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Abstract—Image compression is increasingly important in
applications like intelligent driving and smart surveillance
systems. This study presents a novel cross view capture dis-
tributed image compression network (CVCDIC) to improve
the compression quality by using decoder side information.
The CVCDIC’s decoder utilizes feature extraction networks
to extract features from both the primary image and the side
information. Furthermore, a multi-level cross view attention
module is designed to capture interrelated details between
images at multiple hierarchical levels. Finally, a spatial refine-
ment module, constructed on the foundation of information
distillation networks, is designed to further refine the quality
of reconstructed images. The results show that CVCDIC can
achieve an MS-SSIM of 0.978 at 0.15 bpp, surpassing DSIN
(0.925), NDIC (0.956), and ATN (0.955) on the KITTI Stereo
dataset.

I. INTRODUCTION

The widespread adoption of intelligent robots and au-
tonomous driving systems has led to an exponential increase
in image data. High-resolution and high-frame-rate images
from these systems pose significant challenges in terms of
image storage, transmission, and processing. Image compres-
sion techniques aim to mitigate these challenges by reducing
storage and bandwidth requirements while maintaining ac-
ceptable image reconstruction quality. Broadly, image com-
pression algorithms can be classified into two categories:
lossless and lossy compression [1]. Lossless compression
methods, which retain all the original data, are mainly
used in applications requiring high fidelity, such as medical
imaging and fingerprint recognition. Classic lossless tech-
niques include algorithms such as Portable Network Graph-
ics (PNG), which primarily utilizes the Deflate algorithm,
and Joint Photographic Experts Group-Lossless (JPEG-LS),
which relies on localized prediction principles. Conversely,
lossy compression is more commonly employed due to its
ability to significantly increase compression ratios at the
cost of acceptable quality degradation. Traditional lossy
algorithms, including the JPEG, JPEG2000, High Efficiency
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Video Coding (HEVC), and Versatile Video Coding (VVC),
generally divide the image into distinct blocks for easier
processing. Learning-based image compression methods of-
ten treat the image as a whole. Learning-based approaches
primarily rely on Variational Autoencoders (VAEs) for their
underlying architecture [2]. In the learning-based image com-
pression framework, the latent representation of the image
is quantized and then entropy-encoded using a probability
distribution learned by the entropy model. Learning-based
techniques excel at adaptively capturing intricate data dis-
tributions in images, leading to more efficient encoding.
Additionally, learning-based methods generally demonstrate
superior precision during the image reconstruction phase.

In applications like autonomous driving and remote
surveillance, stereo camera arrays are often used to capture
a broader field of view collectively. Traditional stereo image
compression algorithms usually require simultaneous access
to correlated image pairs for joint encoding. This demands
inter-device communication and data synchronization for
joint encoding, which may not be practical for devices with
limited resources. Distributed image compression offers the
unique advantage of allowing independent encoding and
collaborative decoding for correlated image streams [3]. In
these scenarios, a more powerful decoding system can use
side information from correlated images to improve image
reconstruction quality or reduce the bit rate, thus optimizing
overall compression efficiency.

In this study, we propose a novel framework that integrates
features from both primary and correlated images in the
decoding process, aiming to improve the rate distortion (RD)
performance in image compression. The key contributions of
this study are summarized as follows:

e A novel cross view capture distributed image com-
pression network (CVCDIC) is proposed to effectively
leverage both intra-image and inter-image information.
The proposed method shows significant performance
gains over existing methods in distributed image com-
pression, as confirmed by tests on benchmark datasets
like KITTI and Cityscapes.

o During decoding, multiple feature extraction networks
are used to iteratively extract intrinsic features from both
primary and side information images.

e A Multi-Level Cross View Attention Module (ML-
CAM) is designed to fuse correlated information be-
tween image pairs at both epipolar line and patch levels.

¢ A Spatial Refinement Module (SRM), constructed on
the information distillation structure, is designed to
improve the quality of the reconstructed image.
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II. RELATED WORK

In this section, we detail discuss the image compression
architecture and multi-view image compression method.

A. Image Compression Architecture

In recent years, Deep Neural Networks (DNNs) have
significantly impacted the field of image compression by
achieving remarkable gains in compress efficiency, as evi-
denced by numerous seminal studies [1], [4]. A foundational
contribution was proposed by Balle et al. [2] in 2017, who
introduced an image compression algorithm based on deep
learning models. They employed VAE to map the input
image into a latent space. A parameterized prior is then
used to model the probability distribution of these quantized
latent variables. Building upon [1] and [2], Minnen et al.
[4] employ PixelCNN to establish a novel context model.
When integrated with a hyperprior structure, this context
model allows for the iterative generation of Gaussian priors
for both mean and variance at each spatial location within
the latent representation. Based on prior work, a variety of
different frameworks and algorithms have emerged. Rhee
et al. [5] introduced a novel framework using a coarse-
to-fine encoding strategy that aims to isolate and leverage
low-frequency components to optimize performance in high-
frequency regions. Toderici et al. [6] utilized Recurrent
Neural Networks (RNNs) in both encoder and decoder
designs, achieving variable-rate image compression. In ad-
dition to VAE-based approaches, generative models such as
Generative Adversarial Networks (GANs) [7] and diffusion
models [8] have been explored. While these techniques excel
in delivering high perceptual quality at extremely low bit
rates, they may compromise the semantic fidelity of the
reconstructed images.

B. Multi-View Image Compression

The fundamental principle behind multi-view compres-
sion techniques lies in exploiting the correlation between
images to eliminate redundant information more effectively.
Traditional video encoding frameworks such as H.264 and
HEVC are fundamentally designed for single-view video
compression. These architectures can be adapted for multi-
view image compression paradigms like Multiview Video
Coding (MVC) and Multiview High Efficiency Video Cod-
ing (MV-HEVC). The field of deep learning-based stereo
image compression was initially explored by Liu et al.
[9], who introduced the Deep Stereo Image Compression
(DSIC) model. DSIC uses multiple skip connections between
discrete encoders and decoders for the left and right views,
aiming to enable viewpoint transformation and inter-view
information exchange. Additionally, in the DSIC model,
a conditional entropy model is employed to capture the
dependencies that exist between the image pairs. However,
the model suffers from increased computational complexity
due to the extensive use of skip connections. Subsequent
works like SASIC [10] and MASIC [11] have also fo-
cused on viewpoint transformation. SASIC employs the H-
matrix, while MASIC utilizes inter-view Mean Square Error

(MSE) as the intermediate variable to achieve viewpoint
transformation. These models demonstrate notable bit-rate
reductions but do require the image pairs to be available
during joint encoding, unlike distributed image compression
methods. Ayzik et al. [3] introduced DSIN, the pioneering
learning-based distributed image compression model. This
model segments the side information image into patches
to make it match the viewpoint of the primary image and
subsequently incorporates it into the decoding process of the
primary image. Recently, Mital et al. [12] proposed a new
distributed model that features a cross-attention mechanism.
This model enhances compression efficiency by aligning
features of image pairs during decoding, thereby providing a
novel perspective on leveraging internal feature correlations
for image compression.

III. METHOD

In this section, we provide an overview of the CVCDIC
model, covering its framework and modules, and then discuss
the strategies used for training and testing.

A. Framework

The architecture of the proposed CVCDIC model is de-
picted in Fig. 1. In the architecture, side information (i.e., the
right image) is accessible solely during the decoding phase.
The encoder Encoderx is solely responsible for processing
the primary image (i.e., the left image) and comprises a series
of convolutional layers followed by Generalized Divisive
Normalization (GDN) layers. For feature alignment between
the primary and side images, dual encoders with identical
architecture are situated at the decoding end. Encodery is
used for extracting features from the side information image,
while Encodery, is used for extracting Wyner common
information which is used to model dependence between
the image pairs [13]. To address the constraint of traditional
quantization methods that do not allow for gradient back-
propagation, we introduce uniform random noise within the
range of [-0.5, 0.5] during the training phase as a substitute.
Our model adopts a univariate, non-parametric, fully fac-
torized density function to model the latent representation’s
probability distribution, similar to the approach in [2]. The
decoder consists of a feature extraction network, a multi-
level cross view attention module, and a spatial refinement
module. These modules work in conjunction to extract and
fuse relevant information from the primary and side images.
Further details about these modules will be elaborated in
subsequent sections.

B. Feature Extraction Network

As depicted in Fig. 1, we integrate multiple feature ex-
traction networks into the decoders for both main and side
information images to extract internal features individually.
Initially, within the feature extraction network, a convo-
lutional layer with a 1x1 kernel is employed to reduce
the input feature channels. Following this, we introduce a
channel attention module designed to capture the internal
features of the images, the structure of which is detailed in
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Fig. 1. The framework of the proposed method.

Fig. 2(a). These extracted features are then upscaled by a
factor of 2 using a deconvolutional layer with a 5x5 kernel
and subsequently activated through an Inverse Generalized
Divisive Normalization (IGDN) layer. As detailed in Fig.
2(a), the channel attention module comprises two similar
residual structures. Within this module, the input features
are sequentially processed through a layer normalization
layer, a 1x1 convolutional layer, and a 3x3 depthwise
convolutional layer, thereby increasing the number of input
feature channels. Inspired by [14], we utilize a Simple Gate
mechanism for non-linear activation.

P
(a) Channel Attention Module

Y
Nt
Layer Norm

Conv 1x1

Conv 1x1

Conv 1x1

Fig. 2. Tllustration of the channel attention module.

To enhance the feature representation of the input, we
subsequently design a channel attention block, as illustrated
in Fig. 2(b). Two global pooling operations are performed on
the input feature Fj,, along the spatial dimension, one with
a Global Max Pooling (GMP) layer and another with Global
Average Pooling (GAP). The pooled features are separately
passed through two sequential 1x1 convolutional layers
to obtain two different descriptors. These descriptors are
subsequently element-wise summed and activated through a
sigmoid function to generate channel-specific weights, which
are then used to element-wise multiplied with the input
features, resulting in:

Fout = 0 ([conv(GAP (Fjy,)) @ conv(GMP (F}y,))]) ® Fin,

ey
where the conv operation involves a sequence of three steps,
as illustrated in Fig. 2(b): a 1x1 convolution, followed by
ReLU activation, and another 1x1 convolution. Here, &
stands for element-wise addition, and ® denotes element-
wise multiplication. ¢ denotes the sigmoid nonlinear acti-
vation function. Finally, the output of the channel attention
block undergoes convolution and is then element-wise added
to the module’s input to facilitate feature fusion.
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Fig. 3. Tllustration of the multi-level cross view attention module.

C. Multi-Level Cross View Attention Module

To address the limitations of existing algorithms like
SASIC, which primarily focus on matching image pairs
along their epipolar lines, we introduce a multi-level cross
view attention module for more deep cross-view information
fusion. Unlike traditional methods, our module captures not
only epipolar correlations but also those existing at other
spatial positions in the side images, enhancing image recon-
struction during the decoding process. As illustrated in Fig.
3, our module adaptively pools features from both the main
and auxiliary views according to their spatial dimensions,
and then explores patch-level correlations between images.
This approach synergizes with traditional epipolar line-based
feature matching, offering a comprehensive solution for
cross-view feature fusion.

In detail, as shown in Fig. 3, during the feature fusion
process at the epipolar line level, features from the left image
Fy € RBXOXHXW and the right image F, € RBXCxXHXW
pare processed through residual and convolutional blocks
to generate a query Q. € REBXCXHXW and a key K, €
RBXCXHXW " respectively. These are reshaped into Q' €
RBXH)xWXC and K! € RBXH)XWXC (5 calculate the
correlation matrix, which represents the relationship between
each column of information in the left and right views along
the epipolar line. This matrix is then normalized using a
softmax function to generate ST € R(BXH)xWxW By
multiplying S~ with value matrix V/ € R(EXH)xWxC

9302



we can obtain the weighted right view feature F,. The above
process can be written as

F, = softmax(Q" K. V. )

Finally, F., F}, and S!~" (the counterpart of S;*!) are
concatenated along the channel dimension. These concate-
nated features are then processed through a convolutional
layer to yield F, which serves as the output for inter-view
feature fusion of the epipolar level.

Our method is not limited to epipolar level information
fusion; it also explores inter-image correlations at the patch
level. Using a similar approach to the one employed at the
epipolar level, we generate (),, K,, and V, matrices for
patch-level analysis. We adopt adaptive pooling operation to
K, and V), to obtain pooled features with dimensions B x
C x H' x W' and then reshape it to B x C' x (H' x W'). The
patch-level correlation matrix S;%l € RBX(HXW)x(H'xW")
can be obtained using

Syt = softmaX(Q’pTKI’,), (3)

where Q; € RBXCx(HXxW) an4 K; c RBXCx(H xW')
The correlation matrix S;Hl does not directly impact
vV, € REBX(H'XW)XC at the patch level. Specifically, a
masking operation is applied to S;~'. Values in S;~" that
are less than 7 are set to zero, aiming to minimize the
influence of irrelevant information. The masking operation
can be formally described as
Tl s
M;_ﬂ(l,]) — { gp (Z,]),
)
The final result of inter-view feature fusion along the patch
level is computed as

if Sy, g) >
otherwise

4)

Fy =MV (5)

To sum up, the output of the multi-level cross view
attention module can be fully characterized by combining
the inter-view feature fusions along both the epipolar and
patch levels:

Ffusion = Févpl S Fp (6)

D. Spatial Refinement Module

To further enhance the quality of image reconstruction,
we introduce a spatial refinement module, which consists
of an information multi-distillation structure and a spatial
attention block, as depicted in Fig. 4. Initially, the fused
features outputted by the last cross view attention module are
processed through a 1x 1 convolutional layer in the SRM for
channel reduction. Following this, the features are fed into
the information multi-distillation structure. Each distillation
structure comprises a convolutional layer followed by a
LeakyReLU layer, ending with a channel split operation. As
shown in Fig. 4, the output from each distillation structure is
divided into two feature sets, F; and F;.; (where ¢ = 1, 2, 3),
where F; is forwarded to the subsequent distillation struc-
ture in the sequence. By concatenating Fy.1, Fr-o, Fr3, and Flq
along the channel dimension, Fy,; can be obtained, which
subsequently processed by the spatial attention module.

ab

Spatial Attention Block

£y
-

SRM

(a) Spatial Refinement Module

sigmoid

(b) Spatial Attention Block

Fig. 4. Tllustration of the spatial refinement module.

The spatial attention block aims to dynamically allocate
the significance of each spatial location within the feature
representation to enhance feature extraction. In the forward
pass, the input feature F,;, first undergoes channel reduction
via a 1x1 convolutional layer generate F. . F! , is then
spatially downsampled using a 3x3 convolutional layer.
Following this, max and average pooling operations along
the channel dimension are executed on the downsampled fea-
ture. After concatenating the two features obtained through
pooling, this feature is processed through three convolutional
layers with ReLU activation functions. The processed fea-
tures are then upsampled and concatenated with F! ,. The
output is sigmoid-activated and multiplied element-wise with
the Fqp. The formal mathematical description of this process
can be written as

F:c?l: = Singid(F;ab D Fup) ® Fsap- @)
The final output of the spatial refinement module can be
expressed as
Fsryv = convg (COTll}l (Esogbt) @ F}ussion)7 (8)
where convs and conv; denote convolutional layers with
3x3 and 1x1 kernel, respectively.
E. Training Strategy

We trained our model using the RD loss function. Within
this loss function, we incorporated two hyperparameters, «
and (3, to modulate the relative importance of side informa-
tion loss and Wyner common information loss, respectively.
The mathematical definition of the total loss function is
defined as

9303



where R, and D, are the bitrate and distortion for the
primary image, I?, and D, are the bitrate and distortion
for the side information, R,, represents the Wyner common
information loss, and A is another hyperparameter that bal-
ances the trade-off between bitrate R and distortion D.
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Fig. 5. Plot of CVCDIC against various compression baselines.

IV. EXPERIMENT

In this section, we conduct a series of experiments to eval-
uate the performance of CVCDIC against several learning-
based algorithms, such as NDIC [13] and ATN [12]. To
ensure a fair comparison in our experiments, we followed
the same training settings as those employed in [12]. We
implemented our model using the PyTorch framework [15]
and conducted experiments on both the KITTI Stereo [16]
and Cityscape [17] datasets. For the KITTI Stereo dataset, we
used 1576 image pairs for training and allocated 790 pairs
each for the validation and test sets. Initially, we resized
the images to 370x740 pixels through center cropping and
then downsampled them to 128x256 pixels for training.
Regarding the Cityscape dataset, we included 2975, 500,
and 1525 image pairs in the training, validation, and test
sets, respectively. These images were directly downscaled
to 128x256 pixels. Optimization was performed using the
AMSGrad optimizer [18], with an initial learning rate of
0.0001. To prevent the model from being trapped in local
optima, we implemented an adaptive learning rate strategy
that reduced the learning rate by a factor of 10 whenever the
loss function plateaued, with the minimum learning rate set
to 1x10~7. The parameter 7 in Eq. (4) is set as 0.009.

A. Results and Analysis

1) Objective evaluation: To evaluate the effectiveness of
the CVCDIC model, we conducted comprehensive experi-

ments and compared it with both traditional algorithms like
PNG and learning-based approaches, including NDIC [13],
DSIN [3], and the state-of-the-art ATN [12]. Following the
methodology outlined by Mital et al. [12], we employed
the 4:4:4 chroma format for the BPG method and measured
compression efficiency using bits per pixel (bpp) and Multi-
Scale Structural Similarity (MS-SSIM) as our evaluation
metrics. We performed tests across multiple datasets, as
expressed by the rate-distortion curves in Fig. 5. The values
in parentheses in the legend represent the o and S in Eq.
(9), which control the training loss.

In our experiments, carried out on both the KITTI Stereo
and Cityscape datasets, CVCDIC consistently outperformed
the competing algorithms at both low and high bitrates. On
the KITTI Stereo dataset, CVCDIC achieved an MS-SSIM
of 0.978 at a bpp of 0.15, surpassing DSIN (0.925), NDIC
(0.956), and ATN (0.955) by significant margins. Similarly,
on the Cityscape dataset, our model excelled across all
bitrates, achieving a 0.005 and 0.011 MS-SSIM improvement
over ATN and NDIC, respectively, at 0.15 bpp. The influence
of hyperparameters « and S on compression performance
was also investigated. Conducted on two different datasets,
as shown in Fig. 5, their impact is particularly noticeable
in the KITTI Stereo dataset. Specifically, setting @ = 1
and 8 = 0.001 significantly improved performance on both
datasets compared to when « = 0 and S = 0. This
indicates that incorporating side information penalties related
to compression rate and image quality into the loss function
enables more effective model optimization.

ATN (0, 0); bpp = 0.0813

Proposed methad (0, 0.001); bpp = 0.0757

Fig. 6. Visual evaluation of the reconstructed images from the CVCDIC
and the ATN.

2) Visual evaluation: We conducted an in-depth evalua-
tion to scrutinize the image compression efficacy of CVCDIC
across various bitrates, specifically using the KITTI Stereo
datasets. The results are visualized in Fig.6. To provide
a nuanced view, we zoomed into specific regions within
both the original and reconstructed images. We ensure a
fair comparison by compressing the same set of images
using both the ATN and CVCDIC algorithms, with closely
matched bitrates for each. For this experiment, we selected
the results generated by the ATN algorithm configured with
a =0 and B = 0 as it demonstrated superior performance
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in KITTT Stereo datasets compared to settings with o = 1
and 5 = 0.001. As evident in Fig.6, CVCDIC significantly
outperforms ATN in terms of image clarity at both low and
high bpp settings. Specifically, images reconstructed using
CVCDIC display markedly clearer and more detailed road
signs compared to those produced by ATN. Furthermore,
CVCDIC retains the original colors of road signs, whereas
ATN loses color information. As we transitioned to higher
bitrate settings, the performance advantages of CVCDIC
became even more noticeable. The visibility of road lines
in CVCDIC-reconstructed images was substantially superior
to that in images generated by ATN. This improvement holds
critical practical implications, especially in domains like road
analysis and autonomous driving. These results validate the
performance of CVCDIC, demonstrating its capability to
maintain high-quality image reconstructions across a diverse
range of bitrate conditions.
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Fig. 7. Rate-distortion curves for ablation study.

3) Ablation study: In this section, we evaluate the contri-
butions of individual modules in CVCDIC through a series
of experiments. We separately remove the channel attention
module (referred to as Case 1), the multi-level cross view
attention module (Case 2), and the spatial refinement module
(Case 3) from the complete CVCDIC model. The resulting
rate-distortion curves for these configurations are depicted
in Fig. 7. Compared to the performance of the complete
CVCDIC model, each modified configuration exhibited a
decline in effectiveness. This decline is most significant in
Case 2, emphasizing the importance of the multi-level cross
view attention module in the efficient exchange of inter-
image information. The performance degradation in Cases 1
and 3 further emphasizes the importance of effective feature
extraction and image reconstruction refinement, respectively.
In summary, our ablation study affirms that each module
within CVCDIC serves a critical role in optimizing the
overall performance of the image compression algorithm.

V. CONCLUSION

In order to efficiently utilize the side information in the
decoder, the CVCDIC is proposed, which excels in both
compression efficiency and image reconstruction quality.
By integrating a multi-level cross view attention module
and a spatial refinement module, CVCDIC leverages and
optimizes the fuse efficiency of information during the
compression process. The model employs multiple feature
extraction networks during decoding to separately process
primary and side information images, significantly enhancing

compression performance. Additionally, we present a novel
multi-level cross view attention module that operates at both
the epipolar and patch levels, enabling a comprehensive fuse
of information between image pairs. Furthermore, the spatial
refinement module adopts information distillation techniques
to substantially improve image reconstruction quality. Our
experiments, conducted on diverse datasets, confirm that
CVCDIC outperforms existing methods such as ATN, NDIC,
and DSIN in terms of rate-distortion metrics.
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