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Abstract
Exploring the interaction between red, green, blue (RGB) and thermal infrared modalities is critical to the

success of RGB-thermal (RGB-T) salient object detection (RGB-T SOD). In this paper, a cross-modal attention
and reinforcement network ( CAR-Net ) was proposed to explore the implicit relationship between the two
modalities, which fully leverages the beneficial expression and complementary fusion of the two modalities.
Specifically, CAR-Net has a cross-modal attention module ( CAM) that enables efficient interaction and key
information extraction through joint attention. It also includes a feature strengthener module (FSM) for improved
representation using channel rank and loop methods. A large number of experiments show that the CAR-Net
achieves the best performance on three publicly available datasets.
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1 Introduction

Salient object detection (SOD) seeks to explore and
isolate obvious objects in various scenarios. It has been
implemented and popularized in plenty of computer
vision tasks, such as semantic segmentation[1 - 2],
visual tracking[3], image compression[4], and video
segmentation[5] . Recently, different novel methods
have been proposed to achieve rapid improvement in
SOD performance, which has important significance for
the above SOD tasks.
Although RGB images can provide the color,

texture, contour, and other appearance information of
the salient objects or regions, the RGB-based SOD[6]

still has limitations in the complex environment, such
as confusing shaded regions, low-light conditions, and
salient objects with anfractuous boundaries. As an
auxiliary tool to RGB images, depth images can
provide abundant geometric and spatial layout clues of
salient objects, and are conducive to improving
detection performance. The existing RGB-depth
(RGB-D) SOD methods[7 - 10] have made breakthrough
progress. However, it may have side effects when the
subject is close to the background and poor
illumination. Thermal infrared equipment conveniently
presents the thermal information of biological or other
substances, and is widely used in various detection
fields. Furthermore, the thermal images obtained from
these thermal infrared devices provide supplementary
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information for RGB images and are not susceptible to
appearance and illumination changes. Therefore, it is
beneficial for RGB-T SOD to effectively solve the
challenges posed by various extreme environments.
Since RGB-T SOD has become a research hotspot,

researchers are continually proposing new strategies to
address various challenges and improve detection
performance. The core of RGB-T SOD lies in
effectively capturing and fusing key information from
both RGB and thermal imaging modalities. Therefore,
designing reasonable cross-modal cooperation methods
and mitigating the negative impacts of modality
differences are crucial. In earlier RGB-T SOD studies,
researchers proposed to use graph learning[11] or
support vector machine ( SVM ) regression[12] to
accomplish cross-modal fusion. However, these work
mainly depend on low-level hand-crafted features,
which leads to deeper semantic information in the
images not being captured and hinders the improvement
of models, performance. Afterward, based on the
powerful ability of the convolutional neural networks to
capture important information and their outstanding
performance in image processing, researchers tend to
utilize deep learning to design RGB-T SOD models and
propose different cross-modal fusion strategies[13 - 15] .
However, many existing cross-modal fusion strategies
ignore that precisely extracting information from RGB
and thermal modalities is essential for effectively
aggregating cross-modal clues. Insufficient feature
extraction and aggregation of different modalities cause
the effect of existing approaches to reach the
bottleneck. In addition, realizing the full use of multi-
scale features for efficient decoding is also pivotal to
accurate detection. Current researches generally adopt
various kinds of dilated convolution to excavate high-
level semantic information or multi-scale vital salient
clues, such as atrous spatial pyramid pooling
(ASPP) [16] and receptive field block ( RFB ) [17] .
Although these modules contribute to determining the
location of significant regions to a certain extent, they
remain in a large local receptive field, which can easily
give rise to over-extraction and confuse background and
salient objects.
 To address these challenges mentioned above, CAR-

Net was proposed in this paper. The CAR-Net mainly
consists of two core components, including the CAM
and the FSM. Specifically, the CAM is designed for
accurate cross-modal fusion. By combining attention
modules to effectively extract available semantic
information and reinforce salient features in RGB and
thermal images respectively. The FSM employs a
semantic feature-guided strategy aimed at enhancing
cross-modal saliency representations for sufficient
multi-scale feature aggregation. Generally speaking,
the main contributions of this paper are as follows.
1) CAM is proposed for locating and fusing RGB
and thermal prominent regions efficaciously. The CAM
adopts joint attention to respectively capture RGB and
thermal information and realize the full utilization of
cross-modal information by using a channel sorting
strategy. Then, the maximum value and the average
value of different modalities features are respectively
taken on the channel to highlight the significance clues
and aggregate multi-scale features adequately.
2 ) Committed to fully utilizing and aggregating
multi-scale cues, FSM based on semantic feature
guidance strategy is proposed. Based on the properties
of different scale features, the FSM adopts the
combination of channel sorting and a loop mechanism
to further strengthen the extraction of significant
features.
3) Training, testing, and ablation experiments on
the CAR-Net are conducted. A large number of
experiments show that CAR-Net has excellent
performance on the three benchmark datasets, i. e. ,
VT821, VT1000, and VT5000, and exceeds the
current methods.

2 Ralated work

This section begins with an introduction to the SOD
tasks. Then, the method reviews several representative
researches on SOD and RGB-D SOD, mainly based on
deep learning. Finally, the method discusses several
RGB-T SOD frameworks.
Compared with general object detection, the

challenge of SOD is to reflect the most prominent one
from various regions. According to the diverse input
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modal, the SOD task can be roughly classified into
three categories, i. e. , RGB SOD[18 - 19], RGB-D
SOD[20 - 21], and RGB-T SOD[22 - 23] . To achieve
detection, the traditional SOD models mostly
concentrate on constructing manual-crafted features
according to important objects' characteristics,
including color, texture, shape, etc. However, the
traditional SOD models achieve poor performance in
complicated environments. To overcome this
limitation, several structures based on deep learning
are proposed. Next, some typical SOD models based
on deep learning are discussed.

2. 1 RGB SOD and RGB-D SOD

Benefiting from the rapid development of deep
learning, RGB-based SOD deep learning methods
achieve remarkable performance. Unlike existing
models that focus on inter-image relationships, Yang et
al. [24] introduced a multi-grained refinement module to
discriminate between saliency objects and background
information, and introduced inter-image relationships
into the pixel-by-pixel segmentation features to enhance
the discrimination of segmentation features. This multi-
grained refinement is the basis for mining saliency
objects. While some existing methods have shown that
the additional edge supervision can facilitate SOD,
edge pixels are often much less common than non-edge
pixels, leading to the challenge of class imbalance. To
overcome this issue, Yi et al. [19] introduced detail
labels that provide additional internal details as a
supplementary supervisory signal.
Depth images contain a wealth of spatial and

structural detail information, which is desirable for
SOD in challenging situations, i. e. , in the case of
cluttered backgrounds and multiple objects. However,
the issue of conflicting data fusion due to modal
inconsistencies between RGB image and depth image
data remains to be solved in an effective way.
To overcome the above limitation, Hu et al. [25] did

not integrate additional modules, such as feature
enhancement and edge generation modules, to achieve
higher performance. The designed network structure
included only three integral parts: feature encoding,
feature fusion, and feature decoding. Specifically, a

dual-stream encoder is used to extract multi-modal and
multi-scale features to model global information. In the
feature fusion part, the attention mechanism is used to
fuse multi-modal and multi-level features. In the
feature decoding part, a progressive decoder is added
to gradually fuse low-level features and filter the noise
information to accurately predict the salient target.
Kanwal et al. [26] proposed a two-way feature
interaction approach to exploit the synergies of RGB
and depth modalities, which effectively captures the
intra-modality features at lower layers of the backbone
network using a novel operation-wise shuffle channel
attention module and supplements the edge guidance
network. The quality of the depth map is explicitly
investigated through a bottom-up edge guidance network
and affluent saliency cues are exploited via a top-down
global contextual aware reverse attention mechanism.
Niu et al. [27] took a novel dual consistency loss function
to help train the whole network, which can further force
it to learn complementary features from both RGB and
depth images. Zeng et al. [28] designed several decoding
stages and keep decoding histories of intermediate
decoding results to make full use of encoding clues.
During the decoding stages, all previous decoding
histories are considered progressively. In addition, the
encoding features from different encoding stages are also
merged as additional clues. The RGB features are
emphasized with the skip convolution module. More
researches that focus on RGB-D SOD can be found in
Ref. [29].

2. 2 RGB-T SOD

The depth map facilitates easily complementing the
location cues of items inside the image and has driven
the rapid progress of SOD tasks. However, in dimly
light environments, the depth information can introduce
noise interference instead of providing effective
information support.
Wang et al. [30] conducted the first publicly relevant

RGB-T SOD on dataset V T821 and designed a multi-
task manifold sorting structure to segment salient
targets based on multi-modal. Unlike the model of
fusing multi-modal features in the early, middle, or
late stages, Zhang et al. [12] proposed a multi-
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interactive dual decoder to fully integrate various
information, namely, cross-modal, multi-level, local
details, and global context features. Gao et al. [13]

employed a dual-modal detection stream mechanism to
extract and integrate RGB and thermal information
based on multiple stages and scale features. Jin et
al. [31] designed an asymmetric feature complementary
feature interaction unit to enhance RGB and thermal
features, and fuse the features of the two modes in
channel and spatial dimensions, while reducing the
interference of thermal modes. Zhou et al. [23] used a
novel bilateral fusion, multi-level coherent fusion
detection method[3] for cross-modality feature extraction
and refinement.

3 CAR-Net

In this section, the entire RGB-T SOD framework
   

called CAR-Net is first outlined. Two functional
modules, CAM and FSM, are described in detail next.

3. 1 Overall architecture

The entire network framework of CAR-Net is
displayed in Fig. 1. To elaborate sequentially, the
method first adopts residual neural network (ResNet)
with 2-dimensional ( 2D ) squeeze-and-excitation
network (Res2Net) [32] as the backbone to excavate the
superficial features f1rgb - f5rgb and f1t - f5t from the input
RGB images and thermal maps respectively. Then, the
method design a CAM to aggregate the basic features
from RGB and thermal infrared branches respectively,
to realize the fusion of multi-modal features. Thus, it
can get the preliminary polymerization features f1cam -
f5cam, which can be described as
ficam = FCAM( firgb,fit)；  i∈{1,2,. . . ,5} (1)
where FCAM(·) denotes the output of CAM.

Fig. 1 Structure of CAR-Net

After that, FSM is used to mine the key critical and
informative salient cues and enhance the expression of
salient features. To implement it, a step-by-step
decoding strategy is employed to slowly aggregate the
salient features of multiple layers from high to low.
Finally, generate the saliency prediction map at the
first layer. Note that to roundly utilize the features of

each layer, this article blends in a guidance
mechanism to feedback features of the high layer to the
low layer, and guides the detailed features to generate
the saliency prediction map, which can be described as

Si = FFSM( ficam + F̂i + 1,Ŝi + 1)； i∈{1,2,3,4}

S5 = F3 × 3conv ( f5cam
})
(2)
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where S i means that the fcam features of the ith layer
are added with F̂ i + 1, and then the preliminary result
prediction map of the ith layer is obtained by passing
through the FSM module together with the supervised
feature Ŝ i of the ith layer ground truth ( GT) map.
F̂ i + 1 represents the features of the ( i + 1) th layer that
pass through the FSM module. Ŝ i represents the
supervisory features of the truth map of the ith layer,
and S5 represents the preliminary result prediction
map of 5th layer features.
In addition, in order to get more accurate results,

adopt multi-supervision to supervise the output from
each layer separately. Specifically, in CAR-Net, the
model collectively optimize the initial result map of
each layer S2 - S5 and the final saliency map S1, by
dening the total loss, L(S,G).

L(S,G) = ∑
5

i = 1
Lbce(Sk,G) (3)

where the Lbce(·) represents the binary cross entropy
loss and G denotes the GT saliency map. S denotes the
preliminary prediction graph.

3. 2 CAM

In the RGB-T SOD community, one of the essential
steps is to effectively interact with multi-modal data,
which is also a major concern and challenge. For this
purpose, CAM is proposed to coalesce multi-modal
features and further capture the valuable information,
thus boosting the detection performance, shown in
Fig. 2. In Fig. 2, Ⓒ denotes the concatenation
operation.

Fig. 2 Architecture of CAM

In detail, firstly, design a joint attention ( JA)
module composed of channel attention and position
attention, as shown in Fig. 3, which mines the key
clues and strengthens the expression of salient features
from the two dimensions of channel and position,

respectively. Specifically, on channel attention,
utilize the adaptive maximum pooling operation to
obtain the global features firstly. Then, cascade four
convolution layers and adjust the number of channels
to learn the information of channels. Noteworthy,
each convolution layer (Convlayer) consists of a 3 × 3
convolution (Conv 3 × 3), a batch normalization and
a retifiled linear unit ( ReLU) activation function.
Finally, the residual multiplication method is used to
obtain the salient features.

Fig. 3 Architecture of the JA module

The whole process of channel attention can be
expressed by

Fca( f) = f∏
4

i = 1
FCBR(PM( f)) (4)

where Fca ( · ) denotes the channel attention
operation, FCBR ( ·) means a 3 × 3 convolution
followed by batch normalization and ReLU, PM (·)
represents the adaptive maximum pooling operation. In
position attention, for the input feature f∈RRH ×W × C,
including RGB feature and thermal feature. H, W, and
C denote the height, width, and the number of
channels of the input feature, respectively. The model
first feed f into a 1 × 1 convolution to obtain feature
maps, e. g. , fconv 1 × 1, and capture the position
information element by element, where fconv 1 × 1 ∈
RRH ×W × C . Then reshape fconv 1 × 1 to fconv 1 × 1 ∈ RRN × C,
where N = H × W means the number of pixels. Then,
employ a matrix multiplication between fconv 1 × 1 and
fconv 1 × 1, and apply a softmax layer to calculate the
feature map.
Moreover, reshape fconv 1 × 1 to f̂conv 1 × 1∈RRC × N . Then
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perform a matrix multiplication between fconv 1 × 1 and
fconv 1 × 1 and reshape the result to RRH ×W × C . Finally, the
method use a summation operation to add it to the
original features f to boost the detection performance.
The whole process of position attention can be

defined as

fconv 1 × 1 = Fconv 1 × 1( f)
fconv 1 × 1 = fconv 1 × 1FT(FR( fconv 1 × 1))

FPA( f) = f + FR(FS( fconv 1 × 1)FR( fconv 1 × 1)

㊣

㊣

㊣

㊣
㊣

㊣㊣)

(5)

where Fconv 1 × 1(·) means 1 × 1 convolution operation,
FT(·), FR(·) and FS(·) means transpose, reshape,
and softmax operation respectively.
To interact the two modalities completely, the CAR-

Net collects the maximum and average values of RGB
and thermal features along the channel respectively,
and connects the maximum and average values of the
two modalities in series to make the multi-modal
features preliminarily polymerized. Then, the feature
weights are obtained through a 3 × 3 convolution and a
sigmoid function, and capture the salient features by
the method of residual multiplication. Finally, the
CAR-Net adopts the element-wise summation to fuse
the two modalities. The calculation of CAM can be
described as

fmax = Fcat(FM(FJA( frgb)),FM(FJA( ft)))

f = Fcat(FA(FJA( frgb)),FA(FJA( ft)))

FCAM = σ(F3 × 3conv ( fmax) frgb) + σ(F3 × 3conv ( f) ft

㊣

㊣

㊣

㊣
㊣

㊣㊣)

(6)

where FJA(·) indicates JA module and Fcat(·) means
concatenation operation, FA (·) and FM (·) denote
taking the average and maximum values in the
channel, FCAM (·) denotes the final output of the
CAM, σ(·) expresses the sigmoid activation function.

3. 3 FSM

As we all know, different CNN layers capture
features with different scales. The deeper layer
contains rich semantic information while the lower layer
includes abundant structure cues. However, in the
process of feature fusion, the semantic features are

gradually diluted, especially when combining shallow
features with noise information. To address it, a FSM
was designed, shown in Fig. 4, which mainly contains
a channel rank operation and adopts a circular way to
enhance the salient features.

Fig. 4 Architecture of FSM

 Specifically, given two inputs in the channel rank
operation, e. g. , a convolutional feature F with NC
channels and prediction map S. The FSM first splits F
into Ng groups. Then S is regarded as a guidance
feature map to concatenate with each slice feature.
After concatenation, a feature with Nc + Ng channels
can be obtained, which can be formulated as

Fsplit = {F1,F2,. . . ,FNg}

Frank = Fcat(F1,S,F2,S,. . . ,FNg,S
}) (7)

where the Fsplit and Frank mean splitting channels and
reranking channels respectively.
After the channel rank operation, feed the

concatenated feature to a convolution layer for guided
learning and reduce the number of channels from Nc +
Ng to Nc, which contains a 3 × 3 convolution, a batch
normalization, and a ReLU activation function. The
feature representation is then enhanced using a
convolutional layer followed by a sigmoid activation
function, and employs residual to complement salient
features. Then, through a convolution layer, it can get
the first reinforced feature map F̂, which can be
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calculated as

F
·
= FCR(F)

F̂ = FCBR(F
·
)σ(FCBR(FCBR(F

· })))
(8)

where the FCR (·) represents the channel rank
operation. Another 3 × 3 convolutional layer is further
applied to generate the saliency prediction map Ŝ,
which can be defined as
Ŝ = F3 × 3conv (FCBR( F̂) + S) (9)
where the F3 × 3conv (·) expresses the 3 × 3 convolutional.
Note that, to reduce the computational complexity, this
paper set the number of channels as 64. Moreover, the
model adopt a cyclic strategy to strengthen the salient
features repeatedly. In each cycle, the number of
groups Ng is different, and Ng has the following
corresponding relationship with the nth cycle.

Ng =
64
2n
；  n∈{0,1,. . . ,7} (10)

where n means the nth circulate.

4 Experiment

4. 1 Datasets and evaluation metric

The CAR-Net is experimented on three publicly
available RGB-T SOD benchmark datasets VT821[30],
VT1000[32], and VT5000[33] . VT821 is the first RGB-
T SOD relevant dataset containing 821 image pairs
collected from approximately 60 environmental scenes.
Compared with VT821, which uses the manual
alignment of RGB and thermal images, VT1000
leverages RGB and thermal cameras to match RGB and
thermal images highly. VT5000 is the largest RGB-T
SOD dataset up to now, consisting of 5 000 image pairs
covering 11 challenging scenes.
In this paper, four commonly used evaluation

indicators are used to demonstrate the effectiveness of
CAR-Net, including structure measure ( Sm ) [34],
frequency measure ( Fm ) [35], enhanced-alignment
measure (Em) [36], mean absolute error (ε) [37] . It is
important to note that max Fm and max Em refer to
maximum values. Structure measure is leveraged to

calculate the region and object similarity between
predicted maps and inputs' corresponding ground
truths. Fm is to reflect the frequency tuning of object
areas. Em is based on cognitive vision studies, jointly
matching features at the pixel level and capturing
statistical features at the image level. For Sm,
max Fm, and max Em, the larger the data value, the
better the performance, in contrast, the smaller the
value of ε, the better the performance.

4. 2 Implementation detail

This experiment is conducted based on PyTorch and
a single NVIDIA GTX1080Ti GPU. The training and
testing images are uniformly resized to 224 × 224. In
this work, Res2Net[32] is used as a backbone network.
The basic parameters of this experiment are set, for
example, as more learning rates can increase the
learning accuracy, the batch size is equal to 10 and the
learning rate is equal to 1 × 10 - 4 .

4. 3 Comparison with state-of-the-art

To demonstrate the effectiveness of CAR-Net, it was
compared to 16 high-grade methods, including two-
stage fusion network ( TSFNet ) [38], adversarial
learning assistance and perceived importance fusion
network ( APNet) [39], multi-interactive dual-decoder
(MIDD) for RGB-T SOD[14], modal complementary
fusion network (MCFNet) [40], multi-modal interactive
attention and dual progressive decoding ( MIA-
DPD ) [22] network, cross-guided fusion network
( CGFNet ) [15], efficient context-guided stacked
refinement network ( CSRNet ) [41], effective and
consistent feature fusion network ( ECFFNet ) [23],
multi-graph fusion and learning for RGB-T image
saliency detection (MGFL) [42], multi-stage and multi-
scale fusion network ( MMNet ) [13], RGB-T image
saliency detection via collaborative graph learning
( SDGL ) [33], real-time one-stream semantic-guided
refinement network (OSRNet) [43], cross modal view-
mixed transformer for bi-modal SOD ( CAVER) [44],
multitype fusion and enhancement network
( MFENet ) [45], patch-to-pixel attention-aware
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transformer network (PATNet) [46], multi-scale fusion
and edge-supervised network (MSEDNet) [47] . For a
fair comparison, all predicted maps for these
frameworks were either provided by the authors or
generated by models retrained with open-source code.
1) Quantitative evaluation
Table 1 lists the quantitative evaluation results of

differenst methods on three datasets. Compared with
other recent methods, the CAR-Net achieves

outstanding results in RGB-T SOD tasks with different
scenarios. In particular, on the VT5000 dataset, the
best results were achieved for all four reference
indicators. Specifically, compared with the 2nd best
MFENet, CAR-Net increases Sm by 0. 91% , max Em
by 0. 64% , and max Fm by 1. 51% , and decreases ε
by 3. 13% . Compared with the 3rd best C2FNet, the
CAR-Net increases max Em by 0. 86% , and max Fm
by 0. 92% and decreases ε by 3. 13% .

Table 1 Quantitative results of different methods on three public RGB-T datasets

Method
Sm ε max Em max Fm

VT821 VT1000 VT5000 VT821 VT1000 VT5000 VT821 VT1000 VT5000 VT821 VT1000 VT5000

TSFNet 0. 847 0. 912 0. 851 0. 049 0. 027 0. 049 0. 878 0. 946 0. 893 0. 790 0. 899 0. 807

APNet 0. 867 0. 921 0. 875 0. 034 0. 021 0. 035 0. 909 0. 955 0. 920 0. 825 0. 913 0. 848

MIDD 0. 871 0. 915 0. 867 0. 045 0. 027 0. 043 0. 918 0. 957 0. 920 0. 851 0. 91 0. 849

MCFNet 0. 891 0. 932 0. 887 0. 029 0. 019 0. 033 0. 928 0. 967 0. 931 0. 863 0. 929 0. 867

MIA-DPD 0. 844 0. 924 0. 878 0. 070 0. 025 0. 040 0. 902 0. 964 0. 929 0. 831 0. 928 0. 865

CGFNet 0. 881 0. 923 0. 883 0. 038 0. 023 0. 035 0. 920 0. 959 0. 926 0. 866 0. 923 0. 689

CSRNet 0. 885 0. 918 0. 867 0. 038 0. 024 0. 042 0. 923 0. 953 0. 914 0. 858 0. 908 0. 836

ECFFNet 0. 877 0. 923 0. 874 0. 034 0. 021 0. 038 0. 910 0. 959 0. 921 0. 834 0. 917 0. 847

MGFL 0. 873 0. 914 0. 862 0. 040 0. 027 0. 043 0. 921 0. 953 0. 914 0. 848 0. 906 0. 836

MMNet 0. 873 0. 914 0. 862 0. 040 0. 027 0. 043 0. 921 0. 953 0. 914 0. 848 0. 906 0. 836

SDGL 0. 765 0. 787 0. 750 0. 085 0. 090 0. 089 0. 839 0. 859 0. 829 0. 735 0. 770 0. 695

OSRNet 0. 875 0. 926 0. 883 0. 043 0. 022 0. 033 0. 916 0. 965 0. 933 0. 839 0. 924 0. 862

CAVER 0. 783 0. 870 0. 801 0. 070 0. 041 0. 060 0. 871 0. 937 0. 894 0. 720 0. 845 0. 742

MFENet 0. 884 0. 929 0. 883 0. 030 0. 019 0. 033 0. 927 0. 965 0. 933 0. 854 0. 924 0. 862

MSEDNet 0. 849 0. 914 0. 878 0. 070 0. 032 0. 041 0. 891 0. 960 0. 930 0. 825 0. 920 0. 864

PATNet 0. 822 0. 876 0. 876 0. 069 0. 054 0. 054 0. 877 0. 922 0. 922 0. 779 0. 862 0. 862

CAR-Net 0. 887 0. 929 0. 891 0. 037 0. 020 0. 032 0. 929 0. 968 0. 939 0. 868 0. 930 0. 875

2) Qualitative evaluation
In Fig. 5, examples of different types of visualizations

are listed centrally, further demonstrating the
effectiveness of CAR-Net by comparison with other
competing networks. It can be seen that the saliency map

obtained by CAR-Net is much closer to reality. The
existing RGB-T method cannot accurately detect
important areas due to the confusion of the environmental
scene. In contrast, the CAR-Net can achieve better
performance, has good prospects and complete structure.
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 In this paper, the size and efficiency of the model
are evaluated using floating point operations per second
(FLOPs), the number of parameters, and fram per

sencond (FPS) metrics, and the evaluation results are
compared with some other methods. As shown in
Table 2, it can be seen from the evaluation results that
the size and efficiency of the algorithm are at a high
level compared with other models. Therefore, CAR-
Net further strengthen the efficiency of the model and
reduce the complexity and parameters of the model in
the future.

Table 2 Comparison of FLOPs, the number of
parameters, and efficiency

Method FLOPs / 109
Number of
parametes

Efficiency /
FPS

MIDD 114. 6 200. 0 16. 0

CGFNet 233. 6 253. 4 10. 6

MMNet 26. 9 251. 7 21. 0

CAVER 30. 3 64. 0 11. 7

MSEDNet 38. 0 369. 9 19. 7

PATNet 74. 7 339. 3 16. 0

CAR-Net 14. 4 59. 2 11. 8

4. 4 Ablation study

To further validate the effectiveness of each CAR-
Net's component, several ablation experiments are
designed and the results are listed in Table 3. For the
backbone ( B) module, all the extra modules of the
CAR-Net are removed ( i. e. , CAM and FSM) and
only kept the GT supervision for the five layers in
backbone to ensure that the model accurately extracts
salient features.
1) Effectiveness of CAM
From Table 3, “ B + CAM” consistently acquires

encouraging results. By inserting CAM, it can select
necessary cross-modal information, and key bodies are
highlighted from complicated backgrounds. However,
without a deeper analysis of the unconformity between
multi-modal features, it may introduce inconsistent
noises between cross-modalities during direct fusion.
Therefore, key cues are extracted from the two
dimensions of channel and position and the expression of
salient features was enhanced respectively, to integrate
effective salient features from various modal
information. As listed in the 2nd row of Table 3, the
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model with CAM improved detection performance
significantly. Compared with the backbone module, the
performance gains over the baseline model are 0. 2% -

0. 6%, 0. 001 -0. 007, 0. 5% - 1. 0%, 0. 5% - 1. 5%
for the metrics Sm, ε, max Em, and max Fm,
respectively, on these three challenging datasets.

Table 3 Ablation results of the CAR-Net

Modle
combination

Sm ε max Em max Fm

VT821 VT1000 VT5000 VT821 VT1000 VT5000 VT821 VT1000 VT5000 VT821 VT1000 VT5000

B 0. 856 0. 920 0. 863 0. 046 0. 025 0. 042 0. 890 0. 953 0. 906 0. 815 0. 908 0. 827

B + CAM 0. 862 0. 920 0. 861 0. 039 0. 023 0. 041 0. 900 0. 958 0. 911 0. 830 0. 913 0. 832

B + FSM 0. 880 0. 920 0. 891 0. 037 0. 020 0. 032 0. 910 0. 965 0. 936 0. 851 0. 926 0. 872

B + CAM + FSM 0. 887 0. 920 0. 891 0. 037 0. 020 0. 032 0. 920 0. 968 0. 939 0. 868 0. 930 0. 875

2) Effectiveness of FSM
One of the core detection mechanisms is that

highlighting multi-scale features can further benefit
accurate SOD. To give evidence for this claim, the FSM
is applied to the CAR-Net framework for evaluation.
From Table 3, the model with FSM achieves impressive

accuracy performance. In addition, employing FSM can
help to capture and highlight more details, as shown in
Table 4. Furthermore, the Sm score indicates that
prominent regions take on more unabridged structures by
embedding FSM. It further shows its effectiveness of
multi-level aggregating features.

Table 4 Visual maps for different combinations of each module

4. 5 Limitation and failure case

Although the CAR-Net is effective for RGB-T SOD,
it also has some limitations. From Table 5, it can be
observed that when the detected object is small in
shape or has serious noise pollution, the detection
performs under expectations. In the future, more
attention will be paid to the influence of noise and local
details, and more effective RGB-T SOD schemes will
be explored. Although there have been some failures in
scenarios where CAR-Net is highly similar to the
background or extremely complex. In the future, all
scenarios will be considered and a more applicable
model will be proposed.

Table 5 Visualization maps in failure cases
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5 Conclusions

CAR-Net consists of two modules, CAM and FSM.
CAM based on the joint attention mechanism explores
the key features of salience from the two directions of
channel and position, and then achieves the multi-
modal feature fusion in the channel maximum and
channel average. Besides, FSM uses the methods of
channel splitting and channel ranking, and combines
the cycle strategy to fulfill multiple enhancements of
salient features. The experimental data of CAR-Net
proves that the CAR-Net outperforms other 16 existing
methods.
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