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Abstract—Efficient and lightweight image compression is es-
sential for capsule endoscopy systems that are subject to ex-
tremely strict constraints on wireless bandwidth, energy con-
sumption, and on-chip memory. Conventional methods such
as JPEG are content-agnostic, while most learned compression
models remain too computationally expensive for on-device
deployment. This paper proposes CapsuleCoder, a perception-
driven and resource-efficient compression framework for capsule
endoscopy. In this framework, a lightweight encoder firstly
generates an importance-ordered latent representation, enabling
coarse-to-fine reconstruction from partial channel transmission.
Then, an auxiliary classifier predicts lesion probability from
compact feature statistics and dynamically adjusts the number of
transmitted channels, allocating more bits to lesion frames and
fewer bits to non-lesion frames. The on-device pipeline is carefully
designed to operate in a fully streaming manner, avoiding
full feature-map buffering and significantly reducing on-chip
memory requirements. Experiments on the capsule endoscopy
dataset show that CapsuleCoder consistently outperforms the
JPEG standard in terms of compression efficiency. The auxiliary
classifier achieves a recall of 0.94, a precision of 0.62, and an
F1-score of 0.75, ensuring reliable preservation of important
frames and demonstrating the clinical feasibility of the proposed
framework. These results indicate that CapsuleCoder can serve as
a practical compression solution for real-world capsule endoscopy
systems, enabling energy-efficient transmission while maintaining
diagnostic safety.

Index Terms—capsule endoscopy, adaptive image compression,
lightweight image compression.

I. INTRODUCTION

Capsule endoscopy has emerged as an effective and non-
invasive technique for gastrointestinal tract examination, en-
abling long-duration and wide-coverage imaging without the
discomfort associated with conventional wired endoscopes
[1]–[3]. However, capsule systems are subject to extremely
strict hardware constraints, including limited wireless band-
width, finite battery capacity, and severely restricted on-chip
computational and memory resources [3], [4]. Among all sys-
tem components, wireless transmission is one of the dominant
sources of power consumption, and its energy cost increases
with the amount of transmitted data. These limitations in
capsule endoscopes attributes to the poor spatial and temporal
resolution compared to its tethered counterparts. Consequently,
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Fig. 1: Comparison between conventional compression meth-
ods and the proposed CapsuleCoder.

efficient image compression is a key technology for prolonging
system lifetime and improving diagnostic reliability in capsule
endoscopy.

Early studies on capsule endoscopy compression mainly fo-
cused on lossless or near-lossless schemes to ensure diagnostic
safety, such as adaptive prediction and entropy coding based
methods [5], [6]. Although these approaches preserve visual
fidelity, their compression ratios are inherently limited, which
restricts their effectiveness in reducing wireless transmission
load. In practical capsule systems, lossy transform-based meth-
ods, most notably JPEG, have therefore been widely adopted
due to their simplicity, controllable compression ratio, and
mature hardware support [7], [8]. However, JPEG and similar
conventional schemes are fundamentally content-agnostic: the
same compression parameters are applied to all frames regard-
less of their diagnostic importance. In real clinical scenarios,
only a small fraction of frames contain lesions, while the
majority correspond to normal tissues. Uniform compression
thus leads to inefficient bandwidth utilization, either wasting
transmission resources on non-informative frames or degrad-
ing the quality of clinically critical images.

In recent years, neural-network-based image compression
has demonstrated remarkable improvements in rate–distortion
performance by learning compact latent representations and



optimizing compression in an end-to-end manner [9], [10].
Subsequent works have further enhanced compression effi-
ciency through hierarchical priors [11], context-based entropy
models [12], [13], and architectural innovations such as atten-
tion mechanisms and transformer-based structures [14], [15].
Although these models achieve state-of-the-art reconstruction
quality, they rely on deep feature transforms and sophisticated
entropy models, resulting in heavy computational workloads
and large intermediate feature buffering, which are far beyond
the capabilities of capsule endoscopy platforms with extremely
stringent power and memory budgets. To improve deploya-
bility, several lightweight learned compression models have
been proposed by simplifying network architectures or coding
strategies [16]–[18]. Nevertheless, their inference complexity
and feature buffering remain challenging for ultra-low-power
capsule platforms, and most existing methods still focus solely
on reconstruction fidelity without explicitly considering clini-
cal relevance.

These observations highlight two fundamental challenges
for capsule endoscopy compression: (i) the compression strat-
egy should be adaptive to the diagnostic importance of each
frame, and (ii) the compression model must be extremely
lightweight and hardware-friendly to enable true on-device
deployment.

To address these challenges, we propose a perception-driven
and resource-efficient compression framework named Capsule-
Coder, which is specifically tailored for capsule endoscopy
systems. The proposed method tightly couples lightweight
neural compression with lesion-aware adaptive transmission.
A compact encoder generates an importance-ordered latent
representation, while an auxiliary lightweight classifier pro-
vides semantic guidance to dynamically adjust the number
of transmitted latent channels. Frames predicted as lesion-
positive are allocated more bits to preserve diagnostically
critical details, whereas non-lesion frames are encoded with
higher compression ratios to minimize bandwidth usage and
transmission power. Compared with existing lesion-agnostic
compression schemes that adopt a unified bitrate for all frames,
CapsuleCoder enables a perception-driven adaptive bitrate
allocation mechanism, as conceptually illustrated in Fig. 1.

II. METHOD

A. Overall Framework

As illustrated in Fig. 2 (a), the lightweight encoder and
classifier are deployed on the capsule side under strict com-
putational and memory constraints, while the computationally
intensive decoder is placed on an external workstation. Each
captured frame I ∈ R3×H×W is first mapped by the encoder
into a compressed latent representation Y ∈ R12×H

8 ×W
8 .

A channel-wise dropout strategy is adopted during training
to enforce an implicit importance ordering among latent
channels, yielding a coarse-to-fine representation in which
earlier channels carry more informative content [18]. This
property forms the basis of the proposed adaptive transmission
mechanism.

To enable semantic-aware compression, an auxiliary
lightweight classifier predicts the lesion probability using
compact statistical descriptors of Y, specifically the channel-
wise mean and variance, instead of directly processing high-
dimensional feature maps. This design substantially reduces
computational overhead while preserving sufficient discrimi-
native capability. Based on the predicted lesion probability, the
transmitter dynamically selects the number of latent channels
to be sent. More channels (e.g., 9–12) are transmitted for
lesion-positive frames to preserve diagnostic details, whereas
only a small subset of the most important channels is trans-
mitted for non-lesion frames to reduce bandwidth usage and
energy consumption. The transmission rate can be flexibly
adjusted according to bandwidth availability and clinical re-
quirements.

The selected latent channels are received by the external de-
vice and decoded to reconstruct the image. Although only par-
tial latent information is transmitted, the importance-ordered
structure of the latent space ensures that high perceptual and
diagnostic quality can still be achieved.

Overall, the proposed framework couples semantic un-
derstanding, compression, and transmission into a unified
perception-driven pipeline, achieving an effective trade-off
between reconstruction quality and communication efficiency,
and making it well suited for the highly constrained environ-
ment of capsule endoscopy.

B. On-Device Module Design

The on-device module is designed under the strict com-
putational and memory constraints of capsule endoscopy,
and thus prioritizes lightweight convolutional operations and
compact decision signals. It consists of two components: (i) a
lightweight encoder that produces an importance-ordered la-
tent representation, and (ii) an auxiliary classifier that predicts
lesion probability from low-dimensional latent statistics.

1) Lightweight encoder: Given an input frame I ∈
R3×H×W , the encoder produces a compact latent tensor
Y ∈ R12×H

8 ×W
8 using a shallow three-layer convolutional

stack, as illustrated in Fig. 2 (b). The first two layers adopt
deep separable convolutions for efficiency: a 7× 7 layer with
stride 2 followed by a 5× 5 layer with stride 4, leading to an
overall spatial downsampling factor of 8. The third layer is a
3×3 standard convolution that directly outputs the 12-channel
latent representation Y.

This hybrid design balances computational efficiency and
representational capacity. Deep separable convolution reduces
computational burden by decoupling spatial filtering and chan-
nel mixing. However, such factorization also weakens cross-
channel feature interaction and may limit the expressive power
of the network if applied excessively. To avoid this over-
simplification, the final layer is intentionally implemented as
a standard convolution rather than a deep separable one. This
choice is justified from both computational and representa-
tional perspectives. On one hand, since this layer uses a small
3×3 kernel, the additional computational overhead is limited,
while the benefit in cross-channel feature fusion is more
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Fig. 2: Overview of the proposed CapsuleCoder framework: (a) system workflow, (b) lightweight encoder architecture, and
(c) decoder network for image reconstruction. In this framework, the on-device module performs image compression and
lesion-aware channel selection, while the off-device module reconstructs the image from the received features.

pronounced. On the other hand, this layer directly determines
the transmitted latent representation, and its expressiveness has
a stronger impact on reconstruction fidelity than intermediate
features, especially under partial-channel transmission. Pre-
serving a full convolution at this stage enables richer channel-
wise feature fusion and stabilizes the expressiveness of the
latent space.

2) Compact semantic classifier: To enable semantic-aware
transmission without introducing heavy on-device feature pro-
cessing, the classifier operates on compact descriptors derived
from Y rather than the full feature maps. Specifically, we
compute the channel-wise mean and variance over spatial
dimensions. The two 12-dimensional vectors are concatenated
into a 24-dimensional descriptor and fed into a lightweight
two-layer multilayer perceptron (24→64→1) with a sigmoid
output, producing a lesion probability p ∈ [0, 1].

3) Streaming computation: As illustrated in Fig. 3, the
on-device pipeline is implemented in a streaming manner to
avoid full-frame buffering. The input pixels are processed line-
by-line, and each convolution layer maintains only a small
line buffer whose depth is determined by the kernel size.
Meanwhile, the semantic classifier is computed from streaming
statistics of the latent tensor, requiring only a few scalar

accumulators and a tiny multilayer perceptron.
For a streaming K ×K convolution, the minimal buffering

requirement is approximately K rows of the input feature map.
Let b denote the number of bytes per stored element (e.g., b=1
for 8-bit, b=2 for 16-bit), and let the input width be W . Then
the encoder line-buffer memory can be estimated as:

Menc ≈ b
(
3 · 7 ·W + 16 · 5 · W

2
+ 16 · 3 · W

8
+ 12 · H

8
· W
8

)
= 67 bW +

3

16
bHW bytes.

(1)
Here, the three terms correspond to the line buffers for (i) the
7× 7 depthwise convolution on the RGB input, (ii) the 5× 5
depthwise convolution on the 16×H

2 ×
W
2 feature map, (iii) the

3× 3 convolution on the 16× H
8 ×

W
8 feature map, and (iv)

the whole compressed latent feature, respectively. Pointwise
(1 × 1) convolutions in deep separable blocks do not require
additional line buffering beyond the current pixel stream.

The classifier operates on channel-wise mean and variance
of the latent tensor Y ∈ R12×H

8 ×W
8 . In streaming mode, µ(Y)

and σ2(Y) are computed using per-channel running sums
and running squared sums, which require 2× 12 scalar accu-
mulators. In addition, the intermediate activations of the two
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Fig. 3: On-device streaming computation of the lightweight
encoder and classifier.

fully connected layers contain 64 and 1 scalars, respectively.
Therefore, the total memory consumption of the classifier is

Mmlp ≈ (24 + 64 + 1) b = 89 b bytes, (2)

Combining the streaming encoder buffers, the classifier
statistics, and the classifier activations, the total on-chip RAM
requirement is

MRAM ≈Menc +Mmlp

≈ 67 bW +
3

16
bHW + 89 b bytes

(3)

For a representative input resolution of 320×320 and an 8-bit
fixed-point implementation (b = 1 byte), this yields

MRAM ≈ 67× 320 +
3

16
× 320× 320 + 89

= 40729 bytes ≈ 39.8 KiB.
(4)

Among this, about 21.0 KiB is consumed by the computational
buffer of encoder and classifier, while the compressed latent
feature requires about 18.8 KiB.

This memory footprint is much smaller than that required
for storing a full 320 × 320 RGB frame (approximately
300 KiB at 8-bit precision). As a result, the proposed design
eliminates the need for full-frame buffering and can be im-
plemented as a compact streaming pipeline. With an overall
on-chip memory requirement of only tens of kilobytes, the
encoder-classifier pair is well suited for deployment on capsule
endoscopic platforms equipped with limited on-chip memory
and strict power budgets, making true on-device inference
practically feasible.

C. Off-Device Decoder Design

The off-device decoder is deployed on an external work-
station and is allowed to use a higher-capacity architecture to
maximize reconstruction quality. It takes the received partial
latent tensor Ỹ ∈ R12×H

8 ×W
8 , where the untransmitted chan-

nels are filled with zeros, and reconstructs the corresponding
RGB frame. Our decoder follows the design principles of
learned image compression decoders that combine progressive
upsampling with residual refinement and attention mechanisms
[14]. As shown in Fig. 2(c), the decoder adopts a progressive
upsampling architecture that restores the spatial resolution

from H
8 ×

W
8 to H×W through three transposed-convolution

layers with stride 2. Between successive upsampling stages,
residual bottleneck blocks are employed to refine local struc-
tures and stabilize optimization, while attention blocks are
inserted at early and intermediate stages to enhance global
feature aggregation, which is particularly important when the
latent representation is incomplete.

D. Training Strategy

The model is trained end-to-end to jointly optimize image
reconstruction and lesion-aware decision making. To make
the learned latent space compatible with adaptive channel
transmission, we employ three key training strategies: (i)
latent-channel dropout to enforce an importance-ordered rep-
resentation, (ii) additive noise to emulate quantization and
transmission perturbations, and (iii) a multi-task objective that
combines reconstruction and classification losses.

a) Latent-channel dropout.: To induce an implicit im-
portance ordering among latent channels and support coarse-
to-fine reconstruction from partial latents, we apply a channel-
wise dropout strategy during training [18]. During each train-
ing iteration, only the first k channels are retained, where k is
randomly sampled from {1, . . . , 12}. Formally, we construct
a transmitted latent Ỹ by

Ỹ1:k,:,: = Y1:k,:,:, Ỹk+1:12,:,: = 0, (5)

This structured masking encourages the network to place the
most essential information into earlier channels, so that using
fewer channels yields a coarse yet recognizable reconstruction,
and additional channels progressively refine details.

b) Noise injection to mimic quantization and transmis-
sion perturbations.: To improve robustness to quantization
effects and non-ideal wireless links, we further perturb the
latent tensor with small additive noise. Given the dropped
latent Ỹ, we add uniform noise in a narrow range:

Ỹ ← Ỹ + ϵ, ϵ ∼ U(−δ, δ), (6)

where δ is set to 0.01 in our implementation. This noise
injection provides a simple yet effective approximation to
quantization and mild channel perturbations, and helps the
decoder remain stable when reconstructing from incomplete
and slightly corrupted latents.

c) Multi-task objective.: The training objective consists
of a reconstruction loss and a lesion classification loss. For
reconstruction, we adopt the multi-scale structural similarity
(MS-SSIM) loss [19], which better correlates with perceptual
image quality than pixel-wise metrics:

Lrec = 1−MS-SSIM(Î, I), (7)

where Î and I denote the reconstructed and original images,
respectively. For lesion prediction, we use a focal loss [20]
to address the class imbalance between lesion and non-lesion
samples and to emphasize hard-to-classify examples:

Lcls = FocalLoss(p, y), (8)



where y ∈ {0, 1} is the ground-truth lesion label and p ∈
[0, 1] is the predicted lesion probability. The overall training
objective is defined as the sum of the reconstruction and
classification losses:

L = Lrec + Lcls. (9)

This joint optimization encourages the encoder to learn a
latent representation that simultaneously preserves perceptual
reconstruction quality and retains discriminative semantic in-
formation, thereby supporting reliable lesion-aware adaptive
transmission.

E. Dataset

All experiments in this work are conducted on the Kvasir-
Capsule dataset [21], which is a large publicly available
capsule endoscopy dataset. The dataset is originally divided
into three parts: labeled image data, labeled video data, and
unlabeled video data. In this work, we only use the labeled
image data for both the compression task and the auxiliary
lesion-aware classification task. The labeled image set consists
of 47,238 images belonging to one of 14 different classes of
findings.

In order to enable lesion-aware dynamic compression, we
reformulate the original 14-class classification task into a
binary classification problem by grouping the data into lesion
and non-lesion categories. Specifically, the dataset contains
4,266 lesion frames and 42,972 non-lesion frames, resulting in
a highly imbalanced class distribution. The dataset is further
randomly split into training, validation, and test sets with a
ratio of 6:2:2.

F. Evaluation Metrics

The performance of the proposed framework is evaluated
from two aspects: image compression quality and lesion-aware
classification accuracy.

For the compression task, we adopt Peak Signal-to-Noise
Ratio (PSNR) [22] and Multi-Scale Structural Similarity In-
dex Measure (MS-SSIM) [19] as evaluation metrics. PSNR
measures the pixel-level reconstruction fidelity, while MS-
SSIM focuses on perceptual and structural similarity, which
is more consistent with human visual perception and clinical
diagnostic requirements.

For the lesion classification task, Recall, Precision, and
F1-score are used as evaluation metrics. In our framework,
recall is of primary importance since a false negative result
would cause pathological frames to be highly compressed,
potentially losing critical diagnostic information. Precision
reflects the efficiency of the dynamic compression strategy, as
false positives unnecessarily trigger low-compression modes
and increase transmission cost. The F1-score, as the harmonic
mean of precision and recall, provides a balanced measure
that reflects the overall trade-off between diagnostic safety
and transmission efficiency. Therefore, these metrics jointly
characterize the reliability and effectiveness of the proposed
lesion-aware compression system.

(a) PSNR versus bits per pixel (bpp).

(b) MS-SSIM versus bits per pixel (bpp).

Fig. 4: Rate–distortion performance comparison of JPEG,
MCUCoder, and the proposed CapsuleCoder on the Kvasir-
Capsule dataset.

III. RESULTS

A. Compression Performance

1) Quantitative Analyses: Fig. 4 presents the quantitative
rate–distortion performance of JPEG, MCUCoder, and the
proposed CapsuleCoder on the Kvasir-Capsule dataset in
terms of PSNR and MS-SSIM. As shown in Fig. 4(a) and
Fig. 4(b), CapsuleCoder clearly outperforms the conventional
JPEG standard in terms of both PSNR and MS-SSIM over
almost the entire bitrate range, with particularly significant
gains in the low-bitrate regime. This demonstrates that the
proposed network is able to preserve both pixel-level recon-
struction fidelity and perceptual structural information much
more effectively than traditional transform-based compression,
which is crucial for maintaining diagnostic reliability under
strict bandwidth constraints.

When compared with MCUCoder, CapsuleCoder exhibits
even stronger performance in terms of PSNR, as illustrated
in Fig. 4(a), where it surpasses MCUCoder over most bitrate
intervals. This indicates that the lightweight design not only
reduces computational complexity and memory consumption,
but can also improve reconstruction accuracy. In terms of MS-
SSIM shown in Fig. 4(b), CapsuleCoder achieves highly com-
petitive performance with MCUCoder. Although it is slightly
lower in the range of 0.6–1.0 bpp, the gap remains marginal.
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Fig. 5: Qualitative comparison on an angiectasia case between JPEG, MCUCoder, and the proposed CapsuleCoder under
different bitrates. For each method, reconstruction results are presented from low to high bitrates, together with the corresponding
BPP, MS-SSIM (dB), and PSNR values.

Considering that CapsuleCoder is designed with substantially
lower computational complexity and significantly reduced on-
chip memory requirements, this small difference represents a
favorable trade-off between efficiency and perceptual quality.

Notably, despite its more lightweight encoder, Capsule-
Coder achieves even better performance in the low-bitrate
regime, which is mainly attributed to the auxiliary lesion
classifier acting as side supervision during training. This
semantic guidance encourages the encoder to learn a more
discriminative and compact latent representation, making the
leading channels more informative. As a result, CapsuleCoder
can preserve more perceptually and diagnostically important
content when only a small number of channels are transmitted,
thereby outperforming MCUCoder under strict bitrate con-
straints.

2) Qualitative Analyses: Fig. 5 shows a qualitative com-
parison among JPEG, MCUCoder, and the proposed Capsule-
Coder on a representative angiectasia example. At low bitrates,
JPEG suffers from severe compression artifacts and color
degradation, leading to obvious blocking effects and loss of
structural consistency in the lesion region. The overall visual
quality is significantly degraded, and fine appearance cues
are hardly preserved. MCUCoder produces visually smoother

reconstructions than JPEG, and most blocking artifacts are
effectively suppressed. However, its results still exhibit evident
blurring and color distortion. For instance, at around 0.16
bpp, MCUCoder shows visible color shifts and over-smoothed
textures in the lesion area. In contrast, CapsuleCoder achieves
superior reconstruction quality in the low-bitrate regime while
relying on a substantially more lightweight encoder. At the
same bitrate (e.g., 0.16 bpp), CapsuleCoder preserves more
accurate color appearance and introduces less blurring com-
pared with MCUCoder.

B. Classification Performance

Fig. 6 shows the confusion matrix of the auxiliary lesion
classifier on the test set. Based on this result, the classifier
achieves a recall of 0.94, a precision of 0.62, and an F1-
score of 0.75. The high recall indicates that most lesion
frames can be successfully identified, which is crucial for
avoiding over-compression of diagnostically important images.
Although the precision is relatively lower, this behavior is
acceptable in our application scenario, since false positives
only lead to a slightly higher transmission cost, while false
negatives may cause insufficient preservation of lesion-related
details. The achieved F1-score further demonstrates a good
balance between sensitivity and specificity under an extremely
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Fig. 6: Confusion matrix of the auxiliary lesion classifier on
the test dataset.

lightweight model design, confirming that the classifier pro-
vides sufficiently reliable semantic guidance for the proposed
adaptive transmission strategy.

IV. CONCLUSION

This work presented CapsuleCoder, a perception-driven
and resource-efficient compression framework tailored for
capsule endoscopy. By combining importance-ordered latent
representations with lesion-aware adaptive transmission, the
proposed method effectively balances diagnostic reliability and
communication efficiency. The lightweight encoder, streaming
computation scheme, and compact auxiliary classifier enable
on-device deployment under severe memory and power con-
straints. Experimental results demonstrate that CapsuleCoder
outperforms JPEG and achieves performance comparable to
the neural compression method with substantially reduced re-
source requirements. These results indicate that CapsuleCoder
provides a practical and effective solution for next-generation
intelligent capsule endoscopy systems.
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