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Cross-modal Depth-privileged Knowledge Distillation for Underwater
Salient Object Detection with Only RGB Images
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Abstract— Existing studies on RGB image-based underwater
salient object detection (SOD) have made satisfactory progress.
But using the single RGB modality is prone to degradation
under challenging lighting conditions in underwater environ-
ments. So, many researchers resort to multi-modal data fusion
to improve the detection performance. However, most exist-
ing multi-modal methods employ a dual-encoder architecture,
which increases computational complexity, imposing high re-
quirements on model deployment in real robots. To provide
a solution to this issue, this paper proposes to transfer the
capabilities of an RGB-Depth (RGB-D) multi-modal fusion-
based network to a lightweight student network that uses only
RGB images through knowledge distillation. Specifically, we
use an existing RGB-D network as the teacher network, and a
lightweight single-RGB-modal network as the student network.
The decoder of the student network is designed with a dual-
branch structure, with each branch dedicated to learning the
feature extraction capabilities of the teacher network for the
RGB data and the depth data. Experimental results on a public
dataset demonstrate our effectiveness to improve the detection
performance of the single-modal student network compared
with supervised learning.

I. INTRODUCTION

Underwater scene understanding is important for marine
resource exploitation and underwater search and rescue [1].
As a fundamental task in scene understanding, salient object
detection (SOD) provides support for target recognition and
tracking, and has attracted increasing attention in the com-
puter vision research community [2]. Currently, underwater
SOD based on RGB images has been extensively studied [3].
However, most existing methods are prone to be degraded
under challenging underwater lighting conditions caused by
factors, such as water turbidity and color shifts [4], etc. To
address this problem, many researchers have proposed multi-
modal fusion methods (e.g., fusing RGB with depth data)
to improve the detection performance [5]-[7]. The multi-
modal methods leverage the strengths of different modalities
to enable complementary feature learning [8]-[10].

However, most existing multi-modal methods employ a
dual-encoder parallel architecture [5], [7], [11]-[18]. While
this improves detection performance, it increases the amount
of model parameters and computational cost, which imposes
challenges for underwater robots with limited computational
resources. To provide a solution to this issue, this paper
proposes a cross-modal knowledge distillation framework
for underwater SOD. The framework aims to transfer the
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capabilities of a multi-modal RGB-depth (RGB-D) fusion
network to a single-RGB-modal network, thereby improving
the detection performance of the single-modal network and
avoiding the additional computational load caused by using
the multi-modal network.

Specifically, our method employs a high-performance
RGB-D network as the teacher network, and a lightweight
RGB-only network as the student network. Through a knowl-
edge distillation strategy, the accurate detection capabilities
of the teacher network are transferred to the lightweight stu-
dent network. In the student network, a dual-branch structure
is proposed to separately learn the feature extraction capabil-
ities for the RGB data, as well as the supplementary feature
extraction capabilities for the depth data from the teacher
network. Experimental results demonstrate that the proposed
framework effectively improves the detection performance of
the single-RGB-modal network compared with supervised
learning, and our student network outperforms classical
networks. Our code is open-sourced!. The contributions of
this paper are summarized as follows:

« We propose a cross-modal distillation framework to
transfer the capabilities of an RGB-D fusion network
to a single-RGB-modal network, thereby improving the
detection performance of the single-modal network.

- We propose a two-branch strategy in the student network
to separately learn the feature extraction capabilities of
the teacher network for both the RGB and depth data.

The remainder of this paper is organized as follows.
Section II reviews the related work. Section III presents the
details of our proposed framework. Section IV describes the
experimental results. The last section concludes this paper.

II. RELATED WORK
A. Underwater SOD

Many methods have been proposed for underwater SOD
through multi-modal data fusion. For example, Zhou et. al
[11] introduced the segmentation anything model (SAM)
and designed a region-aware attention collaborative learning
strategy to improve the performance of RGB-D SOD task.
The RGB images are fed into SAM and the RGB-D images
are feed into proposed auxiliary network to generate mask
prompts for the SAM. Ma et. al [9] designed a multi-modal
fusion dataset for underwater SOD with RGB images and
polarization images. They designed a cross-modal fusion
module based on Mamba [21] for fusing the features of RGB
and polarization images. Liu et. al [4] proposed transmission

'mttps://github.com/lab-sun/CDKD-SOD
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Fig. 1: The overview of our framework. The teacher network is PotCrackSeg [19]. The main structure of the student network
draws on the RGB stream of PotCrackSeg. The student network uses SegFormer-BO [20] for feature extraction, whereas
PotCrackSeg uses SegFormer-B2 [20]. The figure is best viewed in color.

maps from RGB images to improve the performance of
underwater SOD. They treated the transmission maps as
modality data that are used to fuse with RGB images. Zha et
al. [10] proposed a heterogeneous expert strategy to improve
the performance of underwater SOD based on the frequency
of feature maps.

Although multi-modal fusion is able to improve the per-
formance, the dual-encoder architecture used in the multi-
modal methods increases the computational load, placing
high demands on their practical deployments.

B. Cross-Modal Knowledge Distillation

Knowledge distillation is commonly used to reduce the
amount of model parameters while maintaining model per-
formance [22], [23]. In recent years, with the development
of multi-modal research, cross-modal distillation has been
widely employed to transfer knowledge from multi-modal
networks to single-modal networks, thereby improving the
performance of the single-modal networks [24].

For example, Feng et al. [25] designed a Knowledge
distillation framework to transfer the edge detection ca-
pability from an RGB-thermal network to a thermal-only
network. Liu et al. [24] proposed a frequency-decoupled
strategy to transfer knowledge from cross-modal data. Feng
et al. [26] designed a distillation framework to transform
knowledge from a higher-resolution teacher network to a
lower-resolution student network. Ren et al. [27] adopted a
cross-modal knowledge distillation strategy to improve depth
estimation by transfer knowledge from a multi-view teacher
network to an event-based student network.

III. THE PROPOSED FRAMEWORK
A. The Framework

The overview of our cross-modal distillation framework is
shown in Fig. 1. As we can see, it contains an RGB-D fusion
network as the teacher network and an RGB-only network as
the student network.

We directly adopt the existing multi-modal fusion network
PotCrackSeg [19] as the teacher network. PotCrackSeg fuses
features from two modalities using a dual-complementary
strategy. Specifically, it first extracts features from RGB
images and depth images using two independent Segformer-
B2 encoders [20]. Subsequently, semantic predictions are
made for the features of each modality (which can be referred
to as the original semantic information). Then, it calculates
the difference between the ground truth and the semantic
predictions for each modality, and extracts this difference
from the other modality. Finally, the difference is fused with
the original semantic features of each modality to improve
the segmentation accuracy.

For the student network, our idea is to align with the
structure of the teacher network. We use a light-weight
SegFormer-BO [20] as the encoder for the student network.
The decoder of the student network is designed based on the
RGB decoder of the teacher network. In addition, since the
student network lacks the depth branch, we add an additional
convolution-batch-normalization-ReLLU (CBNR) branch dur-
ing the decoding stage as the depth branch. We expect the
features extracted by this added branch to capture pseudo-
depth features from the RGB images. We fuse the results of
the added CBNR branch with those of the original CBNR
branch in the student decoder, ensuring consistency with
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TABLE I: Ablation study results (%) on loss functions. The symbols — and vrespectively indicate that the loss is not used

and the loss is used. The best results are highlighted in bold font.

Loss components Background Object
Loss mloU mF1
Loga Lo Liogits  Leg TIoU F1 TIoU Fl1

Supervised - - - v 95.63 9777 7420 8519 8492 9148
A - 4 4 96.10 98.01 7893 8822 875l 93.12

B — 4 - v 96.49 9821 7995 8886 8822 93.54

C 4 - - v 96.65 98.29 80.44 89.16 8854  93.73

D - 4 4 4 96.51 9822  80.20  89.01 88.36  93.62

E 4 4 - 4 96.47 9820 80.36  89.11 88.42  93.66

F 4 v v v 96.57 9826 8055 89.22 88.56  93.74

TABLE II: Comparative results (%) on the USODI10K dataset. ms refers to the time required

to process an image in

milliseconds. FPS refers to frames per second. The best results are highlighted in bold font.

Background

Objects

Network mPre mAcc mloU mF1 ms FPS
Pre Acc ToU F1 Pre Acc IoU F1
DeepLabV3+ 95.10 92.16 87.99 93.61 59.74 71.00 48.02 64.89 77.42 81.58 68.00 79.25 14.45 69.20
UNet 94.65 97.29 92.21 95.95 80.05 66.39 56.96 72.58 87.35 81.84 74.59 84.27 8.29 120.63
Ours 98.09 98.43 96.57 98.26 90.20 88.27 80.55 89.22 94.14 93.35 88.56 93.74 15.04 66.51
the fusion results in the teacher network. Subsequently, the 940 L —&— mFl 189.0
fused results are first convolved and then concatenated with —— mloU 1885
semantic-level features. @93'5 | 1880 &
=930 1875 2
23 2
B. The Losses B st 187.0 E
186.5
To enable the student network to better learn from the 92.0 186.0
teacher network, we adopt four distillation-related losses, as 1 2 3 “‘ 5
well as one cross-entropy loss supervised by ground truth. Temperature

Specifically, we first let the student network learn semantic
features from the RGB stream of the teacher network. The
purpose of this step is to ensure that the student network
can learn, as much as possible, the capability of the teacher
network to extract features from RGB images. We denote
this loss function as L.

Then, we expect the added CBNR branch to produce the
pseudo-depth features like the real depth features in the
teacher network. So, we enforce the fusion results of the
two branches to be consistent with the fusion results in the
teacher network. We use the cosine similarity to supervise
the two fusion results, and denote this loss as L4y, which is
calculated as follows:

HW g ft(i)

1
[’add = 1 - Z R R B (1)
HW S 121,171,

where H, W denote the height and width of the feature maps.
f Sm and ft(’) represent the C-dimensional feature vectors of the
student and teacher at the i-th spatial location, respectively.
Finally, we use the output of the teacher network and the
ground truth to supervise the output of the student network.
These two loss functions are defined as L,4;;, and L,. The
calculations of L. and L, use the temperature-weighted
cross-entropy loss from [25]. The loss function of the whole
framework is obtained by adding up the 5 loss functions.

Fig. 2: The results of ablation study on distillation tempera-
ture. The figure is best viewed in color.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
A. Experimental Setup

Our framework is implemented with PyTorch. It is trained
and tested on a PC with an NVIDIA A5000 (24 GB RAM)
graphics card. The encoder parameters of our framework are
initialized with the pre-trained weight of SegFormer. The
learning rate is set with a warmup strategy, an initial value of
6x107, and the polynomial decay strategy [20]. The student
network, all the comparative networks and the variations are
trained with 5 epochs on the USODI10K dataset [30]. The
teacher network is trained to achieve the optimal value on
the USOD10K dataset.

The USODI10K dataset contains 10,255 pairs of RGB
images and estimated depth images, covering 12 different
underwater scenes. The images are with the resolution of
640 x 480, which are split into three sets: training (7,178
pairs of images), validation (2,051 pairs of images), and test
(1,026 pairs of images).

We treat the background as a class that is needed to detect
during the training and testing process. For quantitative
evaluation, we employ the metrics Precision (Pre), Accuracy
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Fig. 3: Sample qualitative demonstrations for the detection of salient objects on the USODI10K dataset. The first column
to the last column are respectively the RGB images, depth images, ground truth, the results of UNet [28], the results of
DeepLabV3+ [29], and the results of our student network. The colors H, M, and M represent ground truth, false positives,

and false negatives, respectively. The figure is best viewed in color.

(Acc), Intersection-over-Union (IoU), F1-score (F1), as well
as their mean counterparts (i.e., mPre, mAcc, mloU, and
mF1) across all the classes including the background [31].

B. Ablation Studies

1) Ablation on Distillation Temperature: We design sev-
eral variants to determine the optimal distillation tempera-
ture. Specifically, we set the distillation temperature to the
values ranging from 1 to 5. The results of the variants are
displayed in Fig. 2. As shown in Fig. 2, the student network
achieves the optimal value when the distillation temperature
is set to 4.

2) Ablation on Loss Functions: We design several variants
to demonstrate the role of each loss function. Specifically,
we first set up a supervised-learning variant, in which only
L., is used during training. Then, we utilize a cross-
modal knowledge distillation framework to remove each loss
function from the set of all loss functions, to verify the role
of each loss function. The loss functions used in each variant
and their results are displayed in Tab. L.

The experimental results show that when training the
student network using the supervised-learning method, its
performance is inferior to that of the student network

trained using our proposed cross-modal knowledge distilla-
tion framework. This demonstrates the effectiveness of the
proposed framework. Furthermore, the other experimental
results indicate that the combined use of the four loss
functions enables more effective knowledge transfer from the
teacher network to the student network.

C. Comparative Study

1) Quantitative Results: We compare our student network
with the classic networks: UNet [28] and DeeplabV3+ [29].
The results of the networks are displayed in Tab. II. The
results demonstrate the superiority of our student network
that is trained with our proposed framework.

We also test the inference speed of the classical single-
modal networks and our student network on a PC with an
NVIDIA RTX 4060 Ti graphics card. As shown in Tab. II,
although our student network just achieves inference speeds
comparable to DeeplabV3+, it significantly outperforms the
network in terms of SOD accuracy.

2) Qualitative Demonstrations: Fig. 3 shows sample qual-
itative demonstration results of the student network trained
with our proposed cross-modal knowledge distillation frame-
work, as well as the qualitative demonstration results of the
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compared networks. As we can see, the student network
achieves generally better performance in the edge regions
of the salient objects.

V. CONCLUSIONS AND FUTURE WORK

This paper proposed a cross-modal knowledge distillation
framework for underwater SOD. It is designed to transfer the
capabilities of an RGB-D fusion-based teacher network to a
single-RGB-modal student network via knowledge distilla-
tion. To better learn the capabilities of the teacher network,
we proposed a dual-branch learning strategy to learn the
feature extraction capabilities of the RGB data and the depth
data separately. The experimental results demonstrate that
our proposed framework outperforms supervised-learning
method and achieves superior performance compared to
the comparative networks. In the future, we would like to
further introduce a distillation strategy for the edge detection
capability to improve the detection accuracy in the edge
regions for the student network.
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