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Abstract

As a kind of 3D data, RGB-D images have been extensively
used in object tracking, 3D reconstruction, remote sensing
mapping, and other tasks. In the realm of computer vision,
the significance of RGB-D images is progressively grow-
ing. However, the existing learning-based image compression
methods usually process RGB images and depth images sep-
arately, which cannot entirely exploit the redundant informa-
tion between the modalities, limiting the further improvement
of the Rate-Distortion performance. With the goal of over-
coming the defect, in this paper, we propose a learning-based
dual-branch RGB-D image compression framework. Com-
pared with traditional RGB domain compression scheme,
a YUV domain compression scheme is presented for spa-
tial redundancy removal. In addition, Intra-Modality Atten-
tion (IMA) and Cross-Modality Attention (CMA) are intro-
duced for modal redundancy removal. For the sake of ben-
efiting from cross-modal prior information, Context Predic-
tion Module (CPM) and Context Fusion Module (CFM) are
raised in the conditional entropy model which makes the con-
text probability prediction more accurate. The experimental
results demonstrate our method outperforms existing image
compression methods in two RGB-D image datasets. Com-
pared with BPG, our proposed framework can achieve up to
15% bit rate saving for RGB images.

Introduction
RGB-D images are an important 3D data format. It has been
widely used in 3D scene reconstruction (Zollhöfer et al.
2018), salient object detection (Liao et al. 2020; Gao et al.
2021), robotics and autonomous navigation, medical imag-
ing and health monitoring, environmental monitoring, and
other fields. Unlike RGB images, depth images contain in-
formation about the distance to the surface of the scene
object from the viewpoint, which provides depth informa-
tion among 3D scenes. Therefore, the RGB-D joint analy-
sis methods are popular in computer vision tasks. However,
these methods (Bozic et al. 2020; Ji et al. 2020; Liu, Zhang,
and Han 2020; Shi et al. 2022; Tian et al. 2020; Xiang et al.
2021) use additional modality, which will bring supernumer-
ary storage and transmission costs. Therefore, designing an
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efficient RGB-D image compression method is an important
and challenging work.

Deep learning-based image compression has been devel-
oping for several years. Numerous works (Minnen and Singh
2020; Gao et al. 2020; Wu et al. 2021; Lee et al. 2022;
Wu and Gao 2022; Zhu et al. 2022; Tao et al. 2023; Jiang
et al. 2023) have been put forth to improve rate-distortion
performance and optimize coding framework. In addition,
some open-source algorithm libraries (Bégaint et al. 2020;
Gao et al. 2023) also efficiently promote the prosperity of
the field. However, existing methods focus on single image
compression, ignoring the direct interactivity of RGB and
depth modalities. Modality redundancy is not adequately
considered, limiting rate-distortion performance improve-
ment. Besides, knowledge-guided compression is one of
the most relevant topics. The coding framework can use
additional information from the data source itself or ana-
lyze additional information from its own modules to bet-
ter eliminate redundancy. Stereo image compression frame-
work (Deng et al. 2021) adopts homography transformation
to remove view redundancy. Light field image compression
framework (Zhao et al. 2018) leverages the inherent sim-
ilarity of light field images to remove the redundancy of
different perspectives. 360° image compression framework
(Li et al. 2022) utilizes a latitude adaptive coding scheme
to allocate variant numbers of bits for different regions. Al-
though these methods explore modality redundancy removal
to some extent, they can not achieve a higher compression
ratio in the RGB-D image compression owing to the signifi-
cant difference in the distribution between RGB images and
depth images. Therefore, it is necessary to develop a com-
pression framework dedicated to RGB-D images.

In this paper, we proposed an efficient learning-based
RGB-D image compression network by exploiting the re-
dundant information between the modalities and channels.
Most learning-based methods usually sample and compress
images in RGB domain, while our method chooses to sam-
ple images in YUV domain in order to remove spatial re-
dundancy in transform domain for depth images. In addi-
tion, we design Intra-Modality Attention (IMA) in feature
extraction module and Cross-Modality Attention (CMA) in
the main encoder module to eliminate channel redundancy
and modality redundancy separately. We adopt Context Pre-
diction Module (CPM) and Context Fusion Module (CFM)
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in the conditional entropy model to sufficiently excavate
the coherence between the two modalities and utilize cross-
modality prior information, which provides more accurate
probability prediction information for entropy coder. Experi-
mental results prove that our proposed network attains better
rate-distortion performance on several widely used RGB-D
datasets compared with the single image compression meth-
ods. The contributions of our proposed method can be sum-
marized as follows:

• We propose a learning-based RGB-D image compres-
sion framework by exploiting the redundant information
between the channels and modalities. The framework is
conducted in the YUV domain rather than RGB domain,
which is conducive to the elimination of spatial redun-
dancy for depth images.

• Intra-Modality Attention and Cross-Modality Attention
are designed to remove cross-channel redundancy and
cross-modality redundancy for higher compression ratio.
To be specific, multi-head self attention and multi-head
cross attention are integrated into the module for more ef-
ficient cross-channel and cross-modality information in-
teraction.

• Conditional Context-based Entropy Model is adapted to
reveal the dependency between the modalities. In ad-
dition, Context Prediction Module and Context Fusion
Module are elaborately designed for efficient probability
prediction.

• According to the experimental results, our proposed
framework achieves SOTA performance when compared
with existing image compression methods in two RGB-D
image datasets.

Related Work
Deep Learning-based Image Compression
Over the recent years, with the development of deep learn-
ing, numerous works (Ballé, Laparra, and Simoncelli 2016;
Ballé et al. 2018; Minnen, Ballé, and Toderici 2018; Toderici
et al. 2015) focus on learning-based image compression
have been presented. Ballé et al. (Ballé, Laparra, and Si-
moncelli 2016) proposed the most widely used lossy image
compression framework. The model is constructed based on
an autoencoder. The final rate-distortion (RD) performance
surpassed JPEG and JPEG-2000. On this basis, Ballé et al.
(Ballé et al. 2018) then introduced hyperprior model, which
captured spatial redundancy between feature maps. Min-
nen et al. (Minnen, Ballé, and Toderici 2018) utilized single
PixelCNN (Van Den Oord, Kalchbrenner, and Kavukcuoglu
2016) layer to model autoregressive priors and combined au-
toregressive priors with hyperprior to achieve better symbol
probability prediction. The above frameworks are based on
Convolutional Neural Network (CNN). In addition, Toderici
et al. (Toderici et al. 2015) proposed a variable rate compres-
sion framework based on Recurrent Neural Network (RNN).
Although it is feasible to extend the above methods to RGB-
D image compression frameworks, most of these methods
are devoted to single modality redundancy removal. The fur-
ther improvement of compression efficiency is limited. It is

urgent to design a novel compression framework for RGB-D
images.

Stereo Image Compression
With the continuous improvement of 3D vision technology,
stereo image compression has become one of the hot topics
in the image compression field. A great deal of works (Liu,
Wang, and Urtasun 2019; Huang et al. 2021; Wödlinger
et al. 2022; Deng et al. 2021) have sprung up in recent
years. Liu et al. (Liu, Wang, and Urtasun 2019) first pro-
posed a deep learning-based stereo image compression net-
work (DSIC). In this work, a parameter skip function is pro-
posed to exploit the dependencies between two perspectives.
Wödlinger et al. (Wödlinger et al. 2022) proposed a scheme
to compress images by exploiting the similarity of the stereo
images. The right image utilized the latent shifting informa-
tion from the encoded left image for extreme bit rate savings.
Deng et al. (Deng et al. 2021) introduced a homography
estimation based stereo image compression network, called
HESIC. To map the left image to the right image, the homog-
raphy matrix is adapted to achieve homologous transforma-
tion. The residual information from different views is en-
coded. The above approaches take full advantage of the sim-
ilarities between the left and right views. However, for RGB-
D images, similar features between modalities are more dif-
ficult to extract. In addition, some transformation methods,
such as homologous transformation and affine transforma-
tion, are probably not suitable for RGB-D images. There-
fore, targeted works are still urgently needed in the learning-
based RGB-D compression field.

Image Compression with Attention Mechanism
Attention mechanisms have been introduced to image com-
pression for a long time. In self attention mechanism, each
input pixel interacts with the others to calculate its depen-
dencies with the others, and then uses the dependencies
to allocate different weights to each position. Cheng et al.
(Cheng et al. 2020) first used simplified non-local attention
module and integrated it into the network architecture to im-
prove performance. Chen et al. (Chen et al. 2021) embed-
ded more efficient non-local attention module into the whole
framework for reducing time and space complexity, and used
attention mechanism to generate implicit masks for adap-
tive bit allocation. Zou et al. (Zou, Song, and Zhang 2022)
introduced a simpler and more efficient window-based lo-
cal attention block, which can fully take advantage of global
structures and local textures in the transformer-based struc-
ture. The above methods typically use attention mechanisms
in a single modality. The redundancy information between
modalities is not fully explored. Therefore, it is necessary to
design new attention modules to eliminate the redundancy
between RGB and depth modalities.

Methodology
Overview
The overall architecture of our RGB-D image compression
framework is presented in Fig. 1. The network is based on
transformer architecture (Liu et al. 2021). The input RGB
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Figure 1: The overall network architecture of the proposed method. The input depth image and input RGB images are splitted
into four channels. The framework consists of feature extraction module, encoder, entropy model, decoder and feature recon-
struction module. Here, AE donates arithmetic encoding, AD donates arithmetic decoding, Q donates the quantizer, ”↑ 2”
represents upsampling by a factor of two, ”↓ 2” represents downsampling by a factor of two.

Figure 2: The architecture of Intra-Modality Attention
(IMA).

and depth images are transformed into 4 channels in the
YCbCr subsampled color space. The weight and height of U
and V channels are half of Y’s weight and height in RGB im-
ages. The depth images only retain Y channel information.
We donate y, u, v, d as the input channels. First, the input
channels are fed into feature extraction module to eliminate
channel redundancy. The feature maps yex, uex, vex, dex are
obtained from y, u, v, d respectively after feature extraction.
Then we concat yex, uex, vex for the next stage input yuvex.
In the encoder stage (analysis transform), a dual-branch net-
work is presented for the input yuvex and dex. The proposed
Cross-Modality Attention allows the latent representations
to learn cross-modality information from each other. After
the encoder stage, the latent representations yuva and da are
sent to quantizer. The quantized latent representations ŷuva

and d̂a are then sent into the conditional entropy model for
accurate symbol probability prediction. In the decoder side

(synthesis transform), ŷuva and d̂a are fed into the dual-
branch decoder framework for feature restoration and up-
sampling. Feature maps yuvs and ds are obtained after the
decoding process. At last, in the feature reconstruction mod-
ule, the feature map yuvs are splited into Y,U,V channels
yre, ure, vre. Detail restoration and reconstruction are con-
ducted in the feature reconstruction module. We donate the
feature extraction module, encoder, quantizer, decoder, fea-
ture reconstruction module as E(·), ga(·), Q(·), gs(·), R(·),
respectively. The main encoding-decoding process except
hyperprior can be formulated as:

iex = E(i),
ia = ga(i

ex),

îa = Q(ia),

is = gs(îa),
ire = R(is),

(1)

where i represents one of the input y, u, v, d.

Intra-Modality Attention
In our proposed framework, we use Intra-Modality Attention
in the feature extraction module and feature reconstruction
module to reduce the channel redundancy. The framework
of IMA is shown in Fig. 2. The main framework is based on
two successive Swin Transformer Blocks (Liu et al. 2021).

Given an input feature map with the dimensions H×W×
C, the window-based attention first reshapes the feature map
to the size of HW

M2 ×M2 × C, while M represents the win-
dow size. HW

M2 windows are obtained from the operation.
Then, self-attention is adopted to each window. Three learn-
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Figure 3: The architecture of Cross-Modality Attention (CMA).

able weight matrices WQ, WK , WV shared the same pa-
rameters are multiplied to the local feature map F , in order
to get query Q, key K, and value V , respectively. The pro-
cess can be described as:

{Q,K,V} =
{
FWQ, FWK , FWV

}
. (2)

Then, the attention function calculates the dot-product of the
query with each of the keys. The result includes a relative
position bias for better computational complexity. A soft-
max operator is adopted to normalize the result for attention
scores. The above process can be defined as:

Attention (Q,K,V) = softmax

(
QKT

√
dk

+B

)
V, (3)

where d is the dimension, B is the relative position bias. The
main process of Intra-Modality Attention can be domen-
strated as:

ẑl = W-MSA
(
LN
(
zl−1

)
(Q,K, V )

)
+ zl−1(Q),

zl = MLP
(
LN
(
ẑl
))

+ ẑl,

ẑl+1 = SW-MSA
(
LN
(
zl
)
(Q,K, V )

)
+ zl(Q),

zl+1 = MLP
(
LN
(
ẑl+1

))
+ ẑl+1,

(4)

where ẑl and zl are the output features of (S)W-MSA and
MLP blocks respectively. zl−1 is the input feature map.
LN(·) is the LayerNorm function. W-MSA(·) represents the
window based multi-head self attention, and SW-MSA(·)
represents the shifted-window based multi-head self atten-
tion.

Cross-Modality Attention
Following the Intra-Modality Attention, we also design
Cross-Modality Attention. The network architecture is
shown in Fig. 3. Different from IMA that removes channel
redundancy, CMA devotes to eliminating modality redun-
dancy. In addition, CMA can further integrate the queries
between different modalities. The framework of IMA and
CMA are similar, the main difference is that CMA adopts
multi-head cross attention rather than multi-head self atten-
tion to achieve information interaction between modalities.
Given the input RGB features map zl−1

r and depth feature
map zl−1

d in local windows, the complete process of the
Cross-Modality Attention adapted to zl−1

r can be defined as:

Figure 4: The architecture of Conditional Context-based En-
tropy Model.

ẑlr = W-MCA
(
LN
(
zl−1
r

)
(Qr,Kd, Vd)

)
+ zl−1

r (Qr) ,

zlr = MLP
(
LN
(
ẑlr
))

+ ẑlr,

ẑl+1
r = SW-MCA

(
LN
(
zlr
)
(Qr,Kd, Vd)

)
+ zlr(Qr),

zl+1
r = MLP

(
LN
(
ẑl+1
r

))
+ ẑl+1

r ,

(5)

while the complete process of the Cross-Modality Attention
adapted to zl−1

d can be described as:

ẑld = W-MCA
(
LN
(
zl−1
d

)
(Qd,Kr, Vr)

)
+ zl−1

d (Qd) ,

zld = MLP
(
LN
(
ẑld
))

+ ẑld,

ẑl+1
d = SW-MCA

(
LN
(
zld
)
(Qd,Kr, Vr)

)
+ zld(Qd),

zl+1
d = MLP

(
LN
(
ẑl+1
d

))
+ ẑl+1

d ,

(6)

where ẑlr and ẑld represent the output RGB feature map and
depth feature map of (S)W-MCA. zlr and zld are the output
features of MLP blocks. W-MCA(·) represents the window
based multi-head cross attention, and SW-MCA(·) repre-
sents the shifted-window based multi-head cross attention.

Conditional Context-based Entropy Model
Traditional single image compression methods (Ballé et al.
2018; Cheng et al. 2020; Chen et al. 2021) usually utilize
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hyperprior information as conditional prior. The probabil-
ity density of one spatial location can be estimated by the
known probability density of other locations. But for RGB-
D images with cross-modality information, it is not enough
for hyperprior to provide accessional information. In our
proposed method, we adopt Conditional Context-based En-
tropy Model for more accurate probability estimation. The
architecture of Conditional Context-Based Entropy Model is
shown in Fig. 4. After the encoder stage, the latent represen-
tation is sent to hyper encoder and hyper decoder for spatial
distribution information. Besides, it is also fed to Context
Prediction Module (CPM) for context prior information. The
output feature maps of CPM are then sent to Context Fusion
Module (CFM) for cross-modality information aggregation.
For depth latent representation, we estimate the entropy pa-
rameters using context and spatial priors. For more complex
RGB latent representation, in addition to the former, we use
supernumerary cross-modality information to improve prob-
ability prediction accuracy. To be specific, we donate ỹd as
the likehoods of the depth latent representations and ỹr as
the likehoods of the RGB latent representations. ỹid and ỹir
represent the i-th element in ỹd and ỹr. The estimated proba-
bility mass functions (PMFs) qỹd|z̃d

and qỹr|ỹd,z̃r
are shown

in Eq. (7).

qỹd|z̃d
(ỹd | z̃d) =

∑
i

qỹi
d|ỹ

<i
d z̃d

(
ỹid | ỹ<i

d , z̃d
)
,

qỹr|ỹd,z̃r
(ỹr | ỹd, z̃r) =

∑
i

qỹi
r|ỹ

<i
r ,ỹd,z̃r

(
ỹir | ỹ<i

r , ỹd, z̃r
)
.

(7)

Context Prediction Module and Context Fusion
Module
In order to further model PMFs, context prediction mod-
ule is adapted to accurately estimate context prior informa-
tion. Mask Scaled Cosine Attention (MSCA) is adopted in
the context prediction module. In addition, we proposed the
context fusion module instead of concat operation to better
aggregate cross-modality information. Mask Scaled Cross
Cosine Attention (MSCCA) is integrated into the context
fusion module in order to achieve information interaction
between modalities. In order to ensure the serial encoding-
decoding order, we use look ahead mask mechanism (Alcorn
and Nguyen 2021) in the transformer architecture. Rather
than scaled dot self attention, we adopt scaled cosine atten-
tion which makes the training of the model more stable. In
addition, log-space continuous relative position bias is used
instead of linear-space relative position bias for better recon-
struction quality aiming at high-resolution images.

Loss Function
During the training phase, the loss function L is described
as follows:

L = Rr +Rd + λ(Dr +Dd), (8)

where Dr and Dd are the weighted mean-squared error
(MSE) of YUV channels and depth channel. They can be

formulated as:

Dd = MSEd,

Dr = (4MSEy +MSEu +MSEv))/6.
(9)

Rr and Rd denote the bit rate cost, which can be calculated
by the likelihood of latent representations. According to the
configuration of YUV420 color domain, the weighting ratio
between Y, U, and V is 4:1:1.

Experiments
Datasets
SUN-RGBD The SUN-RGBD dataset (Song, Lichten-
berg, and Xiao 2015) is a widely used computer vision re-
search dataset for indoor scene understanding and depth per-
ception tasks. The dataset provides data such as RGB im-
ages, depth images, and semantic segmentation labels in in-
door environments, and is suitable for lots of different com-
puter vision tasks. The dataset contains 10,000 RGB-D im-
ages. For training, 8,000 image pairs were randomly se-
lected, while 1,000 image pairs were chosen for validation,
and an additional 1,000 image pairs were reserved for test-
ing.

NYU-Depth V2 NYU-Depth V2 dataset (Chodosh, Wang,
and Lucey 2019) comprises video sequences capturing di-
verse indoor scenes recorded by the RGB and depth cam-
eras of Microsoft Kinect. It includes 1,449 annotated RGB
images and depth images. The images are from 464 scenes
in three cities. We divide the entire dataset into three parts,
1,159 image pairs for training, 145 image pairs for validat-
ing, and 145 image pairs for testing.

Experimental Details
Training Strategy We train the whole network jointly.
The proposed network is based on the CUDA-enabled Py-
Torch implementation. We set different values for the hyper-
parameter λ to control the bit rate. The λ configuration is re-
ferred to CompressAI (Bégaint et al. 2020). Adam optimizer
(Kingma and Ba 2014) is adopted in the training process. We
initialize the learning rate to 1e − 4. It gradually decreases
with the update of the model during training and eventually
falls to 1e−5. The batch size is set to 4. We train about 1000
epochs for each model. It costs about ten days for the train-
ing stage according to Tesla V100. The input training data
is trimmed to the size of 256×256 convenient for model in-
ference. The training data is mainly based on SUN-RGBD
dataset. When the model is tested on the NYU-Depth V2
dataset, we finetune the pretrain model using training dataset
in NYU-Depth V2 dataset for about 100 epochs.

Evaluation Metric We adopt PSNR as the evaluation met-
rics. PSNR is an objective metric to evaluate image quality,
which reflects the signal fidelity of an image. Additionally,
we compare the Bjontegaard delta rate (BD-Rate) (Bjonte-
gaard 2001) in order to obtain the quantitative rate-distortion
performance. Noted that the PSNR and BD-Rate metrics are
evaluated in YUV420 domain.
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Figure 5: Rate-distortion curves for RGB images (left) and depth images (right) tested in SUN-RGBD dataset.

Methods SUN-RGBD NYU-Depth V2
RGB Depth RGB Depth

Factorized 76.871 29.656 67.362 21.290
Hyperprior 46.893 15.706 38.214 9.816
Mbt2018 41.027 9.762 28.963 6.372

Cheng2020 8.753 -1.727 9.242 0.004
WBA -4.623 -7.962 -6.352 -9.251
TIC -1.555 -16.809 -3.375 -12.378

Coarse2fine 5.306 -18.567 3.957 -19.619
SASIC -9.310 -25.918 -8.118 -30.462

Proposed -15.717 -36.244 -12.376 -38.971

Table 1: BD-Rate (%) comparisons on SUN-RGBD dataset
and NYU-Depth V2 dataset against BPG. The bold numbers
represent the optimal results in this classification.

Baseline We compare our method against serval well-
performing single image methods (WBA (Zou, Song, and
Zhang 2022), TIC (Lu et al. 2021), Coarse2Fine (Hu, Yang,
and Liu 2020)), a stereo image compression method (SASIC
(Wödlinger et al. 2022)) and some classic learning-based
methods (Factorized (Ballé, Laparra, and Simoncelli 2016),
Hyperprior (Ballé et al. 2018), Mbt2018 (Minnen, Ballé, and
Toderici 2018), Cheng2020attention (Cheng et al. 2020)).
In addition, traditional single-modality image compression
method BPG (Bellard 2018) is also compared with our pro-
posed framework.

Experiment Results
Quantitative Results Table 1 presents the coding perfor-
mance of the methods against BPG in two datasets. The
BD-Rate value is negative, indicating that the coding per-
formance of this algorithm is better than that of the bench-
mark algorithm. Otherwise, it is worse than the benchmark
algorithm. To ensure a fair comparison, we employ the same
training dataset and training methods as this model to train
other learning-based methods. It is evident that our proposed
method attains the the best RD performance. In comparison

Model BD-Rate(%)
Baseline -

Baseline +
Conditional Context-based

Entropy Model
-7.56

Baseline + Proposed CPM -4.18
Baseline + Proposed CFM -2.35

Table 2: Ablation study of each component in conditional
entropy model. Our entropy model is based on Mbt2018.

with the single image compression methods, the RD perfor-
mance of our proposed method is significantly improved. To
be specific, our approach offers over 10% gains against BPG
on BD-Rate metric for RGB images in both datasets. In ad-
dition, we plot the RD curve to further visualize the per-
formance gap between the various methods. Fig. 5 shows
the YUV-RSNR result for RGB images and depth images in
SUN-RGBD dataset. It indicates that our proposed frame-
work surpassed other frameworks, showcasing the best RD
performance. Besides, from Fig. 5, it is obvious that the
compression effect of the model on depth images is obvi-
ously better than that on RGB images.

Qualitative Results In order to show the compression ef-
fect of each model more intuitively, we visualize the com-
pressed image of each model in Fig. 6. It is important to
note that, for the sake of fairness, we try to keep all mod-
els compress at the same bit rate. As depicted in Fig. 6, our
method exhibits superior subjective visual quality under the
premise of using less bit rate. After the local details are en-
larged, our method can still retain the semantic information
(such as the letters in the figure) of the original image.

Running Time and Complexity The number of our pro-
posed model parameters is 69.03 M. For a RGB-D image
pair with the input resolution of 256×256, the FLOPs reach
6.93 Mil/pixel. When we test our proposed model in both
two datasets on the Tesla V100, the average encoding time
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Figure 6: Visual quality comparison for the RGB image compression results.

Model BD-Rate(%)
Baseline -

Baseline + IMA -3.98
Baseline + CMA -5.16

Baseline + IMA + CMA -6.71

Table 3: Ablation study of IMA and CMA. It should be noted
that after removing the CMA, the upper and lower branches
no longer have information interaction in the encoder and
decoder. Therefore, we can change the dual-branch structure
of this model to a single-branch structure.

and decoding time are 11.696 s and 8.582 s, respectively.
Compared with other learning-based model, our method in-
troduces additional computational cost, but obtains signifi-
cant rate-distortion performance gain.

Ablation Study and Analysis

Case 1: Effectiveness of conditional entropy model. As
illustrated in Table 2, We verify the validity of each module
in the entropy model through substitution. It is conducted
on the SUN-RGBD dataset. We can find that each module
contributes to enhancing the overall coding performance. In
addition, it is noticed that conditional context-based entropy
model contributes most to the RD performance.

Case 2: Effectiveness of YUV domian compression. In
order to verify that for RGB-D images, compression in
YUV domain is more efficient, compared with the proposed
framework, we design a framework that the original inputs
are RGB images and depth images, instead of four chan-
nels. To ensure the fairness of the comparison experiment,
we retain both IMA and CMA. The ablation experiments
show that YUV domain compression methods have obvious
performance gain compared with RGB domain compression
algorithm when tested in the YUV domain.

Case 3: Effectiveness of IMA and CMA. We assess the
efficacy of IMA and CMA, and the results are presented in
Table 3. It is shown that each module improves the whole
RD performance. It is noteworthy that the results are better
when CMA is used alone than when IMA is used alone. The
results imply the importance of different modality informa-
tion interactions and cross-modality redundancy removal in
RGB-D image compression.

Conclusion
In this paper, we propose a novel learning-based RGB-D im-
age compression framework, which significantly improves
the compression efficiency of RGB-D images. First, we con-
vert input image pairs from the RGB domain to the YUV420
domain to eliminate spatial redundancy. Intra-Modality At-
tention (IMA) is designed in the feature extraction and fea-
ture reconstruction stage to reduce cross-channel redun-
dancy. Then, Cross-Modality Attention (CMA) is adapted
in the encoder and decoder to remove cross-modality redun-
dancy. To leverage the prior information between modali-
ties effectively, Conditional Context-based Entropy Model
is adopted for better symbol probability estimation. In the
entropy model, we change the Context Prediction Module
(CPM) with Mask Scaled Cosine Attention (MSCA). Con-
text Fusion Module (CFM) is also proposed to aggregate
cross-modality information. The comparative experiment re-
sults and the ablation study confirms the effectiveness of the
proposed method.
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Ballé, J.; Laparra, V.; and Simoncelli, E. P. 2016. End-
to-end optimized image compression. arXiv preprint
arXiv:1611.01704.
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