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Abstract. In digital communication, efficiently transmitting image and
video data through constrained channels remains challenging nowadays.
Traditional methods using separate source and channel coding often fail
in dynamic environments. In this paper, we introduce a novel deep learn-
ing based (DL) attention joint source channel coding (AttenJSCC) app-
roach, which enhances robustness and efficiency in wireless image trans-
missions. By integrating source and channel coding into a unified frame-
work and incorporating our Enhanced Attention Feature (EAF) modules
and the ECA attention mechanism, our method outperforms some of the
existing JSCC techniques, especially in low SNR conditions. Our frame-
work not only overcomes the limitations of current technologies but also
reduces the storage and computational needs on edge devices, facilitating
more efficient real time communication.
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1 Introduction

With the rapid advancement of modern computer science and the growing
demands of users, the rise of Internet of Things applications is pushing the limits
for transmitting image/video data under the strict conditions of latency, band-
width, and energy consumption [1]. Contemporary communication frameworks
employ a dual phase encoding method for distributing image/video content,
known as source coding and channel coding [2], as illustrated in Fig. 1. Although
this encoding process is highly optimized and widely adopted in image trans-
mission systems, its performance can be significantly compromised when the
channel conditions deviate from those for which the system was optimized. Such
performance degradation is known as the cliff effect, which has been seen as a
common problem in the digital communication scheme.

To address the limitations posed by traditional separate source channel cod-
ing schemes, several deep learning based joint source channel coding (JSCC)
methods have been introduced [3-5]. Due to the strong encoding and decoding
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ability of deep learning architecture, the joint source channel coding architecture
can help capture the most important features in the original image. The fea-
ture vector is mapped to the complex value channel sample. The DeepJSCC [6]
scheme, specifically tailored for wireless image transmission, has demonstrated
significant potential by directly mapping image pixels to complex value channel
input symbols. Building on the pioneering work of DeepJSCC, numerous related
JSCC projects have been developed. For instance, DeepJSCC-f [7] leverages feed-
back from the receiver, utilizing the feedback information through deploying a
decoder at the transmitter end to modify the outgoing data based on the received
information. To align with modern hardware capabilities, DeepJSCC-Q [8] has
been proposed to map complex value signals into constellation signals with fixed
positions, thereby circumventing the quantization process. However, some of the
approaches mentioned above require training across multiple channel SNRs to
adapt to diverse channel conditions. Such designs necessitate increased storage
capacity on edge devices and precise channel estimation prior to image trans-
mission. Although some models are trained within a predefined SNR range to
accommodate channel variability, their performance is often compromised under
low SNR conditions, leading to diminished effectiveness.

In this study, we leverage recent advancements in deep learning method-
ologies within the realms of image compression and communication systems
to introduce a cutting-edge joint source channel coding algorithm designed for
image transmission across wireless communication channels. We proposed a new
module based on the attention mechanism to recalibrate the weight of feature
map and thus amplify the core features under different channel SNRs.

The remainder of the paper is organized as follows: Sect. 2 discusses the the-
oretical foundation and the model overview of our proposed JSCC algorithm.
Section 3 presents the proposed Enhanced Attention Feature module and gives a
detailed description on the model architecture. Section4 gives a detailed expla-
nation on experimental setup, including the datasets used, training procedures,
and the evaluation metrics. Finally, the conclusions and future research direc-
tions are summarized in Sect. 5.

2 System Overview

In this section, we will give a detailed introduction of the proposed end-to-end
image wireless transmission. In the traditional transmission method, the message
is firstly encoded to remove the redundancies in the message and thus reduce
the bits needed to be sent. The channel coding is done next to add protective
bits to detect and correct possible mistakes. The process can be represented as:

b = cz(sa(M)) (1)

where cg(-) denotes the channel coding algorithm 3, and s, () denotes the source
coding algorithm «. M denotes the message to be sent. The encoded information
is further processed through modulation and frequency up conversion before
being transmitted in the high frequency band. At the receiver end, the received
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bits are first frequency shifted to the base band and the rest process is done
reversely, that is, the protective channel coding bits are first removed to restore
the original message after source coding. The sent message is restored through
the source decoding. The process can be presented as:

M =s;"(c;' (b)) (2)

where cgl(~) denotes the decoding algorithm based on the channel coding algo-
rithm 3 and s !(-) denotes the source decoding algorithm based on the source
coding algorithm «. The M denotes the message the receiver desired. We use the
notation b rather than b in the formula 2 to denote the effect of channel noise.
The overall process can be expressed in Fig. 1.
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Fig. 1. Traditional digital communication block diagram. Source will pass through
source encoder, channel encoder and modulator to generate channel sample.

In the deep learning based image wireless transmission, the architecture of
our designed system is made up of two parts namely encoder and decoder, which
respectively equals the cg(s, (-))and the ;! (cg1 (+)) in the formula 1 and formula
2. In the deep learning based communication system, the encoder and decoder is
usually implemented using the deep learning neural network. Here in our work,
we use the classic and practical CNN as the backbone. The encoder captures
deep features embedded in the input image, namely f = E(I), where I denotes
the input image with a shape of I € R?*®**3_ The notation E denotes the encoder
and the notation f denotes the output feature which has a shape £ € R xw'xn
The total length of the vector fis 2k. The 2k units in the f will be combined in
groups of two to form the final channel sample z € C*.

The output feature tensor will be passed through the channel as 2 = C(z).
The C(-) refers to the communication channel. We rewrite the noising progress
as £ = z + n considering the AWGN channel used in our design, where n ~
CN((),lekxk) is a complex Gaussian vector with covariance matrix Iry; as a
k X k identity matrix [9)].

At the receiver end, the receiver takes the received tensor Z and input it to
the decoder side to restore the original image as I = D(2) which the D(-) refers
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to the decoder deployed on the receiver side. The entire transmission process
can be written as:

I =D(C(E(I))) 3)

The optimal parameters of the model can be get through optimizing the loss
function through gradient descent while the optimization progress is written as:

Omodel = argamin L(Iv D(C(E(I)))) (4)

We select the MSE loss to evaluate the distortion between the two images
which is written as:

1 N M
MSEfN—;; (a;; — bij)|I? (5)

We assume that both transmitter and receiver can estimate the channel noise
power o2 and define SNR as:

P
SNR = 10log,( = )dB (6)
ag

Without loss of generality, we set the P as P = 1. For fair comparison, we
define the bandwidth compression ratio as:

k

TS HxWRC ™

To better evaluate the performance of the proposed scheme, We set the power
constraint as %]E[A* 2] < P. The final output tensor is reshaped to form a ten-
sor with the shape as z € 1 x 1 x 2k. The real numbers of the output tensor
is passed through a normalization layer to force the output tensor to satisfy
the constraint of power following the equation 2 = VkP in which the z*

z*z

denotes the conjugate transpose of z. The output of the normalization layer is
combined into k complex value channel input samples and forms the encoded
signal representation, which is transmitted over the channel.

3 Attention JSCC Method

In this section, we will give a brief introduction on the deep learning based
joint source channel coding used in our system. Our system employs the typical
encoder decoder architecture which can be deployed separately as deploying the
encoder in the edge devices such as cell phones and deploying the decoder on
the server end.
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3.1 Encoder and Decoder

In this section, we provide an overview of the AttenJSCC system used in our sys-
tem, depicted in Fig. 2. The architecture comprises an encoder that compresses
the input image into a feature vector for transmission and a decoder that recon-
structs the image from this feature vector. The encoder consists of four main
components: the encoding block, encoding Res-block, the Enhanced Attention
Feature (EAF) module, and the ECA attention block, with the decoder featuring
symmetrical counterparts.

The encoding block includes a 2D convolution layer, generalized divisive nor-
malization (GDN) [10] and a PReLU activation function, with the latter chosen
for its adaptability to noised data due to a learnable parameter o when = < 0.
The encoding Res-block [11], designed to mitigate degradation in deep learning,
comprises two convolution layers. The input tensor is first padded to proper
size and then normalized using a GDN layer and activated via PReLU. The
subsequent layer repeats this process, excluding the final PReLU activation.
An optional dropout layer is incorporated to prevent overfit. The ECA attention
mechanism [12], known for its simplicity and effectiveness, has been used in mul-
tiple networks. The ECA attention mechanism pools the input tensor along the
channel dimension to form a factor vector, which is then convoluted to scale the
input tensor in the channel dimension. The scaled tensor is residual connected
to the input tensor to form the encoding Res-block output tensor.

This tensor then enters the proposed EAF module which adjusts channel
weights to enhance features and reduce noise impact through an attention mech-
anism. Received tensor will be flattened to add restore the height and width
dimension. In the decoder, the Transposed Conv2D and the inverse GDN effec-
tively reverse the encoding process. The rest parts in the decoding module
remains symmetric as the encoder.

g
5
S

GDN

$
GDN
Attention

Tranpose
Conv2D-5

ECA
Attention

ECA
Attention

Fig. 2. Proposed model overview. We stack the Conv2D PReLU function, Res-block,
GDN normalization and EAF module together as the encoder block, the final block
doesn’t include EAF module. ‘-i’ denotes the i-th module and correspond to the param-
eter in the following section.
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3.2 Enhanced Attention Feature Module

In this section, we introduce the Enhanced Attention Feature (EAF) Module
used in our architecture. Previous approaches [13] used an Attention Feature
(AF) module [14] that concatenated the SNR and feature vector to output a
reweighed feature vector, aiming to mitigate noise effects. However, we suppose
that a separation in the reweighting process, allowing the network to distinctly
enhance image features and diminish noise effects. To better restore the origi-
nal image, the weights of core feature maps should be amplified first and the
amplified feature vector should be recalibrated with SNR afterwards.

Figure 3 depicts the EAF module’s structure. It starts with global average
pooling across the channel dimension of the input tensor to derive a factor tensor
that reflects the weight of features across different channels. This tensor under-
goes transformation through a linear layer and a PReLU function [15], repeated
twice to refine the feature weighting factor. Subsequently, this factor tensor is
merged(concatenated) with an SNR value to form an SNR factor vector, which
is processed through another linear layer and a Sigmoid function to produce the
final scaling weights. These weights are then applied element wise multiplica-
tion to the original tensor to produce the scaled tensor, effectively adjusting the
image data in response to varying SNR levels. The performance of our design is
evaluated in the following section.

SNR!

(a) Image Feature Extraction (b)Channel Feature calibrations
_____________ hl i |
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- [ I m
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|
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Fig. 3. Proposed Enhanced Attention Feature Module. EAF module contains three
parts: (a) Image Feature Extraction, (b) Channel Feature Calibrations, (c) Feature
Reweight.

4 Implementation and Performance Evaluation
4.1 Experiment Setup

We conducted multiple experiments to evaluate our proposed model’s effective-
ness using the CIFAR-10 dataset, which contains 60,000 32 x 32 training images.
We split the dataset into training and test sets at a 5 : 1 ratio. The initial learn-
ing rate was set at 1072 and was reduced by 0.1 every 400 epochs, with training
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capped at 2000 epochs. We incorporated early stopping to halt training if the
validation loss did not decrease by at least 0.00005 over 50 epochs. The training
used a mini batch size of 64, and performance evaluation involved transmitting
each image 50 times to counteract channel randomness.

Table 1. Encoder and Decoder parameters

Operation Parameters Operation Parameters
conv2D-1(9 x 9 x 256 X 2 X 4[transconv2D-15 x 5 x 256 X 1 X 2
conv2D-2|5 X 5 x 256 X 2 x 2[transconv2D-25 x 5 x 256 x 1 X 2
conv2D-3|5 x 5 x 256 x 1 x 2|transconv2D-3|5 x 5 x 256 x 1 x 2
conv2D-4 |5 X 5 x 256 x 1 x 2[transconv2D-4/5 x 5 X 256 X 2 X 2
conv2D-55 X 5 X 256 X 1 X 2[transconv2D-5| 8 X 8 X 3 X 2 x 2

This setup was implemented in PyTorch, using the Adam optimizer [16] and
MSE loss. Input images were normalized from [0,1] to [—1,1] by dividing by
the maximum pixel value of 255 and normalization. The GDN and iGDN layers
used a fixed reduction parameter of 16. The channel configuration was set as
[3, 256, 256, 256, 256, C], with the inverse configuration in the decoder. The C
denotes the final output channel. The output channel will be set as 8 for the
bandwidth ratio v = ﬁ The detailed parameters used in our design is listed
in Table 1. The notation K x K x F' x S x P denotes a Conv2D /TransConv2D
layer with F' filters with kernel size K x K and stride S which pads the input
tensor with P. For the 2D convolution layer used in the Res-block, we set the

kernel size of the filter as 3.

4.2 Performance Evaluation

We first investigate the performance of our proposed deep AttenJSCC algorithm
in the AWGN setting. We change the SNR used in the testing scenario and use
PSNR [17] as the metric to evaluate the performance of the proposed scheme.
Figure 4 illustrates the performance of our proposed scheme under different test-
ing scenario while the compression is set to 1—12 For low SNR regime, performance
has surpassed some of the most powerful communication schemes in prior work.
Our proposed scheme achieved an amazing performance and reached a PSNR
of 22.97 dB when the channel situation is extremely limited (SNR = —2 dB,
indicating that the power of noise has surpassed the power of signal). When the
AttenJSCC is tested on 3dB, the performance is even on par with the some of
the DL based methods trained on medium and high SNR region thus exhibit-
ing stronger noise resistance capability. For high SNR regime, our work remains
competitive as the results illustrate that our scheme outperforms prior work.
Figure5 illustrates the performance of our proposed scheme under different
1

testing scenario while the compression is set to 5. Our work remains competi-

tive under the whole SNR range. In challenging low SNR scenarios, performance
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Fig. 4. Performance under different test SNR on CIFAR-10 test images while R =
1/12. The curve of AttenJSCC is trained under the uniform distribution of SNR from
0dB to 20 dB. Each curve of DeepJSCC is trained at a specific SNR.

of our work falls within a moderate range when compared to the DeepJSCC-f.
However, we want to emphasize that our work has more advantages and is eas-
ier to implement. First, our work is trained on a target SNR range rather on
specific target SNR value such that the edge devices only need to store one set
of parameters rather than multiple sets. Second, our work is made up of simple
encoder decoder architecture rather than complicated architecture with feed-
back. When compared with ADJSCC, the performance on higher SNR regime
generally resides within a moderate spectrum. Our architecture demonstrates
stronger image recovery capabilities in low SNR environments thus we believe
that it may be prone to overfitting in high SNR regions. Such performance degra-
dation can be seen as reasonable tradeoff for the performance improve under low
SNR.

Also, to test our architecture’s performance on larger images, we implemented
extensive experiments on Kodak [18] images, which has 24 high quality images
with 768 x 512 resolutions and is frequently used as a standard dataset for
evaluating image compression performance. The performance is compared with
DeepJSCC under different scenarios and the result is shown in Fig. 6. We trained
our model on COCO2017 dataset [19] until convergence. COCO2017 is a high
quality and high resolution image dataset with elaborate notations and contains
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Fig. 5. Performance under different test SNR on CIFAR-10 test images while R =1/6.
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Fig. 6. Performance under different test SNR on Kodak images while R =1/12.

complicated scenarios rather than simple objects which is harder to restore. Dur-
ing evaluation, each image in Kodak dataset is transmitted 30 times to diminish
the randomness of channel noise. Figure6 illustrates that the performance of
proposed system is competitive even on larger and complicated images.
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Fig. 7. Loss curve for different setup. The rest of the network remains same while using
different Attention Feature module.

To compare the effectiveness of our proposed enhanced attention feature
module, we show the loss curves of two different setups in Fig. 7 which illustrates
the loss curve of two different setups. The only difference in the two experiment
setup is the attention feature module. We can tell from the loss curve that
the proposed module helps to converge to a better solution point faster. Such
performance comparison shows that our proposed EAF module captures the
inner feature of the image better and thus amplify the weight of core features
before interacting with the channel SNR.

5 Conclusion

In this paper, we have proposed a novel deep attention joint source channel
coding named AttenJSCC architecture for transmitting images over wireless
channels. In this architecture, both the encoder and decoder are designed as
complementary convolutional neural networks and are trained jointly to min-
imize the MSE of the reconstructed images. We implemented relative experi-
ments thus demonstrates validity of proposed EAF module. Also, we evaluated
the performance of this AttenJSCC approach against some of the most power-
ful and famous previous works on both small datasets with single objects and
large datasets with complicated scenarios. Our extensive numerical simulations
demonstrate that AttenJSCC significantly outperforms particularly in environ-
ments with low SNR condition.
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