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Transformer Fusion and Pixel-Level Contrastive
Learning for RGB-D Salient Object Detection

Jiesheng Wu
and Jing Xu

Abstract—Current RGB-D salient object detection (RGB-D
SOD) methods mainly develop a generalizable model trained
by binary cross-entropy (BCE) loss based on convolutional
or Transformer backbones. However, they usually exploit
convolutional modules to fuse multi-modality features, with
little attention paid to capturing the long-range multi-modality
interactions for feature fusion. Furthermore, BCE loss does
not explicitly explore intra- and inter-pixel relationships in a
joint embedding space. To address these issues, we propose a
cross-modality interaction parallel-transformer (CIPT) module,
which better captures the long-range multi-modality interactions,
generating more comprehensive fusion features. Besides, we
propose a pixel-level contrastive learning (PCL) method that
improves inter-pixel discrimination and intra-pixel compactness,
resulting in a well-structured embedding space and a better
saliency detector. Specifically, we propose an asymmetric network
(TPCL) for RGB-D SOD, which consists of a Swin V2 Transformer-
based backbone and a designed lightweight backbone (LDNet).
Moreover, an edge-guided module and a feature enhancement
(FE) module are proposed to refine the learned fusion features.
Extensive experiments demonstrate that our method achieves
excellent performance against 15 state-of-the-art methods on seven
public datasets. We expect our work to facilitate the exploration of
applying Transformer and contrastive learning for RGB-D SOD
tasks.

Index Terms—Multi-modality fusion, pixel-level contrastive
learning, RGB-D salient object detection, transformer.

1. INTRODUCTION

UMANS are usually attracted to the most prominent ob-

ject in an image and recognize it. To simulate this behav-
ior, a computer vision task, i.e., salient object detection (SOD),
has been defined [1], [2], [3], [4]. Generally, SOD is often
used as a pre-processing operation for various computer vision
tasks such as object recognition [5], image retrieval [6], edit-
ing [7], and object tracking [8]. Recent studies on RGB SOD
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have achieved significant progress. However, with the complex-
ity and change of various scenes, it is challenging to detect salient
objects only by relying on RGB modality. Meanwhile, with the
applications of depth sensors and cameras, depth cues are grad-
ually being introduced to localize salient objects. Therefore, re-
cent researchers utilize depth modality to assist RGB modality
in detecting salient objects, commonly referred to as RGB-D
SOD [9].

The first exploration based on deep learning uses convolu-
tional neural networks (CNNs) for RGB-D SOD [10]. Since
then, numerous CNN-based methods have been proposed, and
significant improvements have been achieved [11], [12], [13],
[14], [15]. In the past two years, with the development of Vision
Transformers (ViTs) [16], [17], some researchers have replaced
CNN-based backbones with Transformer-based ones, and the
performance has been further improved [18], [19], [20]. While
significant improvement has been achieved with these methods,
there are still two issues worth investigating:

(i) For RGB-D SOD, most of the current methods ignore cap-
turing long-range multi-modality interactions to generate more
comprehensive fusion features. Specifically, RGB-D SOD usu-
ally focuses on multi-modality interaction and fusion to generate
more saliency-related fusion features [21], which can be divided
into early fusion [14], [22], [23], middle fusion [12], [24], [25],
and late fusion [26]. Moreover, existing methods usually em-
ploy channel attention (CA) [27], spatial attention (SA) [27],
element-wise multiplication, and concatenation operations to
capture multi-modality interactions, which may not sufficiently
capture long-range interactions and generate comprehensive fu-
sion features for RGB-D SOD. In addition, these methods usu-
ally use Transformer-based or CNN-based backbones for fea-
ture extraction, and they do not explore Transformer for multi-
modality interaction and fusion. In fact, the powerful long-range
multi-modality interaction ability of Transformer has been suc-
cessfully explored in multiple multi-modality fusion fields (e.g.,
vision-language fusion tasks [28], [29]). Hence, the first issue
is motivated: how fo capture long-range multi-modality inter-
actions by employing Transformer between two modalities to
generate more comprehensive fusion features for RGB-D SOD?

(ii) Generally, a typical RGB-D SOD model consists of a deep
encoder-decoder trained with pixel-level BCE loss. The BCE
loss aims to classify each pixel into a specific class and does
not explicitly explore the relationships between pixels. How-
ever, a robust RGB-D SOD model should be able to obtain
highly discriminative pixel-level feature representations [30]
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Fig. 1. Idea of the proposed pixel-level contrastive learning. Current RGB-D
SOD models usually project salient or background pixels to an embedding space
without accounting for the relationships between pixels (i.e., inter-pixel discrim-
ination and intra-pixel compactness). Our proposed pixel-level contrastive loss
solves the two shortcomings and enhances the performance of RGB-D SOD.

with the advantage of exploring pixel-to-pixel relationships.
Specifically, an ideal RGB-D SOD model can obtain an em-
bedding space that can effectively cluster the representations
of pixels belonging to the same label while also increasing the
representation distances between pixels belonging to different
labels [31]. Such an embedding space can improve the perfor-
mance of RGB-D SOD. Therefore, the second issue is motivated:
how to promote compactness within embeddings of saliency or
background pixels while also encouraging discrimination be-
tween the saliency embeddings and background embeddings.
In other words, how to encourage strong relationships between
embeddings of intra-pixel and distinct relationships between em-
beddings of inter-pixel?

To address the two issues, we propose two solutions. For
the first issue, we propose a cross-modality interaction parallel-
Transformer (CIPT) module consisting of two improved par-
allel Transformers. Different from the standard Transformer,
long-range multi-modality interactions exist between the two
Transformers of CIPT, aiming to capture the global dependen-
cies between RGB and depth modalities to generate more com-
prehensive fusion features. Furthermore, we employ multiple
CIPT modules at different scales and present a hierarchical
multi-scale cross-modality fusion (HMCMF) module to learn
contextual semantics. Overall, CIPT strives to integrate more
multi-modality interactions into a holistic module to generate
more comprehensive fusion features.

For the second issue, empirical studies confirm that con-
trastive learning (CL) [32], [33], [34] is a beneficial solution to
match it. Specifically, we propose a novel label-based pixel-level
contrastive learning (PCL) to explore intra- and inter-pixel re-
lationships. Fig. 1 shows the workings of our proposed PCL.
Our PCL loss aims to pull the embeddings between pixels of
the same label closer while pushing away the embeddings be-
tween pixels of different labels in a joint embedding space. A
PCL-trained model can learn a representation space that pre-
serves intra-pixel compactness and inter-pixel discrimination.
Here, we employ t-SNE [35] to show the distributions of learned
fusion features without/with PCL loss in Fig. 2. Intuitively, the
results demonstrate that PCL tackles the second issue. Further-
more, inspired by recent advances in SOD [18], [36], [37], we
propose a lightweight LDNet and an edge-guided module in the
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Fig. 2. Representation distribution trained without/with the pixel-level con-
trastive loss on 929 labeled RGB-D images from the SIP dataset [14].

stage of RGB-D SOD encoder (introduced later in Section I1I). In
the decoding stage, we propose a simple progressive ladder de-
coder that fuses multi-stage features to output the final saliency
maps. Based on the above insights and investigations, we pro-
pose an asymmetric network (TPCL) that fully explores Trans-
former and contrastive learning to generate well-generalized and
discriminative fusion features for RGB-D SOD. The main con-
tributions can be summarized as follows:

e We propose an asymmetric network named TPCL for
RGB-D SOD by capturing comprehensive multi-modality
interactions and pixel-to-pixel relationships to improve de-
tection performance.

® We design a CIPT module to capture long-range multi-
modality interactions and generate more comprehensive
fusion features for RGB-D SOD.

e We present a PCL method for boosting RGB-D SOD. As
far as we know, we are the first to explore pixel-level con-
trastive learning for RGB-D SOD. Our proposed PCL can
learn an embedding space with inter-pixel discrimination
and intra-pixel compactness.

e Extensive experiments demonstrate that our proposed
TPCL achieves excellent performance against 15 state-of-
the-art RGB-D methods on seven public datasets.

II. RELATED WORK
A. RGB-D Salient Object Detection

Traditional RGB-D SOD methods usually utilize hand-crafted
features for RGB-D SOD [38], [39]. However, RGB-D SOD of-
ten struggles to perform well in complex scenes due to the lim-
ited representation abilities of hand-crafted features. Recently,
with the advancement of deep learning, CNN-based methods
have dominated the entire RGB-D SOD field [4]. In general,
RGB-D SOD aims to fuse features extracted from two modal-
ities to generate fusion features that carry saliency cues. Thus,
CNN-based RGB-D methods can be classified into three cate-
gories: early fusion [14], [22], [23], middle fusion [12], [24],
[25], and late fusion [26]. For example, Qu et al. [10] used
CNN to learn saliency cues from the generated hand-crafted
features, which can be classified into the first category. Exist-
ing CNN-based methods usually focus on the middle fusion
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strategy, which is attributed to the multi-level feature extrac-
tion capability of CNN. For instance, Chen et al. [12] developed
a progressive fusion network to fuse multi-level features from
each modality. Li et al. [40] proposed a novel hierarchical in-
teractions network to aggregate multi-scale features. To break
down the barriers between two modalities, Li et al. [41] proposed
an attention-steered interweave fusion network for sufficiently
capturing the cross-modality complementary features. Recently,
with the development of unsupervised/self-supervised learning
technology, some researchers exploited unlabeled information
for RGB-D SOD [42], [43], [44], [45]. Furthermore, most of
these methods usually adopted a symmetrical architecture to
fuse multi-modality features, i.e., used two identical backbones
for feature extraction. However, some researchers believed that
the architecture might ignore the difference between modalities
and proposed asymmetric networks for feature extraction. They
primarily designed a lightweight network for depth feature ex-
traction [36], [46]. In the past two years, with the wide applica-
tion of ViTs, some researchers have chosen Transformer-based
backbones for feature extraction and have achieved better per-
formance [18], [19], [20]. Motivated by these investigations, we
aim to take the Transformer one step further toward the goal of
improving RGB-D SOD performance. Therefore, we follow the
paradigm of middle fusion and propose an asymmetric network
(TPCL) for RGB-D SOD.

B. Vision Transformer

Transformer is originally presented for machine translation
tasks in natural language processing (NLP) [16]. The great
success of Transformer mainly benefits from the multi-head
self-attention (MHSA) mechanism, which can capture long-
distance dependencies between tokens. Thus, inspired by this
idea, Alexey et al. [17] naturally migrated the Transformer to
computer vision and proposed Vision Transformer (ViT) for im-
age classification. Nonetheless, since ViT has the disadvantages
of low output resolution, high computational complexity, and the
inability to provide multi-scale features, it is still challenging to
employ ViT directly in dense prediction tasks. Based on this,
Wang et al. [47], [48] proposed PVT as a pyramid architecture
backbone for various dense prediction tasks. PVT can gener-
ate global receptive fields and generate multi-scale feature maps
for dense prediction tasks. Moreover, to reduce computational
complexity, a representative Swin Transformer [49], [50] is pro-
posed. Swin Transformer employs window shift to reduce com-
plexity and achieve global-relationship modeling, which also
produces multi-scale features by stacking multiple Swin Trans-
former blocks. Recently, Wu et al. [51] plugged pyramid pool-
ing effectively into Transformer and proposed P2T, which also
achieved significant performance for scene understanding tasks.
Recent work in terms of the innovation of ViT is constantly
emerging, such as DeiT [52], T2T-ViT [53], CPVT [54], and
CVT [55]. In our work, we apply different Transformer-based
backbones to cooperate with our method to explore the effective-
ness of varying backbones for RGB-D SOD and demonstrate the
effectiveness of our method. More importantly, we successfully
explore Transformers for multi-modality interaction and fusion,
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which generate more comprehensive fusion features for RGB-D
SOD.

C. Contrastive Learning

Contrastive learning (CL) is a popular discriminative method
for self-supervised representation learning [32], [33], [56], [57],
[58], [59]. These methods usually regard an instance as an an-
chor, generate a data augmentation version of the instance as
a positive, and view other instances of a mini-batch as nega-
tives. In this case, the contrastive loss InfoNCE [58] is used for
training. Such a paradigm of instance discrimination can learn
a robust representation space for downstream tasks. However,
this paradigm is mainly dependent on batch size and consistency,
which requires a large computational resource. To this end, arep-
resentative work MoCo [32] is proposed, which builds a large
and consistent dictionary to cope with these two shortcomings.
Recently, Prannay et al. [34] proposed supervised contrastive
learning (SCL) for image classification. They effectively com-
bine contrastive learning with labels and extend the contrastive
loss to N positive-negative sample pairs to learn a more dis-
criminative representation space. Naturally, some researchers
explored contrastive learning for other tasks and achieved ex-
cellent performance, e.g., semantic segmentation [31] and lan-
guage pre-training [60]. For SOD tasks, improving inter-pixel
discrimination and intra-pixel compactness is crucial. Therefore,
we propose a novel pixel-level contrastive learning for RGB-D
SOD. Specifically, considering the nature of the class-agnostic
binary salient object detection task, we aim to design a more
fine-grained disentangled framework for RGB-D SOD. More-
over, inspired by the differences between SOD and semantic
segmentation, our proposed PCL approach avoids cross-image
pixel-level contrast. Therefore, we extend SCL [34] to the RGB-
D SOD task while reducing reliance on data augmentation com-
pared to previous works [31], [34], which further reduces com-
putational needs.

III. METHODOLOGY
A. Overview

As shown in Fig. 3, we propose an asymmetric network
(TPCL) for RGB-D SOD. Firstly, inspired by the asymmetric
structure [36] and Transformer-based backbones [18], we pro-
pose an asymmetric encoder to extract RGB and depth features.
Specifically, the encoder consists of an RGB stream and a depth
stream. RGB stream adopts the pre-trained Swin Transformer
V2 [49], [50] to extract hierarchical RGB features, and the depth
stream proposes a lightweight and efficient CNN-based network
(LDNet) without any pre-training to extract depth features. In
contrast, our encoder differs from the ones used in [36] and [18].
We use the Swin Transformer V2 as our RGB backbone, re-
ducing computational complexity and GPU memory consump-
tion compared with other Transformer-based backbones (De-
tails will be elaborated in Section 1V). Furthermore, the ex-
tracted multi-modality features are fed into two weight-shared
HMCMF modules to capture multi-scale multi-modality context
information in order to generate fusion features. Meanwhile, for
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Fig. 3.

Overall architecture of our proposed TPCL. TPCL consists of an asymmetric encoder, a hierarchical multi-scale cross-modality fusion (HMCMF) module,

an edge-guided module, and a progressive ladder decoder. TPCL includes the Swin Transformer V2 stream and the proposed LDNet stream for the encoding process.
Moreover, TPCL exploits two weight-shared HMCMF modules to fuse multi-modalities features. For the decoding process, the progressive ladder decoder fuses
multi-stage features and edge features to enhance generated saliency maps. More importantly, TPCL proposes a PCL loss to boost the training process.

capturing more comprehensive multi-modality interactions, we
propose a CIPT module to fuse the multi-modality features at
each scale. Finally, the obtained fusion features of each stage and
edge features generated by the edge-guided module are fed into
the progressive ladder decoder to output saliency maps. More
importantly, we are the first to explore pixel-level contrastive
learning for RGB-D SOD. Unlike previous contrastive learning
methods [32], [33] for representation learning, our PCL aims
to combine labels to promote compactness within embeddings
of saliency or background pixels while also encouraging dis-
crimination between the saliency embeddings and background
embeddings. which benefits RGB-D SOD. Therefore, we first
introduce our proposed PCL in the next subsection.

B. Pixel-Level Contrastive Learning

Current methods usually use BCE loss to train an RGB-D
SOD model. However, a BCE-trained model may not capture
intra-pixel compactness and inter-pixel discrimination. Thus,
we employ the proposed pixel-level contrastive learning (PCL)
to solve the issue. Inspired by the differences between SOD
and semantic segmentation, our proposed PCL approach avoids
cross-image pixel-level contrast [31]. Meanwhile, motivated by
the nature of the class-agnostic binary salient object detection

task, PCL provides a more fine-grained disentangled framework
for SOD. Specifically, we propose a novel PCL loss for RGB-D
SOD. As shown in Fig. 1, PCL aims to reduce the distance
between the embeddings of the foreground or background pix-
els while increasing the distance between foreground and back-
ground pixel embeddings. In other words, PCL encourages the
model to better separate the foreground and background pixels
in the embedding space.

Basically, let R € RM*wx3 denotes an RGB image, and D €
R*wx1 denotes a depth map. Let F € R"*®**4 denotes the
fusion feature output by the decoder before the projection head,
and the feature is /5 normalized. N, is the number of pixels with
class ¢ € {0, 1} in ground truth (GT) G; N¢ is the number of all
pixels in G; ff denotes a d-dimensional fusion feature vector

extracted from F at pixel p. Let 15¢ = 1[y$S = y&,p # ¢] and
epq = exp(fy - £3,7), in which yS and y$ are the class labels

of pixel p and ¢ in G, respectively. 7 denotes the temperature
hyperparameter. Thus, our proposed PCL loss can be defined as
follows

1 N€ 1 No+Ny o FF
— pq
£PCL - _NG Z NG Z ]lpq IOg N0+N1< FF)
p=1""95 q¢=1 k=1 pk
(D
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Fig. 4. Pipeline of PCL. The pink squares represent the similarity of positive
pairs, and the gray squares denote the similarity of negative pairs. First, a pair of
RGB and depth images are fed into the TPCL model to generate a fusion feature
tensor. Second, the tensor is resized and reshaped. Third, PCL calculates pixel-
pixel score maps (by dot product) between each anchor pixel and other positive
or negative pixels. The corresponding GT is resized and reshaped to generate a
mask for PCL, in which “1” denotes the positive pairs and “0” represents the
negative pairs. Finally, PCL uses (1) to calculate the loss between score maps
and masks.

Here, Lpc represents our proposed PCL loss. Nfg is the

number of pixels with label yf in G. In addition, since mini-
batch data is fed into a model for training, the final loss is the
average L p¢y, of all images in the mini-batch. To illustrate our
proposed PCL, Fig. 4 shows the entire pipeline.

Specifically, inspired by supervised contrastive learning [34],
we select positive and negative pixel pairs based on their corre-
sponding labels. To be precise, we consider a pixel as an anchor,
and all the pixels belonging to the same label are treated as pos-
itive samples. Conversely, the pixels that do not belong to the
same label are considered negative samples, forming numerous
positive and negative pairs. Therefore, we can calculate the sim-
ilarity between these pairs using dot products, where we aim to
increase the similarity of positive pairs and decrease the simi-
larity of negative pairs via our proposed PCL. In practice, due
to the limited memory of our GPU, we first resize the learned
fused features and GT before performing PCL.

C. Asymmetric Dual Stream Encoder

Recent methods usually choose a symmetrical dual-stream
structure, CNN-based or Transformer-based, for RGB-D
SOD [18], [40]. These backbones are pre-trained on Ima-
geNet [61] for model initialization. However, inspired by the
work of [36], [62], [63], we learn that there are intrinsic differ-
ences between RGB images and depth maps, and CNN can cap-
ture more depth and position information. Furthermore, saliency
prediction is dominated by RGB cues. RGB cues are more suit-
able for transfer learning on the pre-trained backbones. There-
fore, we adopt an asymmetric dual-stream encoder for RGB and
depth feature extraction.

1) RGB Encoder Based on Swin Transformer V2: Swin
Transformer outperforms pure ViT in tasks including image clas-
sification, object detection, and semantic segmentation, thanks
to its advantages of multi-scale modeling and linear comput-
ing complexity [49]. Additionally, Swin Transformer V2 (Swin
V2) [50], a new version of Swin Transformer, offers the merit
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of more reliable training while saving a significant amount of
GPU memory consumption. Thus, we use a Swin V2-based
backbone to extract multi-stage features for multi-modality fu-
sion. Specifically, given an input RGB image R, multi-stage
RGB features are extracted by Swin V2, which are denoted as
{Figb € Rhixwixdi | =1 2 3 4},

2) Depth Encoder Based on LDNet: Depth features usually
provide local spatial geometric details for salient object local-
ization. Moreover, most depth-related tasks (e.g., depth esti-
mation, optical flow) do not use ImageNet pre-trained back-
bones to fine-tune their models. Instead, they employ geometric
pre-training [64] or train the entire network from scratch. In ad-
dition, CNN-based networks can capture more local spatial fea-
tures compared with Transformer-based networks, for which we
consider that it is not necessary to use a large Transformer-based
backbone to process depth maps as in previous work [18]. There-
fore, we design a CNN-based network to extract depth features
as simply as possible. Shown as Fig. 3, we propose a randomly
initialized network to extract multi-stage depth features named
LDNet. To be specific, we first employ a stem part that con-
sists of 1 x 1 convolutional layer (denoted as Convy) and two
3 x 3 convolutional layers (denoted as Convs) to extract depth
features, and these layers are all equipped with a batch normal-
ization (BN) and a ReLU activation. Then, the learned depth fea-
tures are fed into three stages in turn. For each stage, it consists
of a 3 x 3 depth-wise (DW) convolution and a 1 X 1 point-wise
(PW) convolution with a BN and ReLU activation. Finally, for
the fourth stage, we exploit a Conv; layer to obtain the final
output. It is worth noting that these multi-stage depth features
maintain the same dimensions as those multi-stage RGB fea-
tures. Thus, multi-stage depth features are obtained, which are
denoted as {F% € Rhixwixdi | j =1 2 3 4},

In the above design, two key factors are considered. Specif-
ically, in previous works, the depth encoder of the asymmetric
structure typically adopts a lightweight manner, which can be
classified into two types: parallel [46] and serial structures [36],
[65]. The parallel structure first uses a stem to extract basic
depth features, followed by parallel convolution blocks to extract
multi-level features. In contrast, the serial structure, similar to
VGG [66], employs a serial structure to extract multi-level fea-
tures but with reduced channel numbers at each level to achieve
lightweight purposes. The former abandons pooling layers to
preserve the deep geometric structure, while the latter can learn
more semantic information from the deep structure. Moreover,
other researchers employ a tailored lightweight backbone [67],
[68] with a serial structure to extract depth features. Our LDNet
is similar to theirs. To maximize both advantages, we adopt a
serial structure while abandoning the pooling layer to preserve
the deep structure and semantic information.

D. Hierarchical Multi-Scale Cross-Modality Fusion Module

In multi-modality fusion, capturing more comprehensive
multi-modality interactions is beneficial for RGB-D SOD. In
addition, multi-scale fusion features are essential for RGB-D
SOD [40], [69], [70]. Thus, we propose an HMCMF module
to capture more comprehensive multi-modality interactions and
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Fig. 5. Overview of the proposed CIPT module.

multi-scale features. HMCMF mainly includes multiple CIPT
and FE modules, of which CIPT is the core. Here, we take the
HMCMF-1 as an example for the introduction. The top right
corner of Fig. 3 presents the details of HMCMF-1.

Specifically, given the RGB features F' o and depth features
F', of a certain stage i € {1,2,3, 4}, we first reduce the number
of channels of these feature maps to ¢; by employing multi-
ple Conv; layers. In addition, for the features in the last three
stages, we perform a double up-sampling operation to benefit
subsequent fusion operations. Then, the obtained RGB features
are separately fed into four different Convs layers with dila-
tion rates {D; | j = 1,3,5,7} to generate four different scale
features, which are denoted as

Frgn’ = Convy (FL,,),j € {1,3,5,7}. )

Similarly, the obtained depth features can be denoted as Fdé-.
Next, Frgb; € Rhixwixei/4 gpd Fdé- € Rhixwixei/4 gre fed
into the CIPT and FE modules to generate fusion features.
CIPT fuses RGB and depth features by capturing more com-
prehensive multi-modality interactions. Fig. 5 shows the de-
tails of the CIPT module. Specifically, given the j-th RGB
feature maps Frgbé € Rhixwixei/4 and the j-th depth feature
maps Fdé- € Rhixwixei/4 e first split them into fixed-size
patches with the size of 4 x 4, and the patches are reshaped
as 1-dimensional feature vectors for fitting the input form of
CIPT. Note that the feature vectors are added to learnable po-
sitional embeddings. Moreover, unlike a standard multi-head
self-attention (MSA) in Transformer, our MSA receives a query
@, akey K, and a value V, which are generated by two modali-
ties. They are represented as two sets of matrices Qr, Kr, Vr
and Qp, Kp, Vp. Therefore, our MSA can be formulated as

MSAgr_,p = Cat(heady, ..
MSAp_gr = Cat(heady, ..

.,head,,)W1 + I,
., head,, )Wy + 1, 3)
where head,, and head,,, are denoted as

head,, = CSA (Qr,Kp, VD),

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 26, 2024

headm = CSA (QD» KR, VR) . (4)
Thus, CIPTR_,p and CIPTp_,R are represented as

CIPTRHD = MSAR*}D + FFN(MSARHD),
CIPTp.,r = MSAp_,r + FFN(MSADHR). ®))

Here, MSA(-) denotes the MSA and CSA(-) represents the
cross-modality self-attention. I,.;; and I denote the input of
two modalities. FFN(-) denotes the feed-forward layer, and its
hidden layer dimension is set to 64 in our study. W; and W
denote linear projections. Cat(-) means the concatenation op-
eration. Thus, for the input Frgbé and Fdé-, the output can be
obtained as follows:

Fr_p: = RSP (LN (CIPTR D)),

Fp_g: = RSP (LN (CIPTp_R)), (6)

where LN(-) and PE represent layer normalization and posi-
tional embeddings, respectively. RSP(+) denotes patch partition
or reshape operations. Fp ~Di and F SR denote the obtained
fusion features.

In addition, since the obtained fusion features may contain
a modality tendency, we further propose an FE module to bet-
ter generate the final fusion feature at each scale. FE details are
shown in the upper right of Fig. 3. Specifically, for the two fusion
features Fr_,p: € Rhixwixei/4 and Fp_ g € RhPixwixei/4
they are first added to obtain the feature F; Then, we compute
the generated feature {FE; € Rhixwixei/4 | | c 1,2 3 4}}
by FE module as

FE;, =F, ® (F, ® SA (F, © CA (FY))). ©)

Here, CA(-) and SA(+) denote channel attention and spatial at-
tention, respectively. B, ®, and ® represent element-wise addi-
tion, channel-wise multiplication, and element-wise multiplica-
tion, respectively.

Furthermore, previous works [40], [69], [70] have demon-
strated that some additional residual connections are applied
to the multi-scale structure, enabling inter-scale interactions.
Therefore, FE;, of the previous scale is added to the RGB feature
of the current scale through residual connection to fuse context
information.

Last, all features {FE;, | k € {1,2,3,4}} are concatenated
and then fed into a Conv; layer to generate the fusion feature
F,. So far, the HMCMF modules have generated fusion fea-
tures at the four stages. Meanwhile, to reduce the parameters,
TPCL only uses two HMCMF modules with shared weights
and the number of layers and the number of heads of Trans-
former in each CIPT module is 1 and 8 (i.e., n = m = 8), re-
spectively. Note that the shared weight strategy should not be
implemented among the four HMCMF modules. Specifically,
there are two reasons: the first is that the low-level information
and the high-level information are represented inconsistently;
the second is that the resolution of the feature maps is different,
which makes it difficult for us to implement this strategy among
the four modules.
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Fig. 6. Overview of the proposed edge-guided module.

E. Edge-Guided Module

Previous work [18], [37] has demonstrated that learning ac-
ceptable edge features can help the model to localize and refine
salient objects in a scene. Moreover, since the low-level fea-
tures contain rich details, they usually exploit low-level features
with a tailored module to learn edge representations. Although
low-level details contribute more information to learning edge
features, they may carry non-edge coarse elements that affect
the learning process [71]. Therefore, we consider integrating
low-level and high-level semantic features for learning edge fea-
tures of salient objects.

Fig. 6 shows the schematic of our edge-guided module.
Specifically, the fusion features F'; and F', are used to learn edge
features. First, F'; and F4 are fed into two separate Convy layers
companies with up-sampling operations, respectively. Then, the
obtained features are concatenated to generate a new feature.
Next, the feature is fed into two successive Convs and Conv;
layers to learn an acceptable edge feature representation. The
process can be formulated as

Feqge, = Cat(d; (Convy (Fy)), 0y (Convy (Fy))),
Fedge = 6T (COHV1 ((ST (COHV3 (Fedget)))) s (8)

where 0(-) denotes the up-sampling operation and Fqge de-
notes the learned edge feature.

F. Progressive Ladder Decoder

Now, multi-level fusion features {F; | i € {1,2,3,4}} and
edge feature F.qg. are obtained. To this end, these features
should be fed into a tailed decoder to generate final saliency
maps. Thus, we propose a progressive ladder decoder to output
the desired saliency maps. The bottom right of Fig. 3 shows the
details of our decoder.

Specifically, our decoder employs a progressive aggregation
to integrate multi-level fusion features. Here, a progressive de-
coder module named PDM is first introduced. The module con-
sists of three successive Convs layers followed by a 2-fold
up-sampling operation. Taking the F; and F'5 as an example
to introduce the forward processes of our decoder. First, F4 and
F';5 are fed into two separate PDM modules, respectively. Then,
the obtained two features are added together to generate a new
feature. Next, the new feature is fed into two separate PDM mod-
ules, in which one is used to decode the current saliency map, and
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the other is used to aggregate the F'5 to participate in decoding
the next saliency map. In addition, the edge feature is aggregated
in the multi-level decoder progress by an element-wise multipli-
cation operation. In a word, given the multi-level fusion features
{F; | i€e{1,2,3,4}} and edge features Feqge, the decoder can
be formulated as follows:

S; = 6, (PDM (6; (PDM (F;) & PDM (F;_1)))),
C; = Convs (S; @ (Sy @ Sig (Fedge)))
S, = Convy (Cy), )

where PDM(-) denotes the proposed PDM module. Sig(+) rep-
resents the Sigmoid activation. {C; |l € {1,2,3}} is used to
calculate the PCL loss. Convy (+) is used as a projection head to
output the final saliency map {S, | o € {1,2,3}}. To this end,
our model can output three saliency maps. The saliency map S,
is used for the final evaluation result.

G. Hybrid Loss Function

Our model TPCL is trained by a hybrid loss function: pixel-
level contrastive loss £ pc 1, saliency loss Lg, and edge loss L.
The total loss is formulated as

L=09%Lpcr +01xLs+ LE. (10)
L g consists of Lpog and Ly 1. It can be defined as
Ls, = Lpcr (81,G) + LueL (S1,G),
Ls, = Lpcr (S2,G) + LurL (S2,G),
Ls, =Lpcr(S3,G)+ Lugrr (S3,G),
Ls=1xLg, +0.5x Lg, +0.5x Lg,. (11

Here, Ly gy represents the proposed enhanced loss in [72],
which can be used to optimize the foreground and background
independently. £pc g denotes the BCE loss that is defined as

GlogSe+ (1 —G)log(1—S,)
NG ’

Lpcr = (12)
where G is the corresponding GT.
L g is defined as

»CE' = w»CBCE' (chgc» chgc) + »CDice (chgm chgc) .
13)

Here, since the proportion of edge pixels in an edge map Gegge
is tiny, resulting in a distribution imbalance problem. Therefore,
we use weighted wL pc g to balance the distribution of pixels.
Additionally, we adopt a popular £ p;.. loss [73] for supervised
training, which may more effectively optimize the unbalanced
distribution for better edge supervision.

For PCL loss L pc ., it can be defined as

Lpcr, =1% Lpcr, (C1,G)

+ 0.5 x EPCLQ (CQ, G) + 0.5 x EPCL;; (Cg, G) .
(14)
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QUANTITATIVE RESULTS BETWEEN THE PROPOSED TPCL AND 15 STATE-OF-THE-ART METHODS OF STRUCTURE MEASURE (S, 1), MAX F-MEASURE (F3 1),
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TABLE I

MAX E-MEASURE (E¢ 1), AND MAE | ON SEVEN RGB-D DATASETS

Method | A2dcle  HDFNet TriTrans DCF DSA’F  CDNet  HAINet  JL-DCF  SPNet* VST RD3D* SSL DCMF  C°DFNet  SPSN ‘ Ours Ours®
190] 1721 [19] [84] [65] [91] [40] [1s1 1921 1201 193] [421 [46] [94] 1951
Seom CVPR ECCV MM CVPR CVPR TIP TIP TPAMI ccv 1ccv AAAI AAAI TIP T™MM ECCV
2020 2020 2021 2021 2021 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022
Input Size [256 x 256 320 x 320 256 x 256 352 x 352 256 x 256 224 x 224 352 x 352 320 x 320 352 x 352 224 x 224 352 x 352 256 x 256 256 x 256 256 x 256 352 x 352]256 x 256 256 x 256
e o VGG-16 [66] VGG-16 [66]  Res-50 [96]+ViT-B [17] Res-50 [96] VGG-19 [66] VGG-16 [66] VGG-16 [66] Res-101 [96] Res2-50 [97]  T2T-ViT-14 [53] 13DRes-50 [98]  VGG-16 [66] VGG-16 [66] Res-50 [96] VGG-16 [66]  Swin V2-B [S0] Swin V2-B [50]

VGG-16 [66]  VGG-16 [66] ~Res-50 [96}+ViT-B [17]  Res-50 (96]  DepthNet [36] ~ VGG-16 [66] ~ VGG-16 [66]  Res-101 [96]  Res2-50 [97) T2T-ViT-14 [53] I3DRes-50 [98]  VGG-16 [66]  DepthNet [46]  Res-50 [96]  VGG-16 6] LDNet LDNet
Sat | 0871 0.908 0920 0903 0.904 0918 0.909 0.902 0.925 0922 0916 0.909 0913 0.908 0918 | 0926 0925
Nk g | FB 1 0874 0911 0926 0905 0917 0918 0.909 0.904 0.935 0920 0914 0923 0915 0.909 0.921 0930 0930
B¢t | 0916 0944 0955 0943 0937 0.950 0.941 0.944 0.954 0951 0947 0.939 0.948 0.942 0952 | 0959 0.959
MAE | 0051 0.039 0.030 0038 0.039 0.036 0.038 0.041 0.028 0035 0.036 0.038 0.043 0.038 0.033 0.028 0.028
Sat | 089 0923 0928 0922 0918 0.929 0921 0.925 0.927 0932 0.930 0922 0922 0.928 0923 | 0936 0935
Npr 78| Fo 0.882 0917 0924 0910 0.906 0919 0.908 0918 0925 0920 0919 0923 0.906 0917 0912 0930 0930
Eet | 0944 0963 0966 0957 0952 0.960 0.954 0.963 0.959 0962 0965 0.960 0.954 0.961 0960 | 0970 0970
MAE| 0029 0.023 0.020 0.023 0.024 0.023 0.025 0.022 0.021 0.024 0.022 0.025 0.029 0.021 0.023 0.017 0.017
Sat | 0885 0.908 0933 0924 0921 0.930 0910 0.906 B 0943 0932 0.929 0928 0933 - | 0946 0936
purk (76| Eo T 0.891 0915 0946 0932 0938 0934 0.920 0910 - 0948 0939 0.947 0932 0.944 - 0956 0.946
Eet | 0928 0945 0966 0957 0956 0955 0.944 0.941 - 0969 0.960 0.958 0.958 0.964 N 0967
MAE| 0043 0.041 0025 0.030 0031 0029 0038 0.042 - 0.024 0031 0029 0035 0.025 - 0020 0024
Sat | 0879 0.900 0.908 0.905 0.897 0912 0.909 0.903 0.907 0913 0911 0.904 0910 0.902 0906 | 0920 0916
sTERE 75| FB 0.880 0.900 0911 0904 0910 0.907 0.909 0.904 0915 0907 0.906 0914 0.906 0.897 0.902 0922 0917
Eet | 0928 0943 0953 0948 0942 0.947 0.947 0.947 0.944 0.951 0.947 0.939 0.946 0.943 0945 | 0960 0.956
MAE| 0045 0.042 0033 0.037 0.039 0037 0038 0.040 0.037 0038 0.037 0.039 0.043 0.038 0.036 0029 0031
Sat | 0825 0.846 0.866 0.856 0.883 0.877 - 0.853 - 0.882 0.858 - 0.878 0.863 -] ose2 0.885
LESD 77 | BBt 0.828 0.858 0.870 0.860 0.889 0.879 0.863 - 0.889 0.854 0.875 0.867 - 0.888 0.887
Ect | 0866 0.889 0905 0903 0924 0911 0.894 0921 0.891 0.909 0.903 - | 0926 0918
MAE | 0084 0.085 0.066 0071 0055 0.061 0.077 0.061 0073 - 0.068 0.065 - 0.049 0.059
Sa® | 0829 0.886 0.886 0873 0.862 0.862 0.886 0.880 0.894 0.904 0.885 0.888 0.788 0.871 0892 | 0.902 0.900
SIP [14] Fg 1 0.834 0.894 0.899 0.886 0.891 0.888 0.903 0.889 0916 0915 0.889 0.909 0772 0.877 0.900 0922 0917
Ect | 089 0930 0930 0922 0911 0905 0927 0925 0.930 0.944 0924 0927 0.855 0916 0936 | 0946 0943
MAE | 0070 0.048 0043 0052 0057 0.060 0.048 0.049 0.043 0.040 0.048 0.046 0.107 0.053 0.043 0035 0.038
Sa® | 0886 0.926 0943 0916 0916 0.935 0.929 0.931 0.944 0943 0935 0.936 0.932 0.921 0936 | 0.941 0935
DES 79 | PREBL 0.872 0921 0941 0907 0915 0930 0924 0923 0.946 0940 0929 0939 0924 0916 0.938 0942 0935
Ect | 0920 0970 0981 0956 0954 0973 0.967 0.968 0.983 0978 0972 0978 0.968 0.960 0975 | 0977 0970
MAE| 0029 0.021 0014 0023 0023 0.020 0019 0.020 0014 0017 0019 0017 0023 0.020 0016 0015 0017

The best and second best are highlighted in red and blue in each column. “*”Denotes the model is trained on setting A. Transformer-based methods are highlighted in bold. “Res-50" and “Res2-50" denotes the ResNet-50 and Res2Net-50

backbones, respectively.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We perform our experiments on seven pop-
ular RGB-D SOD datasets to validate our proposed TPCL
model: NJU2K [74], STERE [75], DUT-RGBD [76], SIP [14],
LFSD [77], NLPR [78], and DES [79]. Existing work usually
has two widely used training settings:

A: 1485 samples from NJU2K [74] and 700 samples from
NLPR [78] for training [13], [80], [81];

B: 1485 samples from NJU2K [74], 700 samples from
NLPR [78], and 800 samples from DUT-RGBD [76] for train-
ing [36], [65], [68], [76], [82], [83], [84].

For fair comparisons with previous work, we train our model
on the two different settings respectively. We will report our
results on the two settings.

2) Evaluation Metrics: We evaluate our model and other
models by using five metrics: S-measure (S,) [85], max F-
measure ([3) [86], max E-measure (E¢) [87], mean absolute
error (MAE) [88], and precision-recall (PR) curve.

3) Implementation Details: Our model is trained on a sin-
gle NVIDIA GTX 3080Ti GPU with 12 GB of memory and
implemented with the PyTorch toolbox. During the training
and testing processes, the size of the input RGB images and
depth maps are resized to 256 x 256. We follow [18] to gen-
erate edge GT from saliency GT. Moreover, all images are
implemented with data augmentation (e.g., random flipping,
random cropping, random rotation, and color enhancement) to
avoid overfitting for training. The backbone network of the RGB
stream adopts the Swin V2 Base model [50] pre-trained on Im-
ageNet. The parameters of the depth stream and other compo-
nents are initialized with the default setting of PyTorch. We use

the AdamW [89] optimizer with 85 = (0.9,0.999), ¢ = 1le — 8,
and weight_decay = 1le — 4 to optimize our model. For our pro-
posed PCL, we set the hyperparameter temperature 7 as 0.3. In
addition, since the limited memory of our GPU and the quadratic
complexity of PCL, the learned fusion feature and GT are first
resized before computing the £pcr. We respectively use bi-
linear interpolation and nearest neighbor interpolation to resize
the feature map and GT to 52 x 52. The initial learning rate
is be — 5, and then follows the poly decay strategy that formu-
lates Ir = init;. X (1 — (curry/mazze,)P°"c" to adjust the
current learning rate, and power = 0.9. We train our model for
300 epochs with a batch size of 3, and the total time taken is
close to 24 hours when trained on Setting B.

B. Performance Comparison

We compare our proposed TPCL with 15 state-of-the-art
RGB-D SOD models, including A2dele [90], HDFNet [72],
TriTransNet [19], DCF [84], DSA®F [65], CDNet [91],
HAINet [40], JL-DCF [15], SP-Net [92], VST [20], RD3D [93],
SSL [42], DCMF [46], C>DFNet [94], and SPSN [95]. For fair
comparisons, we recalculate the max F-measure and E-measure
by the predicted saliency maps, pre-trained models, and codes
they provided.

1) Quantitative Comparisons: Table I reports the quantita-
tive comparisons in terms of S, Fj3, E¢, and MAE on seven
RGB-D datasets. From Table I, it can be clearly seen that our
TPCL notably outperforms all the compared methods on these
datasets, in which Setting B version of TPCL achieves the
best Fg values of 93.0%, 95.6%, 92.2%, and 92.2% on NLPR,
DUT-RGBD, STERE, and SIP datasets, respectively. Mean-
while, the Fg value of TPCL is slightly lower than DSAZ2F and
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Fig. 7.

VST by 0.1% on the LFSD dataset. On the NJU2K dataset, al-
though it is considered harder to identify salient objects due to
the inclusion of more low-contrast scenes, TPCL outperforms
almost all other models. This result demonstrates that our model
also generalizes well in complex scenes. In terms of the metrics
E¢ and MAE, both Setting B versions of TPCL achieve the best
performance on all datasets. In addition, on the LFSD and SIP
datasets, although TPCL performs slightly worse than DSA%F
and VST in terms of the metrics F¢ and MAE when trained on
Setting A, our model still has strong generalization capabilities
since it outperforms SPNet and RD3D under the same Setting
A. In terms of the metric S, both Setting A and B versions of
TPCL attain the best performance in all cases except for Setting
A version on the SIP dataset is slightly lower than VST by 0.2%.
Furthermore, compared with the Transformer-based models Tri-
TransNet [19] and VST [20], TPCL outperforms them in almost
all metrics. Also, we observe that Transformer-based methods
outperform CNN-based methods, which confirms that Trans-
former achieves better performance for salient feature learning.
Therefore, we apply Transformer to learn rich fusion seman-
tics between RGB and depth modalities, which benefits RGB-D
SOD tasks.

2) PR Curves: The PR curves of the proposed TPCL and the
other 15 state-of-the-art methods on the seven RGB-D datasets
are displayed in Fig. 7. The highest curve indicates the best
performance of the associated model. As we can see, TPCL
beats its competitors.

3) Qualitative Comparisons: To further show the effective-
ness of TPCL, Fig. 8 displays some representative saliency
maps between TPCL and 15 state-of-the-art methods in vari-
ous scenes. Compared with these state-of-the-art methods, our
method can successfully detect salient objects in these chal-
lenging scenes. Generally, in the cases of fine edges and details
(1st—2nd rows), our model can capture more fine-grained in-
formation, which indicates that edge-guided module and PCL

00 02

0%
Recall

(®

Recall

®

PR Curves of TPCL and 15 state-of-the-art models on the seven RGB-D datasets.

TABLE I
COMPARISONS OF FLOPS AND PARAMETERS

Method Backbone (RGB) Backbone (Depth) FLOPs (G)| Params (M)
A2dele [90] VGG-16 [66] VGG-16 [66] 41.86 30.34
HDFNet [72] VGG-16 [66] VGG-16 [66] 58.72 44.15
TriTrans [19] |Res-50 [96]+ViT-B [17]|Res-50 [96]+ViT-B [17]| 282.58 139.55

DCEF [84] Res-50 [96] Res-50 [96] 107.82 108.49
DSAZF [65] VGG-19 [66] DepthNet [36] 50.31 23.62
CDNet [91] VGG-16 [66] VGG-16 [66] 94.13 32.93
HAINet [40] VGG-16 [66] VGG-16 [66] 96.06 59.82
JL-DCF [15] Res-101 [96] Res-101 [96] 470.81 143.52
SPNet [92] Res2-50 [97] Res2-50 [97] 36.01 175.29
RD3D [93] I3DResNet-50 [98] I3DResNet-50 [98] 101.46 46.90

SSL [42] VGG-16 [66] VGG-16 [66] 143.97 74.17
DCMF [46] VGG-16 [66] DepthNet 102.33 58.94
C2DFNet [94] Res-50 [96] Res-50 [96] 11.08 51.61

SPSN [95] VGG-16 [66] VGG-16 [66] 53.17 37.04
Ours Swin V2-B [50] LDNet 212.02 129.47

For fairness, all the input images are resized to 256 x 256 for comparison.
The highest three results are highlighted in bold.

can facilitate TPCL to focus on the edge and pixel-level infor-
mation. Similarly, in the case of small objects and low con-
trast (3rd—4th rows), our model can localize the salient re-
gions better. Moreover, in the cases of low-quality depth maps
(bth—6th rows), large objects (7th—8th rows), multiple objects,
complex scenes, smooth edges, and complicated shapes (9th—
12th rows), our model exhibits robust generalization perfor-
mance in these scenes, which indicates the effectiveness of our
model. In particular, in the fifth row, the squirrel’s tail was
not labeled in GT, but our model still detected the unlabeled
tail.

4) Complexity Comparisons: We calculate FLOPs and pa-
rameters for all compared models, and the results are shown in
Table II below. For fairness, all the input images are resized to
256 x 256 for comparisons. Specifically, the results show that
our model is high in FLOPs and parameters. However, com-
pared with TriTrans [19], JL-DCF [15], and SPNet [92], our
model can achieve superior performance with fewer parameters
and FLOPs. Moreover, the computation cost mainly exists in the
Swin Transformer backbone (87.92 M Params).
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Fig. 8. Qualitative comparisons between TPCL and 15 recently state-of-the-art RGB-D SOD models. “*” denotes the visual results trained on Setting A. Our

TPCL is remarkable in some challenging cases: fine edges and details (1st—2nd rows), small objects, low contrast (3rd—4th rows), low-quality depth maps (5th—6th
rows), large objects (7th—8th rows), multiple objects, complex scenes, smooth edges, and complicated shapes (9th—12th rows).

TABLE III
ABLATION STUDIES ON THREE DATASETS, IN WHICH EG DENOTES THE
PROPOSED EDGE-GUIDED MODULE

Model| £.s| £ po 1| £ 1+ EG|CIPT|FE STERE [75] LFSD [77] DES [79]
Sa T Fpg T E¢ TMAE ||So T Fg 1 E¢ TMAE ||Sa T Fg T E¢ T MAE |
V1 | v V' [v/]0.915 0.916 0.956 0.033 |0.880 0.874 0.916 0.058 0.932 0.931 0.965 0.018
V2 | v v v |v']0.916 0.913 0.954 0.032 [0.885 0.885 0.923 0.054 |0.936 0.934 0.969 0.017
V3 | v v v |v']0.917 0.919 0.959 0.031 [0.892 0.889 0.929 0.049 [0.941 0.938 0.976 0.016
V4 | v v v v'{0.912 0.915 0.956 0.035 [0.883 0.882 0.918 0.058 |0.934 0.930 0.969 0.017
Vs | v v v v 0.919 0.920 0.959 0.030 |0.888 0.885 0.924 0.051 [0.938 0.935 0.974 0.016
Ours | v/ v v V' [v/]0.920 0.922 0.960 0.029 |0.892 0.888 0.926 0.049 |0.941 0.942 0.977 0.015

V1-V5 represents baseline, contrastive learning removed, edge guidance removed, CIPT module removed, and FE module
removed, respectively.
The best results of each column are highlighted in bold.

C. Ablation Studies

1) Effect of Each Component: To verify the effectiveness of
our proposed components in TPCL, we conduct multiple ab-
lation studies and generate different variants of TPCL to show
the effect of the proposed components. All ablation studies are
trained on Setting B.

Table IIT shows the effects of our proposed components tested
on STERE [75], LFSD [77], and DES [79]. We build a baseline
(the 1st row of Table III, denoted as V1), removing PCL and
edge-guided module with £ . We note that the baseline model
still achieves superior performance, attributed to the powerful
feature representation and fusion capabilities of the Transformer.
Next, we will conduct the following analysis:

a) Effect of the edge-guided module: To demonstrate the
effectiveness of the edge-guided module, we further perform
ablation studies on the edge-guided module. The ablation results

RGB Depth GT Ours

Fig. 9. Edge predictions of salient objects output by edge-guided module.
of the edge-guided module (denoted as V2) are shown in the
2nd row of Table III. We can learn that with the help of the
edge-guided module, the performance of TPCL is enhanced. We
do not specifically tailor acomplex module to learn edge features
to enhance saliency prediction as in previous works. Here, we
present several learned edge predictions in Fig. 9 to demonstrate
the effectiveness of the edge-guided module. Additionally, it
can be observed that our edge-guided module achieves superior
performance in learning salient object-related edge information
and refining salient object detection.

b) Effect of the proposed pixel-level contrastive learning:
To demonstrate the effectiveness of the proposed PCL, we con-
duct ablation studies by adding this component base on the base-
line. The ablation results (denoted as V3) are displayed in the 3rd
row of Table ITI. We can see that although the performance of V3
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(b) with Lpcp,

(a) without Lpcp,

Fig. 10. T-SNE visualization of fusion features of the four datasets learned
without (a) pixel-level contrastive loss [i.e., Lpcy, in (1)] and with Lpop,.
(b) Embeddings are colored according to labels.

is slightly higher than that of the baseline, there is still a particular
gap compared with the entire TPCL, indicating that PCL leads
to performance improvements. Furthermore, to more intuitively
show the role and effectiveness of PCL, we use t-SNE [35] to vi-
sualize the learned fused feature distributions (extracted before
the final 1 x 1 convolutional layer, i.e., feature C;). In practice,
since the number of pixels is large, we visualize the distributions
by computing the mean of the embeddings of the saliency pixel
set and the background pixel set for each sample.

Fig. 10 shows the distributions of saliency and background
embeddings. We can clearly see that exploiting the proposed loss
L pcr, to participate in the training of TPCL can learn discrimi-
native fusion representations better. Specifically, the representa-
tions learned by £ p 1, contain the intra- and inter-relationships
between pixels. Moreover, it can be observed that the embed-
dings of the same label are clustered more compactly, and the
boundary line between the saliency pixels and the background
pixels is also more highlighted. Hence, PCL can improve the
capability of discriminative fusion representation learning and
explore the relationships between pixels, which significantly
boosts RGB-D SOD.

c) Effects of the proposed CIPT and FE modules: We per-
form ablation studies to demonstrate the impact of CIPT and
FE modules. The 4th and 5th rows (denoted as V4 and V5) of
Table III display the quantitative results. The numerical metrics
show that the performance will decrease when these two mod-
ules are removed. Significantly, when the CIPT module is re-
moved, the performance drops dramatically. The results demon-
strate the ability of CIPT to effectively capture the semantic in-
teractions between the two modalities, thereby generating com-
prehensive fusion features. Additionally, the findings suggest
that the Transformer can be utilized for fusing multi-modality
features and achieving superior performance.

d) Effects of the residual connections in HUCMF Mod-
ules: Since previous works [40], [69], [70] have demon-
strated that some additional residual connections are applied
to the multi-scale structure, enabling inter-scale interactions.
Therefore, we follow the residual connection manner in the
HAINet [40], in which the fused features of the previous scale
are added to the RGB features of the next scale, which can
achieve depth feature purification and RGB feature enhance-
ment. This manner can achieve robust detection in the presence

1021

(a) +RGB (Ours) (b) +Depth (c) +All
Fig. 11.  Structures of three residual connection manners. (a) “+RGB” means
that FEj + F,.4p. (b) “+Depth” means that FE; + F4. (¢) “+All” means that

FE; + Frgb and FE + Fy.

g A

RG] Depth +RGB (Ours ;

Fig. 12.  Comparison of three different residual connections.

TABLE IV
EFFECTS OF DIFFERENT INPUTS ON EDGE-GUIDED MODULES

— STERE [75] LESD [77] SIP [14]
s Sa 1 Fs 1 Ec 1 MAEL|Sq 1 F5 1 Ee 1 MAEL|S, 1 Fs 1 Ee T MAEL

Fi1+F2 0.918 0.919 0.957 0.031 [0.887 0.887 0.922 0.053 {0.903 0.921 0.945 0.037

F; +F3 0.921 0.922 0.960 0.029 |0.885 0.880 0.920 0.053 |0.903 0.922 0.946 0.037

F1 4+ F2 + F3 + F4[0.921 0.924 0.960 0.028 |0.890 0.890 0.925 0.051 [0.904 0.921 0.946 0.036
F; + F4 (Ours) [0.920 0.922 0.960 0.029 |0.892 0.888 0.926 0.049 |0.902 0.922 0.946 0.035

The best results are highlighted in bold.

of low-quality depth maps. Here, to further investigate its effec-
tiveness, we conduct three residual connection manners (i.e.,
FE, +F,y, FE, +Fy, and FE;, + F, 4, and FE;, + Fy).
The structures of three manners are shown in Fig. 11.

Therefore, we also conduct ablation studies based on the three
manners. In the case of two low-quality depth maps, the de-
tection effects of the three methods are compared as shown in
Fig. 12. For the two scenes, the low-quality depth maps fail to
provide valuable distance cues. However, it can be seen from
the figure that using the first method, the detection effect will be
better. Therefore, the obtained FEy, feature is added with FE,.4;,
feature, not with others.

e) Effects of the different inputs on edge-guided module:
We consider learning edge features from the perspective of in-
puts. Previous works [18], [37] usually use low-level features to
learn edge representations. However, low-level features may in-
troduce many non-object edge features [71]. Therefore, we use
low-level and high-level features to learn edge features, which
can fuse pixel-level and semantic-level information simultane-
ously. Here, we perform multiple ablation studies to demonstrate
the effectiveness of the inputs. The results are presented in Ta-
ble IV below.

The above results show that the combination of low-level
features and high-level features can achieve better results than
the combination of lower-level features F'; 4+ F», and the com-
bination of F1 + Fo + F3 + F4 and F; + F4 both achieve
better performance. However, compared to the combination
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TABLE V
EFFECTS OF THE WEIGHT-SHARED STRATEGY BETWEEN THE HMCMF
MODULES
STERE [75] LFSD [77] SIP [14]

Wi Sa 1 Fs 1 Ee £ MAEL|Sa 1 Fs 1 B¢ 1 MAEY|Sq 1 Fp 1 Be 1 MAE|

No-weight-shared [0.920 0.921 0.959 0.029 {0.894 0.896 0.928 0.049 [0.901 0.919 0.944 0.037
weight-shared (Ours)|0.920 0.922 0.960 0.029 |0.892 0.888 0.926 0.049 |0.902 0.922 0.946 0.035
The best results are highlighted in bold.

TABLE VI
ABLATION RESULTS OF DIFFERENT BACKBONES

STERE [75] LFSD [77) SIP [14]
Sa? Fst E¢? MAE| Sat Fst Eet MAEL|Sat Fs1 Ec? MAE)
fc -Based Methods

Methods RGB Depth | Input size

Res:50 [96] | Res-50 [96]

TriTransyngoy 19) 256 x 256 | 0.908 0911 0953 0033 0866 0.870 0905 0.066 | 0.886 0.899 0.930 0.043

VIT-B [17) VIT-B [17]
VSTiceyay [20] |T2TVIT14 53] T2T-ViT-14 [53]] 224 x 224 | 0913 0.907 0951 0.038 ‘O.SXZ 0.889 0921 0.061 | 0904 0915 0944 0.040
224 x 224| 0908 0907 0952 0035 0880 0883 0921 0058 | 0.904 0910 0948 0.036
256 x 256| 0.920 0918 0956 0029 | 0.888 0.884 0925 0.051 | 0894 0913 0941 0.040
256 x 256 | 0.918 0917 0957 0030 0891 0.893 0.930 0.047 | 0.897 0912 0940 0.040
256 x 256 | 0.920 0922 0960 0029 |0.892 0888 0926 0.049 | 0902 0922 0946 0035
CNN-Based Methods
VGG-19 [66] | DeptiNet [36] | 256 x 256 | 0.897 0910 0942 0.039 0.883 0.889 0924 0.055 | 0.862 0.891 0911 0.057
Res250197) | Res250197) |52 x 352 0907 0915 0944 0037 | - - - 0894 0916 0930 0.043
VGG-16 (661 | Depinver (461 | 256 x 256 0.910 0906 0.946 0043 0878 0875 0909 0068 | 0788 0772 0855 0.107
C2DFNetryp2 [941] Res-50 [96] Res-50 [96] | 256 x 256 [ 0.902 0.897 0.943 0.038 ‘ 0.863 0.867 0.903 0.065 | 0.871 0.877 0916 0.053
SPSNceyan 1951 | VGG-16 [66] | VGG16 (66] |52 x 352] 0.906 0902 0945 0.036 - - 0.892 0900 0936 0.043
256 x 256 [ 0.902 0.898 0941 0.039 ‘0356 0.856 0.895 0.071 |0.884 0.889 0.926 0.048
256 x 256 | 0.907 0.905 0.948 0.036 0870 0.868 0.909 0.062 |0.887 0.897 0929 0.044
256 x 256 | 0903 0898 0943 0.040 |0.866 0868 0911 0.064 | 0.887 0896 0929 0.046
256 x 256 [ 0.913 0912 0952 0.035 0873 0.866 0909 0.060 | 0.896 0.913 0.941 0.041
0.77% 1.10% 0.84% lT.ll‘X‘Z.lX‘X 2.54% 1.87% 18.33%|0.67% 0.99% 0.53% 14.63%

[rorvitia s3] LoNer

PITB [51] LDNet
Ours PVEV2B (48] LDNet
swin V2B (50| LDNet

z
DsA%Feypral
SPNetycvar 1921
DCMFrypy; (461

VGG-16 166] | LDNet
Res:50 [96] LDNet
VGG-19 [66] | LDNet

Ours

Re250(97) | LN
A gains (Transformer vs CNN)

Swin V2-B, PVT-V2-B, and P2T-B denote the swin V2 base, PVT-V2-B2-linear, and P2T-base backbones,

respectively. “Res-50" and “Res2-50" denote the ResNet-50 and Res2Net-50 backbones, respectively. “A gains™

represents the performance gains of the best result obtained with swin compared to the best result obtained with

CNN-based backbones.

The best results of each column are highlighted in bold.

of F1 +Fs + F3 + F4, the combination of F; + F4 con-
sumes less computational cost, so we choose the combination
of F1 + Fy4.

f) Effects of the weight-shared strategy between the HM-
CMF moudles: In our work, to reduce the parameters as much
as possible, we implement a weight-shared strategy between the
first and second HMCMF modules and another weight-shared
strategy between the third and fourth HMCMF modules. To
demonstrate the effectiveness of this strategy, we add an ab-
lation study (with no weight shared between these modules),
i.e., using four independent HMCMF modules. The results are
shown in Table V below, which proves the effectiveness of the
strategy and basically achieves consistent performance without
increasing extra parameters.

2) Effects of Different Backbones: We conduct multiple ab-
lation studies with different backbones to explore further the
effects of our proposed LDNet and components, which demon-
strate our methods can support different backbones. Specif-
ically, we replace our backbones with some representative
Transformer-based and CNN-based backbones for comparison
with our results. For Transformer-based backbones, we choose
PVT-V2-B2-Linear [48], P2T-Base [51]. For the CNN-based
backbones, we choose the ResNet-50 [96], Res2Net-50 [97],
VGG-16 [66], and VGG-19 [66] for comparison. Note that
since the feature dimensions extracted by each backbone are
different, we adjust the hyper-parameters (e.g., hidden layer di-
mension and patch size) and retrain all Transformer-based and
CNN-based models to ensure optimal performance. The results
are presented in Table VI below.

As can be observed from the quantitative results in Table VI,
the Transformer-based backbones perform better than the CNN-
based backbones. The results demonstrate that Transformer per-
forms feature extraction and long-range modeling dependencies

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 26, 2024

TABLE VII
ABLATION RESULTS OF ASYMMETRIC AND SYMMETRIC ARCHITECTURES

N STERE [75] LFSD [77] SIP [14]
Architecture  RGB PePh 5, 1 Fy 1 Be 1 MAEL|Sa 1 Fa © Be T MAEL|Sa 1 Fa 1 B¢ T MAEL
Symmetric [Swin V2-B [50] |Swin V2-B [50}{0.918 0.921 0.959 0.030 |0.886 0.884 0.923 0.053 [0.905 0.922 0.946 0.036
A*(ygu“:z;"“ Swin V2B (501 LDNer 0.920 0.922 0.960 0.029 |0.892 0.888 0.926 0.049 [0.902 0.922 0.946 0.035
Symmetric | Res-50 [96] Res-50 (96] |0.897 0.901 0.947 0.039 |0.872 0.876 0.915 0.060 [0.890 0.902 0.932 0.044
Asymmetric

Res-50 [96] LoNet 0.907 0.905 0.948 0.036 (0.870 0.868 0.909 0.062 |0.887 0.897 0.929 0.044

(Ours)

Symmetric | VGG-16 [66] | VGG-16 [66] |0.894 0.890 0.937 0.044 |0.847 0.844 0.886 0.075 |0.887 0.896 0.927 0.049

Asymmetric
(Ours)

Swin V2-B denotes the swin V2 base backbone. “Res-50 denotes the ReSnet-50 backbones.
The best results of each column are highlighted in bold.

VGG-16 [66] LDNet  0.902 0.898 0.941 0.039 (0.856 0.856 0.895 0.071 |0.884 0.889 0.926 0.048

better than CNN. Specifically, in terms of comparison of differ-
ent Transformer-based backbones (see the 7th, 8th, and 9th rows
of Table VI), the Swin V2 version of our method slightly outper-
forms the PVT-V2 and P2T versions. The results indicate that
Swin Transformer can capture more useful information com-
pared with PVT-V2 and P2T in RGB-D SOD tasks. Further-
more, it is worth mentioning that the time consumption of P2T
version is more than twice as much as the PVT-V2 and Swin V2
versions to train our proposed methods. The possible reason is
that P2T uses a lighter Hardwish activation and training mem-
ory usage is an additional 52% compared with the typical GELU
activation [51]. Moreover, to make a fair comparison, we follow
the approach of VST [20] by using T2T-ViT-14 as the backbone
network to extract the two scale features of the stem and the
output of the last two layers and then incorporate our method to
provide the experimental results. The results demonstrate that
our method incorporated with T2T-ViT-14 achieves compara-
ble performance with fewer parameters (61.45 M vs. 83.83 M)
than VST. Notably, all of our versions based on the Trans-
former architecture exhibit superior performance compared to
other state-of-the-art Transformer-based models, such as Tri-
Trans [19], which demonstrate the effectiveness and flexibility
of our method. Moreover, from the comparison of CNN-based
methods (see the last four rows of Table VI), we can see that
our method outperforms other state-of-the-art methods, except
that the metrics on the LFSD dataset dropping slightly when
compared to DSAZF [65] but is higher than DCMF [46] and
C?DFNet [94]. The results demonstrate that our proposed com-
ponents can cooperate with CNN-based backbones better and
further verify the scalability and superiority of our method.

3) Effects of Asymmetric and Symmetric Architectures: We
conduct several ablation experiments to investigate the effec-
tiveness of our approach using both asymmetric and symmet-
ric architectures and demonstrate the effectiveness of the pro-
posed lightweight backbone LDNet. We selected Swin V2-B,
ResNet-50, and VGG-16 as our backbones, and the results of
these experiments are presented in the following Table VII. Note
that since the feature dimensions extracted by each backbone are
different, we adjust the hyper-parameters (e.g., hidden layer di-
mension and patch size) and retrain all CNN-based models to
ensure optimal performance.

In terms of comparison of asymmetric and symmetric archi-
tectures, both Transformer-based and CNN-based asymmetric
and symmetric architectures achieve comparable performance
on the datasets, which demonstrates that our method works for
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Fig. 13.
into PCL pre-training and saliency prediction fine-tuning. (b) One-stage training
synchronizes PCL and saliency prediction (our method in this study). The
projection head denotes 1 x 1 convolutional layer.

Two kinds of training strategies. (a) Two-stage training is divided

TABLE VIII
COMPARISON RESULTS OF TWO DIFFERENT TRAINING STRATEGIES

STERE [75] LESD [77] SIP [14]

Training Stralegy| g 1+ gy 1 Ee 1 MAE {|Sa 1 Fjs T Ec 1 MAE J|Sa 1 Fs 1 Ee T MAE |

O?fl'lsr‘;ge 0.920 0.922 0.960 0.029 (0.892 0.888 0.926 0.049 |0.902 0.922 0.946 0.035
Two-stage  |0.918 0.019 0.957 0.031 [0.891 0.887 0.927 0.051 [0.903 0.919 0.947 0.036

both architectures. Moreover, The comparisons demonstrate the
effectiveness of our proposed LDNet. It further indicates that
exploring a lightweight random initialized backbone can extract
depth features to incorporate with RGB features for a better
saliency prediction. Based on the above analysis, we consider
that it is unnecessary to utilize a large network for depth feature
extraction, and it can be replaced with a lightweight network.

4) Effects of Different Training Strategies: In general, con-
trastive learning is used for visual representation learning, re-
sulting in a robust pre-trained model for various downstream
tasks (e.g., image classification [32], [33]). Therefore, we inves-
tigate the impacts of two different training strategies on RGB-D
SOD, which is shown in Fig. 13.

The first strategy we proposed is the two-stage training strat-
egy, which first pre-trains the entire model with our PCL loss
Lpcr, and then fine-tunes the pre-trained model with the
saliency loss Lg (see Fig. 13(a)).

The second strategy is the training method used in our work,
which employs a one-stage strategy for training. To be specific,
the strategy uses the contrastive loss £ p¢, and saliency loss Lg
simultaneously to train the entire model (see Fig. 13(b)).

We report the comparison results of two kinds of training
strategies of our proposed model in Table VIII. From Table VIII,
it can be observed that one-stage training achieves a slight per-
formance improvement than two-stage training. We consider
the possible reason for this is that the two-stage strategy may
pull away the pixel embedding distribution (which contains
inter-pixel discrimination and intra-pixel compactness) obtained
in the first stage, while the one-stage strategy does not. Simi-
lar one-stage training methods have identical applications and
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Fig. 14.  Visualization of saliency maps output by an untrained projection head
(1 x 1 convolutional layer).

TABLE IX
COMPARISONS WITH SOTAS RGB-T SOD METHODS ON THREE DATASETS

Dataset MetricMIDDs; [100]JECFFNet2; [101]CSRNet2; [102]TNetas [103] Ours
Sat| 0871 0.877 0.885 0899  0.896

Fyt| 0851 0.834 0.858 0.888  0.884

VIB2LI06] 7+ o918 0910 0923 0938  0.939
MAEJ  0.045 0.034 0.038 0030 0032

5. 1| 0915 0923 0918 0929 0936

Fyt| 0913 0917 0.908 0930  0.940

VI1000 [104) 17 4| 957 0.959 0953 0966  0.974
MAEJ  0.027 0.021 0.024 0021  0.016

5o 1 0.868 0874 0.868 0895 0.905

Fyt| 0849 0.848 0.837 0.881  0.895

VIS000 [105) ;5 4| 0920 0.921 0.914 0937 0951
MAEY  0.043 0.038 0.042 0033 0.026

The best results are highlighted in bold.

conclusions in other contrastive learning tasks [31], [60]. Ad-
ditionally, we show four visual saliency examples of two-stage
training to demonstrate the effectiveness of PCL and two-stage
training. Specifically, after the first pre-training stage, we add
an untrained projection head (1 x 1 convolutional layer) to
predict the saliency map.

Fig. 14 displays four examples of saliency maps output by an
untrained projection head (the 4th column is the obtained out-
put). It can be clearly seen that the pre-trained model trained
using only the PCL loss Lp¢, is able to detect salient objects
well, even including some details, which further demonstrates
the effectiveness of our proposed pixel-level contrastive learn-
ing.

D. Application to RGB-T SOD Task

Recently, different Transformer fusion methods for RGB-X
semantic segmentation tasks have emerged and achieved supe-
rior performance [99]. To this end, to demonstrate the gener-
alization performance of our method, we also apply TPCL for
RGB-Thermal (RGB-T) SOD. The comparison results with re-
cent SOTAs [100], [101], [102], [103] prove that our method can
also be applied to the RGB-X SOD tasks. The performance com-
parisons are shown in Table IX below, and the results confirm
the effectiveness of our method. Our method performs the best
on the VT1000 [104] and VT5000-test [105] datasets, which
demonstrates the robustness and generalizability of TPCL for
RGB-T SOD tasks.
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Fig. 15.

Visual examples of failure cases.

E. Discussion

1) Failure Cases: we show several representative examples
in Fig. 15 below. It is difficult to locate salient objects in the fol-
lowing aspects perfectly: 1) Shows sharp contrast but not salient
objects. In the first scene (See the top two rows of the figure),
although the foreground objects have sharp contrast with the
background and have high-quality depth maps, they are not re-
ally salient objects. Therefore, this ambiguity makes it difficult
for our model to detect red signs and yellow number symbols.
2) Salient objects are occluded, especially in low-light condi-
tions (See the bottom two rows of the figure). Our model fails
to accurately detect multiple salient objects when the objects
are occluded by the other objects (e.g., the fence). In particu-
lar, the third example shows how difficult it is for the model to
recognize salient objects when the objects are in low-light condi-
tions. However, our model is biased toward detecting a person in
brighter regions. Our model is also unfriendly to salient objects
in low-light regions.

2) Limitations and Future Works: we have identified three
limitations that warrant further investigation. Firstly, while our
proposed Pixel-level Contrastive Learning (PCL) has demon-
strated promising results, it currently relies on pixel-level labels
and is not applicable to RGB-D SOD for semi-supervised or
unsupervised learning. Recent studies have shown that there is
a growing interest in unsupervised or semi-supervised RGB-D
SOD, and therefore, it is imperative to explore how our PCL
approach can be adapted to accommodate these scenarios. Sec-
ondly, our approach has only utilized contrastive learning to dis-
criminate pixel-level feature representations and has not taken
into account the semantic-level feature representations. In other
words, for the high-level semantic features extracted from back-
bones, we believe that the two modalities should be consistent at
the semantic level. Therefore, contrastive learning can be used to
pull the semantic-level feature representations of the two modal-
ities closer. We argue that a shared backbone can be used for
feature extraction when pulling the semantic-level feature rep-
resentations closer. Thirdly, our proposed model is data-driven,
meaning that its generalization ability is enhanced with larger
amounts of data. Specifically, our results show that the model’s
performance in Setting B is superior to that of Setting A. In short,
using contrastive learning and Transformer for RGB-D SOD is
still worth exploring.

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 26, 2024

V. CONCLUSION

In this article, we propose a TPCL network to boost RGB-D
SOD via Transformer fusion and pixel-level contrastive learn-
ing. Different from previous fusion methods, we exploit Trans-
former to capture multi-modality interactions better, which gen-
erates more comprehensive fusion features. Additionally, in
terms of intra- and inter-pixel relationships, although an RGB-D
SOD model trained by cross-entropy loss can achieve superior
performance, it cannot obtain a well-structured and robust em-
bedding space. Therefore, we propose a novel PCL algorithm
that preserves intra-pixel compactness and inter-pixel discrim-
ination in an embedding space. Experimental results on seven
public datasets demonstrate the effectiveness of our method. In
the future, we plan to explore a contrastive learning method for
RGB-D representation learning and improve our PCL for RGB
SOD.
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