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Abstract

Geostationary Earth Orbit (GEO) satellite communication
demonstrates significant advantages in emergency short burst
data services. However, unstable satellite networks, particu-
larly those with frequent packet loss, present a severe chal-
lenge to accurate image transmission. To address it, we
propose a loss-resilient image coding approach that lever-
ages end-to-end optimization in learned image compression
(LIC). Our method builds on the channel-wise progressive
coding framework, incorporating Spatial-Channel Rearrange-
ment (SCR) on the encoder side and Mask Conditional Ag-
gregation (MCA) on the decoder side to improve recon-
struction quality with unpredictable errors. By integrating
the Gilbert-Elliot model into the training process, we en-
hance the model’s ability to generalize in real-world network
conditions. Extensive evaluations show that our approach
outperforms traditional and deep learning-based methods in
terms of compression performance and stability under diverse
packet loss, offering robust and efficient progressive trans-
mission even in challenging environments. Code is available
at https://github.com/NJUVISION/LossResilientL.IC.

1 Introduction

Geostationary Earth Orbit (GEO) satellite communication
offers distinct advantages over internet-based or Low Earth
Orbit (LEO) satellite (e.g., Starlink) transmission, includ-
ing wide signal coverage and all-weather synchronization.
These benefits make it particularly suitable for navigation,
communication in remote areas, and short burst data ser-
vice, as it is less vulnerable to harsh environments. How-
ever, GEO satellite communication often suffers from ex-
tremely low available bandwidth, large transmission inter-
vals between packets, and severe packet loss (Withers 1977;
Vishwakarma, Chauhan, and Aasma 2014), posing signifi-
cant challenges for emergency image transmission.

Over the past few decades, image compression technolo-
gies have focused on reducing bitrate consumption under
bandwidth constraints. From traditional rules-based image
coding standards like JPEG (Wallace 1992), BPG (Bellard
2014), and WebP (Si and Shen 2016) to recent learned im-
age compression (LIC) methods (Ballé et al. 2018; Min-
nen, Ballé, and Toderici 2018; Lu et al. 2022; Liu, Sun, and
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Figure 1: Visualizations of reconstruction results with packet
loss. Even under progressive transmission, burst packet loss
can disrupt the subsequent reconstruction, leading to un-
avoidable pixel error in JPEG2000 or color deviation in
ProgDTD. Our proposed method demonstrates generalized
resilience to unpredictable loss.

Katto 2023), substantial progress has been made in enhanc-
ing compression performance. In light of high network la-
tency, progressive coding (also known as scalable coding)
techniques (Rabbani and Joshi 2002; Lee et al. 2022; Hoj-
jat, Haberer, and Landsiedel 2023) have been developed to
allow image previews using received packets. These algo-
rithms encode images into a single scalable bitstream, im-
proving the quality of the reconstructed image as more com-
plete packets are received. However, currently, few efforts
have been made to consider the impact of packet loss on re-
construction results, especially in learning-based methods.
Given an encoder-decoder pair typically deployed in
transmission systems, the encoder attempts to eliminate re-
dundancy from the input image, creating a compact rep-
resentation that encapsulates essential information (e.g.,



brightness or color) for reconstruction at the receiver. This
information is distributed across various packets without
any intended redundancy or protection mechanism. When
packet loss occurs, the stored information is permanently
lost, making restoration during decoding impossible. The
decoder then faces difficulties in reconstruction when it re-
ceives incomplete data, as the missing packets induce a shift
in feature distribution that the decoder cannot accommodate.
Such unpredictable packet loss can not only lead to a decline
in reconstruction quality but also cause substantial decoding
errors, such as pixel error or color deviation, which are illus-
trated in Fig. 1.

To address these issues, we propose a loss-resilient ap-
proach leveraging the end-to-end optimization of LIC. Our
framework builds upon the training-aware progressive cod-
ing method ProgDTD (Hojjat, Haberer, and Landsiedel
2023), achieving bitrate scalability over the channel dimen-
sion in extremely low-bandwidth satellite networks. Given
that each channel of encoded features contains distinctive
information critical for decoding (Duan et al. 2022), we in-
troduce a spatial-channel rearrangement mechanism on the
encoder side, which reallocates each channel’s information
across multiple ones to prevent irreversible errors. At the de-
coder end, we employ the Mask Conditional Aggregation
(MCA) module by extracting the loss mask from the re-
ceived incomplete features and using it as additional condi-
tion information for the decoder along with the received fea-
tures. This approach enhances reconstruction results through
effective loss modeling. Furthermore, we incorporate packet
loss simulation using the Gilbert-Elliot model (Gilbert 1960;
Elliott 1963) into the training process to improve the gener-
alization of our model in real network environments.

Extensive evaluations using commonly used datasets
demonstrate that our method surpasses both traditional
and deep learning-based approaches in compression per-
formance and loss resilience stability under various ran-
dom packet loss rates. Our algorithm generalizes well in
both simulation and real networking evaluations, preventing
pixel error or color deviation during progressive transmis-
sion. Moreover, our approach introduces an acceptable level
of computational complexity, making it practical for real-
world applications.

Our contributions can be summarized as follows:

* We achieve loss-resilient image coding through spatial-
channel rearrangement on the encoder side and mask
conditional aggregation on the decoder side.

e We introduce the Gilbert-Elliot model to guide the train-
ing of our model, enhancing its generalization in both
simulated and real-world satellite networks.

» Experiments demonstrate that our method performs bet-
ter in various simulated and real-world environments,
providing efficient and stable progressive transmissions.

2 Related Work
2.1 Learned Image Coding

Recent advancements in LIC have notably improved the
compression performance. Unlike traditional techniques
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such as JPEG and JPEG2000 (Rabbani and Joshi 2002),
neural network-based methods utilize end-to-end training to
adaptively derive optimal feature representations, achieving
a superior balance between compression ratio and image
quality. Ballé et al. (Ballé, Laparra, and Simoncelli 2016)
introduced the first end-to-end image compression method
leveraging the Variational Auto-Encoder (VAE) (Kingma
and Welling 2013), which was then enhanced by learning
the probability distribution of the latent representation using
a hyperprior model (Ballé et al. 2018). Furthermore, Minnen
et al. (Minnen, Ballé, and Toderici 2018) proposed to estab-
lish spatial feature distribution dependencies using the au-
toregressive model. Although this method further enhanced
compression performance, it introduced dependencies in
distribution estimation, which complicated the decoding
of subsequent features under packet loss. The succeeding
works primarily focused on advancing the aforementioned
framework, either by employing more sophisticated trans-
form networks (Lu et al. 2022; Liu, Sun, and Katto 2023) or
designing more efficient context models (Minnen and Singh
2020; He et al. 2021), to enhance the compression perfor-
mance and computational efficiency of LIC.

Among them, progressive coding techniques have been
developed to improve the user experience, particularly in
high-latency network environments. This method allows im-
ages to be basically decoded in a coarse reconstruction,
which gradually becomes clearer as more bitstream is re-
ceived. Toderici et al. (Toderici et al. 2015, 2017) proposed
a progressive coding method by utilizing Recurrent Neural
Networks (RNNs). Cai et al. (Cai et al. 2019) introduced a
method that utilized two scales of latent representations to
achieve progressive coding. Hojjat et al. (Hojjat, Haberer,
and Landsiedel 2023) demonstrated the varying significance
of data stored in the latent channels. With the double-tail-
drop strategy, prioritized channels were transmitted first, fa-
cilitating progressive coding via receiving ordered channels.

2.2 Loss-Resilient Methods

Loss-resilient methods are designed to address random
packet loss during transmission. These methods develop
strategies for potential error control or concealment to im-
prove reconstruction quality across the compression and
transmission process. The representative methods include
Forward Error Correction (FEC) (MacKay and Neal 1997;
Castura and Mao 2006), which involves introducing redun-
dancy into the bitstream as a safeguard. While this approach
may decrease the coding efficiency, it helps to mitigate the
occurrence of errors to some extent. Another solution in-
volves coding adjacent macroblocks independently and di-
viding them into separate packets, as suggested in (Chu
and Leou 1998; Ismaeil et al. 2000). This method reduces
the impact of packet loss but limits the encoder’s ability to
exploit redundancy between adjacent macroblocks, result-
ing in a larger bitstream size. Other methods, such as post-
processing at the decoder side, can also help to alleviate
packet loss errors. Wang et al. (Zhu, Wang, and Shaw 1993;
Wang, Zhu, and Shaw 1993) introduced an image restoration
algorithm designed to recover the lost packet data, function-
ing as a low-pass filtering while overlooking detailed infor-
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Figure 2: Overview of the architecture of our proposed los:
resilient image coding method. AE and AD represent aritl
metic encoding and decoding, respectively.

mation. This approach often yields limited benefits and also
adds computational complexity to the decoder.

Deep learning-based methods rarely take into account the
impact of packet loss on compression model performance.
Cheng et al. (Cheng et al. 2024) introduced random packet
loss during training to help the video codec adapt to feature
distribution shifts caused by packet loss. However, this ap-
proach only attempted to make the model fit additional data
beyond the training set and did not explicitly incorporate
loss-resilient structures into the model design. Our proposed
method aims to enhance loss resilience in LIC by integrating
specific anti-loss strategies. In contrast, Liu et al. (Liu et al.
2023) address JPEG corruption through post-repair strate-
gies but significantly increase decoding complexity. Ours
enhances loss resilience in LIC by integrating specific anti-
loss strategies directly into the codec design, ensuring robust
performance in unstable networks with minimal computa-
tional overhead

3 Proposed Method
3.1 Preliminary

We illustrate our proposed loss-resilient method using the
milestone LIC framework proposed by Ballé et al. (Ballé
et al. 2018). The overall architecture is depicted in Fig. 2.

Given an input image x € R *Wx3 the analysis encoder
ga(+) is firstly applied to derive the compact latent represen-
tation y, which will be quantized (denoted by “Q”) into ¥
for further entropy coding. To obtain an accurate distribu-
tion estimation for ¥, the hyper encoder h,(-) and decoder
hs(+) pair is employed to generate the parameters mean fi
and scale &, assuming a Gaussian distribution. The hyper-
prior variable z is subsequently quantized into discrete rep-
resentation Z for entropy coding using the simple factorized
model, which is omitted in Fig. 2 for simplicity. Once the
encoded bitstreams of ¥ and Z are properly transmitted, the
synthesis decoder g, (-) can reconstruct the desired output X.
The entire model utilizes a rate-distortion (R-D) loss func-
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Figure 3: A spatial-channel rearrangement example. Feature
points denoted by “0” from four channels are rearranged into
a grid in a new channel. When the second rearranged chan-
nel is lost, the error is distributed across all four channels.

tion for end-to-end optimization by
L=R(®{)+R(Z)+ A D(x,%)
=R(¥) + R(2) + A-D(x,95(¥)), M
where § = Q(ga(x)).

Here, R(§) and R(Z) represent the bitrates consumed by
¥ and Z, respectively, and D(x, %) denotes the distortion
between the reconstructed image X and the input image x.
The parameter )\ acts as a Lagrange multiplier, balancing the
trade-off between rate and distortion.

To enable progressive coding under the extremely low-
bandwidth satellite network, we follow the method in
ProgDTD (Hojjat, Haberer, and Landsiedel 2023) and adopt
the double-tail drop strategy (Koike-Akino and Wang 2020).
By randomly zeroing out the channels at the tail of latent
features during training, the model learns to concentrate im-
portant information in the earlier channels. This allows for
progressive decoding by sequentially transmitting the pack-
aged channels. We adopt this approach because it is simple
and efficient, requiring no additional network modules while
still achieving remarkable progressive coding performance.

Considering potential packet loss issues, we enhance
the resilience of the LIC model from both the encoder
and decoder perspectives, based on the channel-wise pro-
gressive coding pipeline. On the encoder side, we apply
Spatial-Channel Rearrangement (SCR) to distribute infor-
mation from each channel across multiple different chan-
nels, thereby preventing the complete loss of crucial in-
formation (detailed in Section 3.2). On the decoder side, a
Mask Conditional Aggregation (MCA) module is employed
to model the packet loss condition, allowing the decoder to
adapt to the distribution shift caused by incomplete trans-
mitted features (explained in Section 3.3). Moreover, the
Gilbert-Elliot model is introduced to simulate the potential
loss conditions and enhance model generalization in real
network environments (described in Section 3.4).

3.2 Spatial-Channel Rearrangement

As mentioned earlier, the encoder network g, (+) is dedicated
to eliminating the redundancy from the input image, having
a compact representation across the spatial-channel dimen-
sion. According to the observations in (Duan et al. 2022), the
diverse channels of the latent features independently contain
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Figure 4: Pipeline of mask conditional aggregation 1

information such as brightness, color, or edges, whi

be unrelated to one another. In the context of chanr
transmission, as used in this work, if packet loss occ
channel that is not correlated with others, it can cat
versible degradation in the reconstruction result. Therefore,
from the encoder perspective, it is essential that each chan-
nel has correlated counterparts for error control.

To achieve this, we introduce Spatial-Channel Rearrange-
ment (SCR) on the latent feature y to obtain the rearranged
feature ¥ losslessly, which is depicted in Fig. 2. Taking
four adjacent channels in Fig. 3 as an example, we arrange
the feature points at the same spatial location into a 2 x 2
grid. This grid is first filled into the top-left corner of the
rearranged channel, and then continues sequentially until
the four new channels are fully populated. This process dis-
tributes the features from each original channel across four
new channels, thereby enhancing inter-channel correlation.
When packet loss does not occur, applying the inverse SCR
(InvSCR) on the decoder side does not change the input fea-
ture to the decoder. If any one channel is lost, its information
can still be reconstructed using the remaining three channels,
effectively minimizing unrecoverable errors.

Following the LIC procedure, hyper features are then ex-
tracted using the rearranged latent " for distribution model-
ing. Although our proposed SCR modifies the original spa-
tial relationships of the latent features, it introduces a degree
of spatial decorrelation. This facilitates the hyperprior under
the assumption of independent and identical distribution and
does not adversely affect overall coding efficiency (Ali et al.
2024), which can be demonstrated in Section 4.3.

Due to complexity considerations, this work selects four
sequential channels as the process window for SCR. As an
extreme case, during the practical packetization process, we
will check the last channel in each packet. If the channel
number is a multiple of 4, we move it to the next packet. This
approach reduces the impact of packet loss without compro-
mising the performance of progressive coding.

3.3 Mask Conditional Aggregation

The key to the success of deep learning-based image com-
pression algorithms lies in their ability to learn general en-
coding and decoding transformations through end-to-end
optimization, based on the distribution of the training data.
However, unknown packet loss can cause a shift in the dis-
tribution of the latent features received by the decoder, lead-
ing to an inability to accurately reconstruct the intended re-
sult. Even with the addition of random mask training as in
(Cheng et al. 2024), the model still cannot learn to adapt to
the dedicated packet loss, especially in complex real-world

12509

Simulated Network

Figure 5: Network simulation using Gilbert-Elliot model.

environments.

To this end, we propose a Mask Conditional Aggregation
(MCA) module on the decoder side to enhance the ability
to adapt to the feature distribution with packet loss. Suppose
the rearranged latent feature §”, we employ a binary mask
m" € {0,1}“ to denote which channel in §" has been lost
during transmission. m{ = 1 indicates ] is received, and
m; = 0 means it is missing (1 < ¢ < C). As a result, the
received incomplete feature can be derived by

2)

where © refers to element-wise multiplication. After apply-
ing InvSCR, we can obtain the original arrangement of the
latent feature y and its corresponding loss mask m.

To aggregate the incomplete feature conditioned on the
packet loss, we deploy a simple two-layer convolutional net-
work followed by GELU (Hendrycks and Gimpel 2016) ac-
tivations to model the mask m. This mask is then concate-
nated with y to obtain the combined feature. An extra convo-
Iutional layer with the GELU activation is used for feature
fusion to input into the decoder. With the incorporation of
MCA, the R-D loss can be extended from Eq. (1) by

L=R(F")+R(Z)+ X D(x,g9s(M(y,m))),
wherey = y © m.

yr _ yr @mr,

3

M responds to the MCA module. By explicitly modeling the
mask, the decoder can aggregate features based on specific
packet loss conditions, thereby adapting more effectively to
feature distribution shifts caused by packet loss.

It is worth noting that as long as the bitstream for the hy-
perprior Z is fully received during transmission, the distribu-
tion estimate will remain consistent with the encoder side.
This ensures the entropy decoding can proceed properly on
the decoder side, even if the packets of §" are not completely
transmitted. As a result, in this work, it is necessary to ensure
the lossless transmission of the hyperpriors.

3.4 Packet Loss Simulation

So far, we have proposed loss-resilient algorithms for both
the encoding and decoding sides. End-to-end simulated
training has been employed to enhance the model’s resis-
tance to packet loss. However, in real transmission envi-
ronments, packet loss conditions are often complex and un-
predictable, deviating from the uniform random distribution
assumed in (Cheng et al. 2024). Therefore, by more accu-
rately modeling these packet loss conditions, we can guide
the model’s simulated training to achieve better generaliza-
tion with real-world scenarios.



PSNR(dB) PSNR(dB) PSNR(dB)
Pe Method bpp mean T wvar | bpp mean T wvar | bpp mean T wvar ]
JPEG2000 | 0.137 24201 0.133 | 0.205 24.517 0.269 | 0.342 25.013 0.310
59 Baseline | 0.133 26.551 0392 | 0.215 26976 0.397 | 0.336 28.619 0.991
ProgDTD | 0.133 26.312 0.436 | 0.221 26.877 0.820 | 0.359 27919 0.564
Random | 0.133 26.657 0.064 | 0.220 27.754 0.061 | 0.351 29.256 0.151
Ours 0.131 26.850 0.015 | 0.210 28.247 0.043 | 0.338 29.561 0.007
JPEG2000 | 0.137 23.448 0.220 | 0.205 23.626 0.226 | 0.342 23966 0.318
10% Baseline | 0.133  25.131 0485 | 0.215 25.855 0.195 | 0.336  27.056 0.803
ProgDTD | 0.133 24701 0.979 | 0.221 25.695 1.007 | 0.359 26.711 0.604
Random | 0.133 25.858 0.195 | 0.221 27.320 0.156 | 0.351 28.569 0.041
Ours 0.131 26.342 0.061 | 0.210 27.605 0.100 | 0.342 28.801 0.007
JPEG2000 | 0.137 22.530 0.304 | 0.205 22.524 0.313 | 0.342 22564 0.337
20% Baseline | 0.133  23.257 1.222 | 0.215 22.524 1.666 | 0.336 23.592 1.341
ProgDTD | 0.133  23.625 0.518 | 0.221 23.740 1.258 | 0.359 23919 1913
Random | 0.133 25217 0.071 | 0.228 25.886 0.192 | 0.358 27.620 0.016
Ours 0.131 25,578 0.108 | 0.217 26.617 0.043 | 0.346 27.966 0.043

Table 1: Performance comparison of models under packet loss with a uniform distribution, where p. represents the probability
of packet loss, mean and var respectively represent the average PSNR and variance for 10 test samples at each bitrate. The
bold values indicate the best results. The symbol | signifies that a smaller value is better for that metric, while 1 indicates that

a larger value is preferable.

To address it, we introduce the Gilbert-Elliott (GE) model,
a two-state Markov method, to simulate the real-world net-
work environment. This model is widely used to character-
ize error patterns in networks with lossy connections and
to analyze the performance of error detection and correc-
tion techniques (HaBlinger and Hohlfeld 2008). As shown
in Fig. 5, the symbol G represents the network being in a
“Good” state, while the symbol B denotes the network be-
ing in a “Bad” state. Both states can independently cause
errors, with each error occurring as a separate event. We de-
note the state-dependent error rates as 1 — k in state G and
1—hin state B. Having the state at any given time ¢ denoted
by ¢, the transition probabilities between continuous states
are represented by p and r:

P:P(Qt:B\QtA:G) 4
P(Qt =G \ di—1 = B) (5)

This implies that the network’s condition at a previous mo-
ment influences its condition at the current, which is intu-
itively reasonable in real-world environment.

In real transmission environments, when performing
channel-wise progressive coding, packet loss conditions are
difficult to simulate but often exhibit a sustained period. This
means that if one channel is lost, the probability of los-
ing the subsequent channel also increases. The GE model
easily accommodates such simulations, whereas a random
mask cannot, significantly degrades its loss resilience in
actual network environments. On the other hand, consid-
ering that packetization is not performed during the train-
ing process, by which channels are grouped and transmit-
ted based on bitrate constraints during transmission. Conse-
quently, the probability of losing multiple channels within
the same group increases significantly. This scenario aligns
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with the assumption of GE model and better reflects the po-
tential packet loss conditions that may occur.
To sum up, the overall training objective is described as:

L=R(") +R(2) + A D(x,9:(M(y,m))), (6)
wherey = ¥y ©m, m ~ P(m).

P(m) represents the distribution function that models the
packet loss, which can either be a uniform distribution or
simulated distribution by the GE model.

To distinguish between the tail-drop method in progres-
sive coding and the zeroing strategy used to simulate net-
work packet loss, different approaches are taken during the
training and inference stages. During training, the tail-drop
method randomly selects a certain number of tail channels
to zero out in each iteration, while packet loss simulation
zeros out any channel based on the distribution model’s se-
lection. In the practical inference stage, the tail-drop method
directly removes channels that do not need to be transmitted
at the current level, whereas packet loss evaluation zeros out
the channels corresponding to the lost packets. These two
approaches are not in conflict with each other.

4 Experimental Results
4.1 Implementation Settings

Datasets We use the Flicker2W dataset (Liu et al. 2020)
for training which will be randomly cropped into the size
of 256 x 256. We perform the evaluation experiments us-
ing the Kodak dataset (Kodak 1993) with the resolution of
768 x 512, which is the size acceptable for extremely low-
bandwidth transmission. To thoroughly validate the effec-
tiveness of our method, we also provide the experiments on
the dataset with 2K resolution in appendix.



Training details We select the “mbt-mean” model (Ballé
et al. 2018) implemented in the open-source CompressAl li-
brary (Bégaint et al. 2020) as our baseline model. We also
provide a higher-performance version in appendix. Three
lower bitrate points are selected to cover the extremely
low bandwidth range of satellite networks, corresponding
to lambda values of 0.0018, 0.0035, and 0.0067 when us-
ing Mean Squared Error (MSE) optimization. The reason to
choose MSE optimized model is that emergency scenarios
require a high level of image fidelity.

During training, we need to simultaneously simulate tail-
drop loss in progressive coding and network packet loss.
The tail-drop rate is randomly selected within the range [0,
1.0] as described in (Hojjat, Haberer, and Landsiedel 2023).
To simulate varying packet loss rates with moderate fluctu-
ations in practice (Cheng et al. 2024), we randomly select
values from [0.5%, 1.5%, 2.5%, 3.5%, 5%] to approximate
the 5% packet loss rate, from [1%, 3%, 5%, 7%, 10%] to
simulate the 10%, and from [2%, 6%, 10%, 14%, 20%] to
simulate the 20%. For real-world satellite network simula-
tion during training, we set the GE model parameters [p, r,
h, k]t0 [0.378, 0.883, 0.810, 0.938], as derived from (Pieper
2023), to simulate a 10% packet loss rate, based on our prac-
tical evaluations.

All training is conducted on an NVIDIA RTX 3090 GPU,
with 200 epochs and a fixed batch size of 16. We choose
Adam as the optimizer and the learning rate is set at 10~

Testing Setup The testing involves a specific packetiza-
tion process. We have predefined a maximum packet size of
900 bytes according to commercial short burst data design.
Using our packetization strategy (refer to appendix), chan-
nel information within the bitrate limit is placed in a single
packet, representing a layer of progressive transmission.

As mentioned earlier, the hyperprior bitstream, which
constitutes only around 6% of the entire bitstream, serves as
the foundational information and will not experience packet
loss in our evaluations, ensuring consistency in the entropy
model between encoding and decoding. For fairness, we also
ensure that the base layer of JPEG2000 in our comparison
method does not experience packet loss, as this would pre-
vent proper reconstruction in subsequent steps.

4.2 Evaluation

Performance Under Packet Loss We first evaluate loss
resilience in a network with uniformly distributed packet
loss, comparing performance at 5%, 10%, and 20% loss
rates (Table 1). The “Baseline” refers to the “mbt-mean”
model, while ”"Random” uses the baseline trained with ran-
dom channel masking. Our model achieves significantly bet-
ter reconstruction quality (higher average PSNR) and greater
stability (lower variance) compared to others.

Subsequently, we evaluate our model in a simulated net-
work using the GE model. we adjust the packet loss rate to
15% during testing by setting [p, r, h, k] to [0.417, 0.973,
0.620, 0.948], even though our model is trained with a 10%
GE model. This adjustment helps verify the method’s gener-
alization after optimization with the GE model. As shown in
Fig.6a, our model outperforms others in both performance
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Figure 6: Performance under the GE model and the real-
world GEO satellite network. The line graph displays the av-
erage RD performance over 10 evaluated samples, with the
error bar indicating the PSNR range. “U” refers to training
with the uniform distribution, while “GE” indicates training
with the GE model to simulate the packet loss.

and stability, especially compared to models trained with
uniform packet loss. Additionally, testing on a real GEO
satellite network (Fig.6b) confirms its superior performance
and generalization, highlighting the importance of realistic
network modeling for improved loss resilience.

Progressive Coding Under Packet Loss Previous experi-
ments only validate the impact of packet loss on reconstruc-
tion quality. However, by introducing the progressive cod-
ing under bitrate constraint, packet loss can lead to more
unpredictable issues. We visualize the reconstruction results
of three progressive transmission schemes under random
packet loss, i.e., JPEG2000, ProgDTD, and our proposed
method in Fig. 7. For JPEG2000, packet loss prevents cor-
rect decoding of subsequent packets, keeping reconstruc-
tion quality low despite receiving more packets. Although
ProgDTD can still improve reconstruction quality during
progressive transmission, the loss of critical color informa-
tion (packet #3 in this example) leads to severe color devia-
tion. In contrast, our method demonstrates generalized pro-
gressive decoding and significantly outperforms the compar-
ison methods in terms of compression performance. More
visualization results can be found in the appendix.

Complexity Table 2 reports the parameters, as well as the
encoding and decoding time of our method. Due to the ad-
ditional SCR introduced at the encoding end, encoding time
has increased slightly. At the decoding end, incorporating
the MCA network has resulted in a modest increase in the
total number of parameters, which also leads to a slight ex-
tension in decoding time along with the InvSCR. We be-
lieve that the minor increase in complexity is acceptable
in practice, and as the parameter count of the compression
model increases, the additional complexity introduced by
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Figure 7: Visualizations of progressive coding under packet loss on Kodim20. #p denotes the reconstructed result after receiving
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the 6th packet is also lost (for JPEG2000, only the 3rd packet is lost). The fourth column shows the decoded results after the
progressive transmission is completed with packet loss. Our method consistently demonstrates superior performance.

our method will become negligible.
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Figure 8: Ablation studies on modular contributions.

4.3 Ablation Studies

We examine the performance gains of each module by inte-
grating them individually into the progressive training, un-
der a 10% packet loss. As shown in Fig. 8a, each mod-
ule substantially enhances the performance, with the MCA
module demonstrating an even greater advantage. Further-
more, the combination of modules further improves the loss
resilience of the model. We also verify from Fig. 8b that
SCR has minimal impact on overall coding performance. Al-
though SCR disrupts the original feature positions, it does
not substantially affect distribution modeling and instead
provides significant improvements in loss resilience.
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Method Params (MB) EncT /DecT (ms)
w/o our method 26.80 89.15/39.30
w/ our method 28.53 93.35/50.17

Table 2: Comparison of model complexity before and af-
ter integrating our loss-resilient method. “Params” denotes
model size. “EncT” and “DecT” respectively represent the
encoding and decoding time to process an image in Kodak.

5 Conclusion

This paper proposes a loss-resilient LIC method tailored for
unstable satellite networks. It enhances compression per-
formance under packet loss through the encoder-side SCR
mechanism and decoder-side MCA module. By integrating
the GE model to simulate packet loss, our method demon-
strates generalization on both simulated and real-world GEO
satellite networks. Our work explores a simple and efficient
network adaptation method from the perspective of source
coding, which has a positive impact on the application of
LIC in practical communication scenarios. However, it still
cannot address packet loss issues under distributional depen-
dencies, meaning that the loss of any packet affects the sub-
sequent probability estimation. Future work will focus on
exploring the potential of LIC methods integrated with au-
toregressive context models for loss resilience.
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