit their complementary
information for overcoming such challenging scenarios. How-
ever, although great progress has been made, most existing
RGB-D SOD models usually require high computational costs
and a large model size to handle the information of two
modalities. This has become a serious obstacle for their real-
life applications, where RGB-D SOD models usually run at
some source-limited devices, e.g., mobile phones and onboard
computers.

Specifically, most existing RGB-D SOD models are based
on a two-stream structure (Fig. 1(a)). These models first
employ two subnetworks to extract multi-level unimodal RGB
and depth features, respectively. Then, they fuse unimodal
RGB features and depth features at each level via some fusion
modules. Finally, they deduce the saliency maps from the
fused features. Despite their good performance, these models
generally require more memory consumption. To address such
an issue, some lightweight RGB-D SOD models have been
presented by simplifying submodules in the two-stream struc-
tures [32], [33]. Although some progress has been made, these
models still suffer from the limitations of large model sizes.
Alternatively, some works employ a single-stream structure,
as shown in Fig. 1(b), to reduce the parameters of an RGB-D
SOD model [34]–[36]. However, compared with two-stream
structure based models, these single-stream structure based
models usually yield inferior performance because of the in-
efficient exploitation of cross-modal information. Considering
that, we will investigate a new lightweight network structure
for RGB-D SOD in this paper.

As shown in Fig. 2, the two-stream structure based models,
even those models that only fuse one level of unimodal RGB
and depth features (e.g., T5 5), usually achieve much better
SOD results than those single-stream structure based models
(e.g., S 0) do. This owes to the feature-level fusion employed
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Fig. 2. Experimental results of different lightweight RGB-D SOD structures.
‘S 0’ denotes the single-stream structure. ‘Tj 5’, j=1,...,5, denotes different
versions of the two-stream structure, which fuses the unimodal RGB and
depth features from the jth to the 5th levels for extracting multi-modal
complementary information. All of these models employ VGG network for
feature extraction and concatenation for multi-modal feature fusion.

in the two-stream structure based models, which can better
exploit the cross-modal complementary information within
the multi-modal input images than the single-stream structure
based ones. Meanwhile, we also find that the parameter
increments of two-stream structure based models mainly lie
in extracting and fusing those high-level unimodal features
multiple times. As shown in Table I, the required parameters
for extracting the 5th level of unimodal features are about 181
times more than those for extracting the 1st level of unimodal
features. In Fig. 2, T1 5 has 0.07M more parameters than
T2 5, while T4 5 contains 4.72M more parameters than T5 5.
This means that the required parameters for fusing the 4th level
of unimodal RGB and depth features are about 68 times more
than that for fusing the 1st level of unimodal features.

Based on such observations, as shown in Fig. 1(c), we
propose a new structure, termed by middle-level feature fusion,
for lightweight RGB-D SOD, which (1) first employs two
shallow subnetworks for extracting unimodal features from
the RGB and depth images, respectively; (2) then fuses the
extracted unimodal RGB and depth features at one certain
level, i.e., one of the middle-level features; (3) further em-
ploys a subnetwork to extract high-level multi-modal features
from the fused ones; (4) finally designs a saliency prediction
module for deducing the saliency map. Compared with the
two-streamed structure based models, the middle-level feature
fusion based model will effectively reduce the network’s
parameters because it performs cross-modal feature fusion on
one certain level rather on all of the levels and meanwhile
extracts high-level features by using one subnetwork rather
than two subnetworks.

However, the parameter deduction will also cause the per-
formance loss for the middle-level feature fusion based model.
Accordingly, we will further investigate how to compensate for
its performance loss due to parameter deduction via exploiting
the cross-modal and cross-level information within the multi-
modal inputs.

In our proposed structure, an effective fusion of middle-
level features plays a vital role in exploiting the cross-modal
information from the input images. This is because middle-
level features, compared with features in other levels, simul-
taneously contain abundant low-level details and high-level
semantics. The former ones across the two modalities usually

TABLE I
THE NUMBER (IN MILLION, M) OF PARAMETERS IN THE DIFFERENT
LEVELS OF THE VGG16 NETWORK [37]. HERE, WE TAKE VGG16

NETWORK [37] AS AN EXAMPLE. SIMILAR CONCLUSIONS CAN ALSO BE
OBTAINED FROM OTHER NETWORKS, SUCH RES-NET [38] AND

SHUFFENET [39].

Levels 1 2 3 4 5

Parameters (M) 0.0390 0.2219 1.4768 5.9028 7.0824

tend to be complementary to each other, while the latter ones
tend to be redundant. Existing fusion modules [24], [26],
[29], such as concatenation, element-wise addition or content-
based adaptively weighted fusion, mainly take into account the
unimodal features themselves when fusing RGB and depth fea-
tures. They usually ignore such redundant and complementary
relations within the middle-level multi-modal features, thus
ineffectively capturing the cross-modal information from the
input RGB and depth images. Considering that, a new relation-
aware multi-modal feature fusion (RMFF) module will be
dedicated in our proposed model. Instead of simply using
middle-level unimodal RGB and depth features themselves, the
proposed RMFF module will also utilize their mutual relations,
(e.g., their total, shared and differential information) during the
fusion. This will enable our model to effectively exploit the
cross-modal redundant and complementary information within
the input RGB and depth images.

Exploiting cross-level complementary information is also
of importance to improve RGB-D SOD models’ performance
[32], [33], [36]. However, most existing models only consider
the complementary information within multi-level features and
ignore the complementary information within the intermediate
saliency maps across different levels, which will also benefit
RGB-D SOD. Considering that, a novel feature-level and
decision-level information mutual guidance (FDIMG) sub-
network will be presented to effectively exploit the cross-
level complementary information within multi-level features
(termed by feature-level information) as well as the cross-level
complementary information within multi-level saliency maps
(termed by decision-level information) for further improving
the performance of our proposed RGB-D model. Specifically,
the proposed FDIMG subnetwork will first aggregate multi-
level features with the guidance of those decision-level in-
formation and then aggregate the intermediate saliency maps
across all levels to deduce the final saliency map with the
guidance of some intermediate features. This will enable our
proposed model to produce better predictions.

In summary, the main contributions of this work are as
follows:

(1) A novel lightweight RGB-D SOD model based on a
dedicated middle-level feature fusion structure is presented in
this paper, which performs cross-modal feature fusion only on
one certain level of features rather than on all of the levels. To
the best of our knowledge, this is the first work that employs
a middle-level feature fusion structure for lightweight RGB-D
SOD.

(2) An RMFF module is carefully designed in our proposed
model to effectively capture the cross-modal redundant and
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complementary information between the multi-modal input
images by fully exploiting their mutual relations across the
middle-level RGB and depth features. Doing so will greatly
compensate the performance degradation of our proposed
RGB-D SOD model caused by parameter reduction.

(3) An FDIMG subnetwork is presented to further improve
the performance by capturing the cross-level complementary
information within multi-level features and within multi-level
saliency maps via their mutual guidance.

The rest of this paper is organized as follows: In Section
2, we will briefly introduce some previous works related to
RGB and RGB-D salient object detection. In Section 3, the
details of our proposed method will be presented. In Section 4,
several experiments will be conducted to validate the proposed
model. Finally, in Section 5, a brief conclusion will be made
for this paper.

II. RELATED WORK

A. RGB SOD

RGB SOD has been well studied for many years and
has achieved significant progress [19], [20], [40]–[43]. Con-
ventional models are mainly based on hand-crafted features
[10], [44], [45]. Recently, considering their superior fea-
ture extraction capabilities, deep learning based SOD mod-
els, including fully-supervised ones [19], [43], [46] and un-
/weakly-supervised ones [40], [41] according to their levels
of supervision [47], have gradually emerged and developed.
Summarizing the vast amount of existing research on RGB
SOD is beyond the scope of this paper and we refer readers
to [10], [47], [48] for recent surveys. Instead, we focus on
lightweight RGB SOD models in this sub-section.

Among existing RGB SOD models, only a few works
investigate lightweight SOD model designs [49]–[52]. Some of
these works mainly follow the idea of designing lightweight
network structures. In [49], PoolNet expanded the roles of
pooling techniques in U-shape based architectures for de-
signing lightweight SOD models, which allows the high-level
semantic features to be progressively refined without using
much more parameters. In [52], a novel SOD model, termed
HVPNet, was designed to effectively learn multi-scale contexts
by proposing a hierarchical visual perception (HVP) module.

Different from designing lightweight network structures,
[50] proposed a novel depthwise nonlocal (DNL) module
by combining the depth-wise separable convolution with no-
local module for fast salient object detection. [51] proposed a
dedicated lightweight convolutional kernel, named gOctConv,
for designing a lightweight SOD model. Based on gOctConv,
a light-weighted SOD model, namely CSNet, was designed
for real-time applications.

B. RGB-D SOD

Recently, RGB-D SOD has received great research interest
to exploit the complementary information in RGB-D images
for boosting SOD. Lots of RGB-D SOD models [22], [24]–
[26], [28]–[31], [36], [53]–[65] have been proposed and
achieved significant progress. However, a complete survey on
existing RGB-D SOD methods is also beyond the scope of

this paper and we refer the readers to a recent survey paper
[66] for more details.

Existing RGB-D SOD models can be roughly divided into
two categories, i.e., single-stream structure based models and
two-steam structure based models. Single-stream structure
based models usually treat the RGB-D images as the four-
channel inputs and directly extract cross-modal complemen-
tary information from the four-channel inputs by using one
feature extractor. For example, [67] proposed a conditional
probabilistic RGB-D SOD model, which takes the concate-
nated RGB and depth images as inputs and produces several
saliency predictions instead of a single saliency map.

Two-stream structure based models first extract unimodal
RGB and depth features, respectively, via two subnetworks.
Then they design some fusion modules to fuse these unimodal
RGB and depth features and deduce the final saliency maps
from the fused features. For example, considering the possible
distractors in depth maps, both HAINet [68] and CDNet [69]
optimized the fusion stage of the two-stream structures by
proposing a hierarchical alternate interaction module and a
two-stage cross-modal fusion scheme, respectively. CMMF
[70] proposed a cross-modality feature modulation (cmFM)
module to enhance feature representations by taking the depth
features as priors for modeling the complementary relations
of RGB-D images. Differently, TriTransNet [71] optimized
the saliency prediction stage by proposing a novel triplet
transformer embedding network for aggregating multi-level
features.

C. Lightweight RGB-D SOD

There are two typical ideas to design lightweight single-
stream structure based RGB-D SOD models. The first one
is to optimize their network structures. For example, after
extracting features from the concatenated RGB-D images,
DANet [34] presented a depth-enhanced dual attention module
to enhance the overall contrast between the foreground and
background regions, thus obtaining better performance. The
other one aims to transfer the depth information into the RGB
feature extraction subnetwork during the training stage and
only employs RGB images for SOD in the testing stage. For
example, in the training stage, A2dele [35] presented a depth
distiller to transfer the depth knowledge extracted by the depth
stream into the RGB stream. In the testing stage, they obtain
a lightweight architecture without a depth stream for SOD.

Differently, two-stream structure based models [32], [33],
[65] usually focus on designing lightweight modules (e.g.,
lightweight feature extractors and multi-modal feature fusion
modules) or using lightweight convolutional kernels (e.g.,
group convolutional layers and depth-wise convolutional lay-
ers). For example, ATSA [32] proposed an asymmetric two-
stream architecture to reduce its parameters by designing a
lightweight depth network.

These lightweight RGB-D SOD models have achieved some
progress. However, the two structures have their limitations.
Specifically, single-stream structure based models require
fewer parameters and memory costs, but they obtain inferior
performance. The two-stream structure based models also
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Fig. 3. Framework of the proposed lightweight RGB-D SOD model.

achieve much more better performance but also require much
more parameters and memory costs. In this paper, we present
a novel middle-level feature fusion based lightweight RGB-D
SOD model, which achieves a balance between the detection
performance and the memory usage.

III. PROPOSED MODEL

As shown in Fig. 3, the proposed lightweight RGB-D SOD
model employs a middle-level feature fusion structure. Specif-
ically, for the input RGB and depth images (denoted by Ir and
Id, respectively), two subnetworks are first employed to extract
their low- and middle-level unimodal features, respectively.
Three levels of unimodal RGB and depth features (denoted by
Fir and Fid, i=1,2,3, respectively) are thus obtained from the
input RGB and depth images, respectively. Then, the middle-
level features F3

r and F3
d are fed into our proposed relation-

aware multi-modal feature fusion (RMFF) module to exploit
their cross-modal complementary information. Accordingly,
the third level of fused features F3

rd are obtained. After that,
the fused features are fed into another subnetwork to extract
high-level cross-modal features. Here, two higher levels of
cross-modal features Fird, i=4, 5, are further obtained. Finally,
the extracted cross-modal features at different levels are fed
into our proposed feature-level and decision-level information
mutual guidance (FDIMG) subnetwork for detecting salient
objects. Details about these modules will be discussed in the
following content.

A. Feature extractors

As shown in Fig. 3, there are three feature extractors in our
proposed lightweight RGB-D SOD model. Two of them are
employed to extract low- and middle-level unimodal features
from the input RGB and depth images, respectively. While
the rest one is to extract the high-level cross-modal features

from the fused middle-level features. Taking advantage of
the existing lightweight technologies, we choose Shufflenet
[39] as our feature extractors, which is a classic lightweight
classification network. Specifically, the two subnetworks for
low- and middle-level unimodal feature extraction share the
same structure but different parameters, and are both con-
structed by using the first three convolutional blocks of
Shufflenet. Furthermore, their parameters are first pre-trained
on ImageNet [72] and then independently re-trained in our
proposed network. The subnetwork for extracting high-level
cross-modal features employs the last two convolutional blocks
of Shufflenet. Its parameters are also pre-trained on ImageNet
and re-trained in our model.

B. RMFF module

As discussed in Section I, exploiting cross-modal comple-
mentary information by fusing middle-level unimodal RGB
and depth features is important for improving the performance
of our proposed model. Considering that, as shown in Fig. 4,
a dedicated RMFF module is specially designed for our
proposed middle-level feature fusion structure. Different from
existing fusion modules which mainly focus on exploiting the
unimodal RGB and depth features themselves, our proposed
RMFF module explores the mutual relations between the
middle-level unimodal RGB and depth features for better
exploiting cross-modal complementary information within the
input RGB-D images.

Specifically, the proposed RMFF module explores the local
redundant and complementary relations between the input
RGB and depth images with their interactions of the middle-
level (i.e., the third level in this paper) unimodal RGB and
depth features. For example, given an arbitrary position in
F3
r and its corresponding position in F3

d, if the total informa-
tion contained in the two local regions and their differential



IEEE TRANSACTIONS ON IMAGE PROCESSING 5

*

*

Projection

Shared weights *

1x1 

Conv

1x1 

Conv

C

Comparison Analysis

1x1 

Conv

Element-wise addition * Element-wise multiplication Element-wise subtraction C Concatenation

S Sigmoid function Channel-wise separation operation 

S

3

rF

3

dF

3

rF

P

P

3

dF

3

totF

3

shF

3

diffF

3

rdF

rw

dw

Fig. 4. Architectures of our proposed RMFF module.

information are both large, but their shared information is
small, we may infer that the corresponding local regions
in the input RGB and depth images are both likely to be
informative and the information contained in the two local
regions may be complementary to each other. Differently, if
their total information and their shared information are both
large, but their differential information is small, the two local
regions may also be informative but contain much redundant
information.

For that, as shown in Fig. 4, the proposed RMFF module
first explores the interactions between the middle-level uni-
modal RGB and depth features by computing their contained
total, shared and differential information on each position,
respectively, and then generates some weights to capture the
complementary information and the redundant information
from the input RGB-D images. Concretely, the structure of
the proposed RMFF module can be described as follows.

First, F3
r and F3

d are projected into the same feature space
by using a shared transfer function, i.e.,

F
3

r = Conv(F3
r, θ1),

F
3

d = Conv(F3
d, θ1),

(1)

where Conv(∗, θ1) is a convolutional layer with its parameters
θ1 and serves as a transfer function. F

3

r and F
3

d denote the
projected features. By doing so, the local features F

3

r and F
3

d

belong to the same feature space and can be compared to
reflect their relative relations.

Then, given such projected features F
3

r and F
3

d, three types
of features F

3

tot, F
3

sh and F
3

diff are computed by

F
3

tot = F
3

r + F
3

d,

F
3

sh = F
3

r ∗ F
3

d,

F
3

diff = F
3

r − F
3

d,

(2)

where the features F
3

tot reflect the total information within
each local region from RGB images and its corresponding

region from depth images. The features F
3

sh and F
3

diff reflect
their shared information and their differential information,
respectively. F

3

tot, F
3

sh and F
3

diff are further combined to-
gether with those projected features as the relation-aware
features (denoted by Frel) for determining their redundant and
complementary relations within the input RGB-D images, i.e.,

Frel = Cat(F
3

r,F
3

tot,F
3

sh,F
3

diff ,F
3

d). (3)

Here, Cat(∗) denotes the concatenation operation.
After that, two sets of feature weights wr and wd) are

generated by

(wr, wd) = P(Sigmoid(Conv(Frel, θ2))), (4)

where Conv(∗, θ2) denotes a 1×1 convolutional layer with
its parameters θ2 for fitting the inherent relations between
those relation-aware features. Sigmoid(∗) denotes the Sigmoid
function. P(∗) denotes the channel-wise separation operation.
Here, the feature weights in wr and wd reflect the relations of
different local regions in the input RGB images and those in
depth images, respectively.

Finally, with the feature weights wr and wd, the fused
features are obtained by

F3
rd = wr ∗ F3

r + wd ∗ F3
d. (5)

Visualization: As shown in Fig. 5, most existing content-
based adaptively weighted fusion based modules usually
first concatenate the unimodal RGB and depth features and
then generate spatial-wise weights (e.g., Fig. 5(a)), channel-
wise weights (e.g., Fig. 5(b)) or element-wise weights (e.g.,
Fig. 5(c)) for selecting discriminative unimodal features and
suppressing non-discriminative ones. Here, we choose the
module shown in Fig. 5(c) for comparison, since it combines
the spatial- and channel-wise weights and is the most closely
relevant one to our proposed RMFF module.

The local regions 1 in Fig. 6(a) and (b) are around the
boundaries of salient objects. These regions are both informa-
tive for SOD, and can be considered as complementary ones.
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From Fig. 6(a) and (b), it can be seen that the feature weights
wr and wd generated by the existing module in Fig. 5(c)
and those feature weights generated by our proposed RMFF
module are both dispersively distributed. This indicates that
both the existing module and our proposed RMFF module
can adaptively fuse the cross-modal information from such
complementary regions in the input RGB-D images. The local
regions 2 lie in the background and do not contain much useful
information for RGB-D SOD. Accordingly, the two regions
can be considered as redundant ones. As shown in Fig. 6(d),
for such regions, most of the feature weights generated by the
existing module are smaller than 0.5. This demonstrates that
the existing module tends to suppress these features. While,
as shown in Fig. 6(g), the feature weights generated by our
proposed RMFF module mainly concentrate on the value of
0.5 and are symmetry around the red line. This means that
our RMFF module equally treats these unimodal RGB and

depth features and correctly takes them as redundant ones.
The local regions 3 are also in the backgrounds. But, the
corresponding regions in the RGB images are more infor-
mative than those in the depth images. Accordingly, these
regions may be considered as complementary ones. As shown
in Fig. 6(e), the feature weights generated by the existing
modules for such regions mainly concentrate on the red line,
which indicates that the existing module mistakes these regions
as redundant ones. While, as shown in Fig. 6(h), most of the
feature weights generated by our proposed RMFF module are
below the red line, which indicates that our proposed RMFF
module correctly takes these regions as complementary ones
and assigns higher weights to those RGB features than those
depth features in the local regions 3.

This demonstrates that our proposed RMFF module can
more accurately determine the complementary and redundant
regions between RGB and depth images than existing fusion
modules, and can better capture the cross-modal information
from the multi-modal images. It should also be noted that the
proposed RMFF module will be employed only once in our
proposed RGB-D SOD model, thus significantly reducing our
network’s parameters.

C. FDIMG subnetwork

As shown in Fig. 3, on top of the cross-modal features
F3
rd, another subnetwork is further employed to extract higher

levels of cross-modal features. Accordingly, two higher levels
of features (i.e., F4

rd and F5
rd) are obtained. Given the multi-

level features, including F2
r and Fird, i = 3, 4, 5, the next

step is to effectively exploit their cross-level complementary
information for deducing the final saliency map. Here, in
addition to those cross-modal features, the second level of
unimodal RGB features F2

r are also employed, considering
they usually contain much more low-level detail information
and meanwhile have high qualities.

For that, a feature-level and decision-level information mu-
tual guidance (FDIMG) subnetwork is specially designed to
exploit the cross-level complementary information with the
mutual guidance between some intermediate saliency maps
and aggregated multi-level features. Specifically, the proposed
FDIMG subnetwork first aggregates multi-level features with
the guidance of some intermediate saliency maps from shallow
layers to deeper layers as well as from deeper layers to shallow
ones, respectively. Then, the proposed FDIMG subnetwork
aggregates those intermediate saliency maps with the guidance
of the aggregated features to deduce the final saliency maps.

More specifically, as shown in Fig. 3, the proposed FDIMG
subnetwork contains the following steps. First, several con-
volutional layers are performed on the second level of uni-
modal RGB features F2

r and all the cross-modal features
Fird, (i=3,4,5) to reduce their feature channels to 64 for
decreasing the computational complexity and memory usage,
i.e.,

F
i
=

{
Conv(F2

r, αi), i = 2,
Conv(Fird, αi), i = 3, 4, 5,

(6)
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Fig. 6. Illustration of some feature weights wr and wd generated by different multi-modal feature fusion modules. (a) RGB images. (b) Depth images. (c)-(d)
are the distributions of feature weights wr and wd generated by the module shown in Fig. 5(c) for the features in the local regions 1, 2 and 3, respectively.
(f)-(h) are the distributions of feature weights wr and wd generated by our proposed module for the features in the local regions 1, 2 and 3, respectively.

RGB Depth GT2S 3S 4S 5S 5S 3S4S oS

Fig. 7. Visualization of the saliency maps generated in different levels. It can be seen that the saliency maps generated in different levels also contain much
saliency information and these information is complementary to each other ( e.g., The regions marked by the red boxes).

where Conv(∗, αi) denotes a convolutional layer with cor-
responding parameters αi. F

i
denotes the channel-reduced

features.
Then, our proposed FDIMG subnetwork aggregates these

multi-level features from two directions, i.e., from shallower
layers to deeper ones and from deeper layers to shallower
ones, to effectively exploit their cross-level complementary
information and obtain more discriminative features. In this
stage, some intermediate saliency maps are served as guid-
ance information for the aggregation of multi-level features.
Concretely, the features from shallow levels to deeper levels
are aggregated by

−→
F i =


Conv(Cat(F

2
, ...,Resize(F

5
)), βi), i = 2,

Conv(Cat(Resize(F
2
), ..,F

i
, ..,Resize(F

5
),

Resize(
−→
S i−1), βi)), i = 3, 4, 5.

(7)

where Conv(∗, βi) denotes a convolutional layer with parame-
ters βi. Cat(∗) denotes the concatenation operation. Resize(∗)
denotes the bilinear interpolation for resizing the shapes of
the features from different levels into the same shape of the
i-th level features.

−→
S i denotes the corresponding intermediate

saliency map of the i-th level and is generated by

−→
S i = Conv(

−→
F i, γi), i = 2, 3, 4, 5. (8)

Here, Conv(∗, γi) denotes a 1×1 convolutional layer with
parameters γi for saliency map prediction.

After that, those cross-level information within multi-level
features is further aggregated from deeper levels to shallower

levels by

←−
F j =


Conv(Cat(Resize(

←−
F j+1) +

−→
F j ,Resize(

←−
S j+1),

−→
S j), ϑj), j = 3, 4,

Conv(Cat(
−→
F 5,
−→
S 5), ϑj), j = 5.

(9)
where Conv(∗, ϑj) denotes a convolutional layer with param-
eters ϑj .

←−
S j denotes the corresponding saliency map of the

j-the level and is deduced from the features
←−
F j , i.e.,

←−
S j = Conv(

←−
F j , εi), j = 3, 4, 5. (10)

Here, Conv(∗, εj) denotes a 1×1 convolutional layer with
parameters εj for saliency map prediction. As shown in
Eq.(10), more decision-level information, including

←−
S j and−→

S i, is served as guidance information, when aggregating those
multi-level features from higher levels to shallower levels.

As shown in Fig. 7, the saliency maps deduced from
different levels also contain some complementary information,
e.g., the regions marked by the red boxes. Therefore, the next
step of our proposed FDIMG subnetwork is to deduce the
final saliency map So from these intermediate saliency maps.
In this stage, the final aggregated features

←−
F 2 will be treated

as guidance information for better prediction, i.e.,

So = Conv(Cat(
←−
F 2,Resize(

←−
S 3), ..,Resize(

←−
S 5),

−→
S 2, ..,

Resize(
−→
S 5)), ι),

(11)

where Conv(∗, ι) denotes a 1×1 convolutional layer with
parameters ι.
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As discussed above, the proposed FDIMG subnetwork will
thoroughly exploit the cross-level complementary information
within multi-level features for final saliency prediction by
virtue of the mutual guidance between the feature-level and
decision-level information. This will be verified in the follow-
ing experimental parts.

D. Loss Function

We employ the cross-entropy (ζCE) loss and the edge loss
(ζEd) [29] to train our proposed network. Among that, the
cross-entropy loss is widely used in SOD and is expressed
by:

ζCE(S,Y) = Y log(S) + (1−Y) log(1− S). (12)

Here, S denotes the deduced saliency map and Y denotes
the ground truth. While, the edge loss is used to refine the
boundaries of the salient objects and is expressed by

ζEd(S,Y) = MSE(Sobel(S),Sobel(Y)), (13)

where MSE(∗) denotes the mean square errors [29]. Sobel(∗)
denotes the Sobel edge detector.

For better training, the cross-entropy loss and the edge loss
are simultaneously employed for all saliency maps generated
in our proposed model, including the final saliency map So

and those intermediate saliency maps
−→
S i, i = 2, 3, 4, 5 and←−

S j , j = 3, 4, 5. Therefore, the overall loss is expressed by

ζ =CE (So,Y) + ζEd (So,Y)

+

5∑
i=2

(
CE
(−→
S i,Yi

)
+ ζEd

(−→
Si,Yi

))
+

5∑
j=3

(
CE
(←−
S j ,Yj

)
+ ζEd

(←−
Sj ,Yj

))
.

(14)

Here, Y denotes the original ground truth. Yi, i = 2, ..., 5 and
Yj , j = 3, ..., 5 denote the resized versions of the ground truth
Y that have the same sizes as

←−
S i and

−→
S j , respectively.

IV. EXPERIMENTS

A. Datasets

Our experiments are conducted on four widely used RGB-
D SOD datasets: NJU2000 [73], NLPR [56], STEREO [74]
and SIP [57]. Among that, NJU2000 dataset [56] captures
and annotates 2003 RGB-D images with diverse objects and
complex, challenging scenarios. NLPR dataset [73] captures
and annotates 1000 RGB-D images by using Kinect. It con-
tains a variety of indoor and outdoor scenes under different
illumination conditions. STEREO dataset [74] contains 797
RGB-D images. SIP is a recently proposed dataset, which
contains 1000 accurately annotated high-resolution RGB-D
images.

For fair comparisons, we follow the same data split ways
as in [57], [75] and [30]. Concretely, we randomly sample
1485 RGB-D images from the NJU2K dataset and 700 RGB-
D images from the NLPR dataset as our training set. The
remaining images in the NJU2K and NLPR datasets and the
whole datasets of STEREO and SIP are used for testing.

B. Evaluation Metrics

We adopt the widely used metrics, i.e., mean F-measure
(Fω) [56], mean absolute error (MAE) [56], mean S-measure
(Sα) [76] and mean E-measure Eγ [77], to verify our proposed
model.

Among that, F-measure is a weighted harmonic mean of
Precision and Recall, which evaluates the overall perfor-
mance of a salient object detection model. It is defined by

Fω =
(1 + ω2)× Precision×Recall
ω2 × Precision+Recall

. (15)

Here, Precision and Recall are computed by comparing the
ground truths and the binarized saliency maps under different
thresholds. We set ω2 = 0.3 as suggested in [56].
MAE computes the difference between the saliency map

S and the ground truth Y. Its formulation is expressed by

MAE =
1

W ×H

W∑
x=1

H∑
y=1

|S(x, y)−Y(x, y)|, (16)

where W and H are the width and height of the saliency map
(or ground truth), respectively.

S-measure (Sλ) is recently proposed in [76] to evaluate the
structural similarities between the salient map and the ground
truth. It jointly computes the region-aware (Sr) and object-
aware (So) structural similarity as their final structure metric
by

S = α ∗ So + (1− α) ∗ Sr, (17)

where α ∈ [0, 1] is the balance parameter and is set to 0.5.
More details are seen in [76].

E-measure (Eγ) [77] considers the pixel-level errors and
image-level errors by simultaneously capturing global statistics
and local pixel matching information, which is formulated by

Eγ =
1

W ×H

W∑
x=1

H∑
y=1

φFM (S(x, y),Y(x, y)), (18)

where φFM (∗) is the enhanced alignment matrix. More details
are in [77].

Besides, we also report the amount of parameters (millions,
M) of existing models and their inference speeds (frames per
second, FPS). To obtain inference speeds, we first randomly
sample 500 RGB-D images from the training set and then
resize them into 352×352. After that, we feed them into those
SOD models to compute their average inference speeds.

C. Implementation

We construct our proposed model by using the Pytorch [78]
toolbox on an NVIDIA 2080Ti GPU. All the parameters in
our proposed model, except for those in feature extractors,
are initialized by using the Xavier initialization [79]. We use
the SGD algorithm with Nesterov momentum to optimize our
proposed model. Its learning rate, weight decay and mini-batch
size are set to 2e-3, 5e-4 and 4, respectively. Furthermore, its
learning rate will be decayed by a factor of 0.8 in every 20
epochs. All the images are resized into 224× 224 in training
phrase.
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Fig. 8. Visualization of the unimodal features from different levels and their
corresponding fused features.

D. Ablation Experiments and Analyses

In this section, the ablation experiments for each component
of our proposed model are performed on NJU2000 dataset to
investigate their validities and contributions.

1) Searching for the optimal level of multi-modal feature
fusion: To investigate the impact of multi-modal feature fusion
in different levels, several versions of our proposed method
(i.e., Input F, L1 F, L2 F, L3 F, L4 F and L5 F, for short,
respectively) are provided for comparisons. Here, Input F de-
notes that the RGB and depth images are directly concatenated
as four-channel inputs of our model. L1 F,.., L5 F denote that
the RMFF module is performed on the features of level1,
level2, level3, level4 and level5, respectively. As well, the
proposed FDIMG subnetwork is also employed in all of these
models.

The quantitative results of these models are shown in Ta-
ble II. It can be seen that employing the RMFF module on the
features of higher levels requires more parameters. This is due
to the fact that there are more channels in the features of higher
levels. Furthermore, the performance of our proposed model
first increases when moving the proposed RMFF module from
level1 to level3 and then drops when moving the proposed
RMFF module from level3 to level5. This may result from
the fact that the features of the first two levels mainly contain
detail information about input RGB and depth images. For
the last two levels of features, they mainly contain high-level
semantic information. The third level of features simultane-
ously contain some high-level semantic information and some
low-level detail information. Correspondingly, performing the
proposed RMFF module on the third level of features can
capture more cross-modal information from the multi-modal
input images. Therefore, in this paper, we choose the L3 F as
our final model.

The visualization results may also prove the superiority
of fusing middle-level features. Specifically, the unimodal
features from different levels and their corresponding fused
features have been shown in Fig. 8. It can be seen that the
lower-level features (i.e., the 1st and 2nd levels) from the
input RGB and depth images, respectively, contain too many
fine details. Accordingly, their corresponding fused features
also contain many fine details and lack high-level seman-
tics, thus leading to insignificant exploitation of cross-modal
complementary information. While, the features from higher
levels (i.e., the 4th and 5th levels) maninly contain high-level

TABLE II
QUANTITATIVE RESULTS OF MULTI-MODAL FEATURE FUSION IN

DIFFERENT LEVELS.

Methods Params ↓ MAE ↓ Fω ↑ Sλ ↑ Eγ ↑
Input F 3.443 0.062 0.838 0.878 0.893
L1 F 3.444 0.050 0.868 0.889 0.913
L2 F 3.518 0.046 0.878 0.893 0.922
L3 F 3.893 0.042 0.885 0.898 0.925
L4 F 4.920 0.043 0.878 0.896 0.927
L5 F 8.107 0.045 0.879 0.896 0.924

TABLE III
QUANTITATIVE RESULTS OF DIFFERENT MODULES IN OUR PROPOSED

MODEL.

Methods MAE ↓ Fω ↑ Sλ ↑ Eγ ↑
Baseline 0.055 0.856 0.884 0.909
+RMFF 0.051 0.863 0.887 0.914

+FDIMG 0.047 0.872 0.889 0.917
+RMFF+FDIMG 0.042 0.885 0.898 0.925

TABLE IV
EFFECTIVENESS OF THE PROPOSED RMFF MODULE.

Methods MAE ↓ Fω ↑ Sλ ↑ Eγ ↑
No S 0.047 0.872 0.889 0.917

No S+SS 0.045 0.877 0.895 0.922
No S+CS 0.047 0.873 0.891 0.918
No S+SS2 0.044 0.877 0.895 0.923

No S+RMFF 0.042 0.885 0.898 0.925

TABLE V
EFFECTIVENESS OF THE PROPOSED FDIMG SUBNETWORK.

Methods MAE ↓ Fω ↑ Sλ ↑ Eγ ↑
No L 0.051 0.863 0.887 0.914

FF 0.044 0.882 0.898 0.922
FDIMG 0.042 0.885 0.898 0.925

semantics and lack much spatial detail information, which will
also cause insignificant fusion. Differently, the features from
middle levels (i.e., the 3th level) may simultaneously contain
plentiful lower-level details and higher-level semantics. There-
fore, fusing the middle-level features may better exploit cross-
modal complementary information than fusing the features of
other levels.

2) Ablation experiments for each module: We then inves-
tigate the impact of each component in our proposed model.
Specifically, ‘Baseline’ denotes the model that has removed the
RMFF module and FDIMG subnetwork from our proposed
lightweight RGB-D SOD model. As shown in Table III,
both the RMFF module and the FDIMG subnetwork (i.e.,
‘Baseline+RMFF’ and ‘Baseline+FDIMG’) can improve the
performance of RGB-D SOD. This verifies that the proposed
RMFF module can effectively capture the cross-modal com-
plementary information and the proposed FDIMG subnetwork
can well exploit the cross-level complementary information
within the input RGB-D images. Furthermore, with the col-
laboration of RMFF and the FDIMG, our proposed model (i.e.,
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TABLE VI
QUANTITATIVE RESULTS OF DIFFERENT MODELS.

Datasets
NJU2000 NLPR STEREO SIP

Params FPS FLOPS
MAE ↓ Fω ↑ Sλ ↑ Eγ ↑ MAE ↓ Fω ↑ Sλ ↑ Eγ ↑ MAE ↓ Fω ↑ Sλ ↑ Eγ ↑ MAE ↓ Fω ↑ Sλ ↑ Eγ ↑

PCA [22] 0.059 0.839 0.876 0.895 0.043 0.802 0.873 0.887 0.063 0.818 0.874 0.887 0.070 0.814 0.842 0.878 133.4M 15 -
TSAA [24] 0.060 0.841 0.879 0.895 0.041 0.819 0.886 0.901 0.059 0.827 0.871 0.893 0.075 0.803 0.834 0.870 232.4M 9 -
D3Net [57] 0.051 0.860 0.895 0.912 0.033 0.852 0.905 0.923 0.048 0.844 0.890 0.908 0.062 0.832 0.864 0.882 43.2M 51 14.1G
JCUF [27] 0.041 0.881 0.901 0.926 0.030 0.885 0.900 0.932 0.045 0.870 0.895 0.924 0.056 0.854 0.873 0.904 94.6M 8 70.3G
CPFP [25] 0.053 0.850 0.895 0.910 0.035 0.840 0.888 0.917 0.051 0.841 0.879 0.912 0.063 0.820 0.850 0.893 69.5 6 -
ICNet [59] 0.052 0.869 0.894 0.913 0.029 0.884 0.926 0.939 0.044 0.869 0.902 0.925 0.068 0.834 0.853 0.890 - - -
ASIFN [26] 0.047 0.881 0.901 0.926 0.030 0.885 0.900 0.932 0.045 0.870 0.895 0.924 - - - - - - -
UCNet [67] 0.044 0.885 0.896 0.930 0.025 0.890 0.919 0.950 0.039 0.884 0.902 0.938 0.052 0.867 0.875 0.914 31.3M 81.7 11.2G
DMRA [75] 0.050 0.873 0.885 0.919 0.031 0.864 0.898 0.939 0.048 0.867 0.885 0.930 0.085 0.819 0.805 0.843 59.7M 20 29.6G

SSF [30] 0.043 0.884 0.897 0.927 0.026 0.881 0.913 0.946 0.045 0.877 0.892 0.928 - - - - 32.3M 26 25.1G
JLDCF [61] 0.041 0.884 0.902 0.934 0.022 0.893 0.925 0.954 0.041 0.873 0.902 0.935 0.050 0.873 0.880 0.918 137.0M - -
BBSNet [31] 0.039 0.897 0.915 0.934 0.026 0.889 0.922 0.946 0.046 0.866 0.895 0.922 0.056 0.855 0.874 0.908 49.8M 26 12.5G
BIANet [62] 0.039 0.903 0.915 0.934 0.025 0.894 0.925 0.948 0.044 0.879 0.903 0.925 0.053 0.873 0.882 0.912 49.6M 22 39.1G
EBFS [29] 0.038 0.895 0.907 0.936 0.028 0.887 0.909 0.940 0.041 0.873 0.900 0.926 0.052 0.863 0.877 0.911 122.7M 7 58.1G

CDINet [80] 0.036 0.907 0.918 0.943 0.024 0.897 0.927 0.951 0.041 0.888 0.905 0.935 0.055 0.867 0.875 0.908 54.3M 24 51.9G
DPANet [81] 0.035 0.897 0.920 0.936 0.024 0.889 0.927 0.948 0.041 0.883 0.911 0.933 0.050 0.864 0.883 0.913 92.4M 25 23.5G
DSNet [82] 0.034 0.908 0.921 0.943 0.024 0.897 0.926 0.950 0.037 0.894 0.914 0.939 0.052 0.863 0.876 0.910 173M 17 37.3G

A2dele* [35] 0.050 0.869 0.868 0.912 0.029 0.875 0.895 0.940 0.043 0.879 0.884 0.930 - - - - 15.1M 69 37.3
DANet* [34] 0.047 0.874 0.897 0.920 0.030 0.871 0.908 0.933 0.047 0.857 0.892 0.914 0.053 0.864 0.876 0.910 26.7M 32 22.4G
CoNet* [36] 0.047 0.874 0.894 0.94 0.030 0.864 0.907 0.933 0.041 0.885 0.907 0.937 0.063 0.844 0.857 0.901 43.7M 34 14.4G

MobileSal* [33] 0.044 0.881 0.896 0.928 0.026 0.887 0.917 0.947 0.042 0.874 0.900 0.930 0.057 0.857 0.865 0.904 6.5M 67 7.4G
OUR-ShuffeNet* 0.042 0.885 0.898 0.925 0.027 0.887 0.917 0.943 0.045 0.861 0.885 0.915 0.048 0.871 0.882 0.919 3.9M 33 10.9G
OUR-VGG16* 0.035 0.900 0.913 0.941 0.025 0.898 0.923 0.952 0.039 0.881 0.903 0.936 0.047 0.880 0.881 0.922 18.4M 38 30.9G

‘Baseline+RMFF+FDIMG’) achieves the best performance.

3) Effectiveness of the proposed RMFF module: As shown
in Table IV, several fusion modules are also compared with
our proposed RMFF module. Here, ‘No S’ denotes the model
that removes the proposed RMFF module from the proposed
model, i.e., ‘Baseline+FDIMG’ in Table III. ‘SS’ denotes
the multi-modal feature fusion module based on the spatial-
wise attention mechanism, i.e., Fig. 5(a), which employs
two stacked 3×3 convolutional layers to generate the feature
selection maps for RGB and depth features, respectively. ‘CS’
denotes the multi-modal feature fusion module based on the
channel-wise attention mechanism i.e., Fig. 5(b), which first
performs global average pooling on the input features and then
employs two fully connected layers to predict feature weights.
‘SS2’ denotes the multi-modal feature fusion module that
removes the process of computing relation-aware features in
our proposed RMFF module and simply takes the concatenated
unimodal RGB and depth features as the inputs, i.e., Fig. 5(c).

It can be seen that, compared with the channel-wise
attention based module (i.e., ‘No S+CS’), spatial-wise at-
tention based modules (i.e., ‘No S+SS’, ‘No S+SS2’ and
‘No S+RMFF’) achieve better results in our proposed middle-
level feature fusion structure. This results from the fact
that ‘No S+CS’ mainly relies on high-level semantic (global
information) to select those discriminative unimodal RGB
and depth features, while middle-level features may also
contain some detail information in addition to some se-
mantic information. Furthermore, compared with ‘No S+SS’
and ‘No S+SS2’, ‘No S+RMFF’ obtains much better results,
which indicates that our proposed RMFF module can better
exploit those useful cross-modal information between the input
RGB and depth images by virtue of their relations. Moreover,
some visualization results of our proposed RMFF module are
shown in Fig. 9. It can be seen that the proposed RMFF mod-
ule can well exploit the complementary information within

(a) (b) (c) (d) (e) (f) (g)

Fig. 9. Visualization results obtained by our proposed RMFF module. (a)
RGB (top) and depth (bottom) images. (b) Input RGB and depth features for
the RMFF module. (c) Weight maps generated for RGB and depth features.
(d) Weighted RGB and depth features. (e) Fused features. (f) Saliency maps
predicted by our proposed model. (g) Ground truth.

RGB-D images, thus leading to desirable results.
4) Effectiveness of the proposed FDIMG subnetwork: As

shown in Table V, several versions of our proposed FDIMG
subnetwork are also conducted to verify its effectiveness.
‘No L’ denotes the model that removes the proposed FDIMG
subnetwork from our model. ‘FF’ denotes that only the feature-
level complementary information is exploited for RGB-D
SOD.

It can be seen that the exploitation of cross-level comple-
mentary information can well improve the performance of
our proposed RGB-D model. Furthermore, using decision-
level information can further improve our model’s detection
accuracy, especially in terms of Fω .

E. Compare with the SOTA models

The proposed model and some existing state-of-the-art
(SOTA) RGB-D salient object detection models are evaluated
on four benchmark datasets: NJU2000 [73], NLPR [56],
STEREO [74] and SIP [57]. The following SOTA models
are compared with our proposed model, including PCA [22],
TSAA [24], CPFP [25], D3Net [57], JCUF [27], ICNet [59],
ASIFN [26], UCNet [67], DMRA [75], SSF [30], JLDCF [61],
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Fig. 10. Visualization of saliency maps generated by different models.

BBSNet [31], BIANet [62], EBFS [29], A2dele [35], DANet
[34], CoNet [36], MobileSal [33], CDINet [80], DPANet [81]
and DSNet [82]. Among that, A2dele [35] DANet [34], CoNet
[36] and MobileSal [33] are lightweight models, which are
mark by ‘*’ in Table VI. For fair comparisons, the saliency
maps deduced by these existing models are provided by their
authors and are tested by our evaluating code. Here, ‘OUR-
ShuffeNet’ denotes the feature extractors of our proposed
model are based on ShuffeNet [39]. ‘OUR-VGG16’ denotes
that the feature extractors of our proposed model are based on
VGG16 network [37] rather than ShuffeNet [39].

1) Quantitative analysis: Table VI shows the quantita-
tive results of different models. It can be seen that ‘OUR-
ShuffeNet’ obtains competitive and even better results than
most SOTA models on the four datasets. Meanwhile, compared
with the model of the largest size, i.e., TSAA [24], ‘OUR-
ShuffeNet’ has only about 1.6 percent of its parameters and
runs about 3.7 times faster than its inference speed. Fur-
thermore, compared with existing lightweight RGB-D SOD
models, ‘OUR-ShuffeNet’ achieves the best performance in
terms of most metrics on the NJU2000 and SIP datasets,
and meanwhile obtains competitive results on the NLPR and
SIP STEREO datasets. Meanwhile, ‘OUR-ShuffeNet’ has the
smallest model size, i.e., 3.9M. Its FLOPS is 10.9G, which
is only inferior to MobileSal [33]. As well, it can also run at
a real-time speed, i.e., 33 FPS. These characteristics enable
our proposed model to have many potential applications in
some source-limited devices (e.g., mobile phones and onboard
computers) for detecting salient objects.

Furthermore, its performance can be further improved by in-
creasing its parameters, i.e., ‘OUR-VGG16’. For the NJU2000
dataset, ‘OUR-VGG16’ achieves the best performance in terms
of the metrics of MAE and Eγ and obtains competitive results
with other SOTA models in terms of Fω and Sλ. For the
NLPR and STEREO datasets, ‘OUR-VGG16’ also achieves
competitive results with other SOTA models. Especially, for
the SIP dataset, ‘OUR-VGG16’ obtains the best performance

TABLE VII
RUNNING SPEEDS OF DIFFERENT OPERATIONS IN THE DECODING STAGE.

Methods Convolutional
layers

Up-sampling
operation

Concatenation
operation Total

Speeds 4.033ms 0.680ms 0.426ms 5.139ms
Percentage 78.47% 13.24% 8.29% 100%

in terms of all of the metrics. Moreover, ‘OUR-VGG16’
also contains fewer parameters than most existing lightweight
RGB-D SOD models (i.e., only larger than MobileSal [33]).
This further proves the effectiveness of our proposed middle-
level structure.

Besides, although our proposed model has the smallest
number parameters, our proposed model is not the fastest
one. This may result from the fact that our proposed model
has relatively higher structure complexity in the decoding
stage, which involves too many up-sampling operations and
concatenation operations. Specifically, as shown in Table.
VII, we test the running speeds of all convolutional layers,
including convolution, batch normalization and Relu function,
all up-sampling operations and all concatenation operations
in our proposed FDIMG subnetwork for comparisons. It
can be seen that, besides the convolutional layers, the up-
sampling operations and concatenation operations run about
1.106 ms, which is about 21.53% of the total running time
in the decoding stage. Accordingly, this increases our model’s
inference time to some extent.

2) Qualitative analysis: Visualization results under differ-
ent scenarios are illustrated in Fig. 10. As shown in the
first two rows of Fig. 10, for the images under some simple
scenes, most SOTA methods can accurately detect the salient
objects. Furthermore, as shown in the last four rows of
Fig. 10, for those relatively complex scenes, our proposed
model can obtain better results than other lightweight RGB-
D SOD models (i.e., marked by ‘*’) and meanwhile achieve
competitive and even better results than those SOTA models.
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Fig. 11. Visualization of some failure cases.

This further verifies the effectiveness of our proposed model.

F. Failure cases

Although proud progress has been made, our proposed
model cannot work well in some special cases. Specifically,
as shown in Fig. 11, when one of the input images is more
reliable while another contains strong interfering information,
our proposed model may mistakenly consider those interfering
information as complementary ones, thus leading to some
wrong predictions. We will further investigate these issues in
our future works.

V. CONCLUSION

In this paper, a novel middle-level feature fusion structure
has been presented for the design of lightweight RGB-D SOD
models. This structure can effectively reduce the parameters
of a RGB-D SOD model and meanwhile maintain high
detection accuracy. Based on that, a new lightweight RGB-
D SOD model has been designed, which further contains
a RMFF module and a FDIMG subnetwork. The proposed
RMFF module can well exploit the cross-modal information
within the middle-level unimodal RGB and depth features by
exploring their redundant and complementary relations. The
proposed FDIMG subnetwork is able to effectively exploit
those cross-level complementary information within multi-
level features by virtue of the mutual guidance between the
feature-level and decision-level information. With the pro-
posed RMFF and FDIMG, our proposed model can make up
for performance drops caused by parameter reduction to some
extent. Experimental results demonstrate that our proposed
model significantly outperforms existing lightweight RGB-D
models and performs competitively and even better than most
SOTA models. Especially, it just has only 3.9M parameters
and runs at a real-time speed for an image of size 352×352.
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