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Abstract
The rapid growth of camera-based IoT devices demands the need for efficient video compression, particularly for edge
applications where devices face hardware constraints, often with only 1 or 2 MB of RAM and unstable internet connections.
Traditional and deep video compression methods are designed for high-end hardware, exceeding the capabilities of these
constrained devices. Consequently, video compression in these scenarios is often limited to M-JPEG due to its high hardware
efficiency and low5 complexity. This paper introduces MCUCoder, an open-source adaptive bitrate video compression model
tailored for resource-limited IoT settings. MCUCoder features an ultra-lightweight encoder with only 10.5K parameters and
a minimal 350KB memory footprint, making it well-suited for edge devices and MCUs. While MCUCoder uses a similar
amount of energy as M-JPEG, it reduces bitrate by 55.65% on the MCL-JCV dataset and 55.59% on the UVG dataset,
measured in MS-SSIM. MCUCoder supports adaptive-bitrate transmission by generating a latent representation sorted by
importance, allowing the transmitted data to be adjusted according to available bandwidth. We further show that MCUCoder
compression outperforms M-JPEG compression when evaluated on downstream AI tasks, including image classification,
object detection, and image captioning. Source code available at https://github.com/ds-kiel/MCUCoder.

Keywords Deep video compression · Internet of things · Adaptive bitrate encoding

1 Introduction

Motivation: The number of camera-based IoTs devices
using always-on MCU is growing rapidly, reaching tens of
billions (Lin et al., 2020). These devices are widely used in
applications such as surveillance cameras (Hu et al., 2020;
Josephson et al., 2019; Naderiparizi et al., 2018), wearable
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cameras (Veluri et al., 2023), robotics (Nakanoya et al.,
2023), wildlife monitoring (Iyer et al., 2020), road moni-
toring (Hojjat et al., 2024), and smart farming (Koh et al.,
2021). Typically, they capture raw frames through a camera
sensor, encode them, and transmit the compressed version
to a server via the Internet for further processing, including
human observation or AI tasks such as object detection and
classification (Hojjat et al., 2024). Therefore, a video encoder
is necessary to efficiently compress the captured frames
before transmission. However, in IoT environments, there
are two primary limitations: constrained hardware resources
and limited communication bandwidth.

Limited Hardware: Although traditional video codecs
like H.264 (Wiegand et al., 2003), H.265 (Sullivan et al.,
2012), and the newer H.266 (Bross et al., 2021) provide
excellent performance, they demand significant hardware
for extracting the intra and inter-frame correlations. For
example, H.265 encoding involves highly computationally
intensive tasks such as motion estimation with sub-pixel
accuracy, Rate Distortion Optimization (RDO) for choos-
ing optimal intra-prediction modes, and Context Adaptive
Binary Arithmetic Coding (CABAC) for entropy coding.
Additionally, a single video frame at 224 × 224 resolution
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Fig. 1 Qualitative comparison of MCUCoder andM-JPEG across var-
ious compression rates on two videos from the MCL-JCV (Wang et
al., 2016) and UVG (Mercat et al., 2020) datasets. As we can see,
MCUCoder offers a significantly better trade-off between MS-SSIM
and bit per pixel (bpp). For instance, at 0.15 bpp in the left example,

with MCUCoder we can see the person’s face whereas with M-JPEG
we need at least 0.34 bpp to make out the face. Note that the images in
each column do not necessarily have the same bitrate. More examples
are reported in Figure 16

requires about 150 KB of RAM, which is a lot for the low-
cost, low-energy MCUs used in IoT devices that typically
have only 1–2 MB of RAM. Consequently, inter-frame com-
pression or any other kind of multi-frame analysis is not
practically feasible on such constrained devices. Similarly,
while Neural Networks (NNs) and AI-based compression
methods outperform traditional models (Agustsson et al.,
2020; Lu et al., 2019), they also often require consider-
able RAM and GPU resources. For instance, just storing a
model with 1M parameters requires around 4 MB of RAM;
see Fig. 3. As a result, in such settings, devices are typi-
cally limited to using Motion-JPEG (M-JPEG) (Pennebaker
& Mitchell, 1992), a video compression format where each
frame is compressed individually as a JPEG image, which is
efficient and hardware-friendly.

Limited Internet: Many IoT devices are located in
remote areas where Internet connection is weak and unsta-
ble, making it necessary for the encoder to have an Adaptive
Bitrate Encoding that can generate video streamswith vary-
ing bitrate. This feature allows the encoder to adjust the
transmitted quality according to the available bandwidth,
which is useful in bandwidth-constrained IoT applications
such as remote monitoring. However, implementing an
adaptive bitrate encoder adds complexity, as it requiresmech-
anisms to prioritize bit stream information based on its
impact on frame quality (e.g., Peak Signal to Noise Ratio
(PSNR) or MS-SSIM), which is challenging for constrained
devices.

Fig. 2 Stochastic dropout training

Approach: To address these challenges, we introduce
MCUCoder, an adaptive bitrate deep video compression
codec tailored for resource-limited IoTdevices.Our approach
focuses on creating an "asymmetric" compressionmodel that
features an ultra-lightweight encoder designed to be both
computationally efficient andmemory-friendly.Moreover, to
produce an "adaptive" bitstream, we train the MCUCoder’s
latent representation with stochastic channel dropout, see
Figure 2. This procedure sorts the N latent feature maps by
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Fig. 3 Number of parameters of MCUCoder and other learned image
compression (Ballé et al., 2018; Chen et al., 2026; Feng et al., 2025; Fu
et al., 2024; Han et al., 2024; Jeon et al., 2023; Lee et al., 2022; Li et al.,
2024, 2025; Liu et al., 2023; Lu et al., 2025; Toderici et al., 2017; Xie et
al., 2021; Zhu et al., 2022) and video compression models (Agustsson
et al., 2020; Lu et al., 2019)

their contribution to reconstruction quality, thereby forcing
the model to produce a progressive bitstream: early chan-
nels in the latent carry the most salient information, and later
channels refine the result.

At inference time, theMCU transmits only the first k ≤ N
channels that fit the instantaneous bandwidth; the decoder
then reconstructs the frame from this subset (see Fig. 1). This
approach is beneficial for low-power MCUs since it shifts
the complexity of identifying important data to the training
phase rather than the inference phase. Also, by employing
stochastic dropout training, the decoder can reconstruct the
frame even with partial data availability, which is essential
for maintaining smooth and uninterrupted video transmis-
sion in streaming applications, where network conditions can
vary. Additionally, MCUCoder’s encoder is INT8 quantized,
allowing it to utilize Digital Signal Processor (DSP) and
CMSIS-NN (ARM-software, 2024) accelerators for faster
processing and reduced power consumption.

Contributions:

1. MCUCoder has an ultra-lightweight encoder with only
10.5K parameters and a minimal memory footprint of
roughly 350KBRAMon nRF5340 and STM32F7MCUs,
making it suitable for such low-resource IoT devices.

2. MCUCoder has an energy-efficient INT8 quantized
encoder, which leverages the MCU’s DSP and CMSIS-
NN accelerators to achieve JPEG-level energy efficiency.
Compared to its main baseline, M-JPEG, it saves 55.65%
overall bit rate on the MCL-JCV dataset and 55.59% on
the UVG dataset, measured in MS-SSIM.

3. MCUCoder produces a progressive bitstream that enables
adaptive-bitrate transmission under varying network con-
ditions

4. MCUCoder outperforms M-JPEG when evaluated on
downstream AI tasks, including image classification,
object detection, and image captioning, highlighting its
suitability for intelligent edge vision applications.

2 RelatedWork

Traditional and NN based video compression: Video com-
pression is a field that has been evolving for decades. Beyond
traditional codecs like H.264 (Wiegand et al., 2003), H.265
(Sullivan et al., 2012), and H.266 (Bross et al., 2021), deep
learning-based approaches often replace conventional mod-
ules such as motion compensation (Agustsson et al., 2020;
Yang et al., 2020), transform coding (Gao et al., 2021; Zhu et
al., 2022), and entropy coding (Mentzer et al., 2022; Xiang
et al., 2023). Also, some work has been done regarding the
end-to-end optimization of video compressionmodels (He et
al., 2020; Khani et al., 2021; Van Rozendaal et al., 2021). Lu
et al. (2019) introduce DVC, the first end-to-end deep video
compression model. Hu et al. (2022, 2021) extend DVC to
operate in both pixel and feature domains. Li et al. (2021)
and Liu et al. (2020) reduce bitrates by modeling probabil-
ities over video frames using conditional coding. Also, in
recent years, there has been growing interest in using implicit
neural representations for video compression (Chen et al.,
2021; Kwan et al., 2023). However, due to their substan-
tial hardware requirements, these models are unsuitable for
deployment on low-resource IoT devices. In Figure 3, we
compare the number of parameters of MCUCoder with sev-
eral recent learned video compression baselines. The results
show that these models have substantially larger parameter
counts than MCUCoder, exceeding the memory budget of
typical MCU platforms.

Video compression for IoT:Wecan categorize IoT-based
video encoders into two parts: hardware-based and software-
based. Hardware approaches primarily focus on designing
more power-efficient camera sensors (Bejarano-Carbo et al.,
2022; Ji et al., 2016;Morishita et al., 2021) andmore efficient
MCU circuits and processors (Lefebvre et al., 2021; Rossi
et al., 2021; Xu et al., 2020). Due to its simplicity, scala-
bility, low latency, and very low energy consumption, the
most common software-based video encoder on IoT devices
is M-JPEG (Pennebaker & Mitchell, 1992). Nevertheless,
there have been few works exploring alternative software-
based models: Veluri et al. (2023) employ M-JPEG on the
encoder to capture black-and-white and colorized frames at
two different resolutions and uses super-resolution methods
to interpolate and colorize frames on the decoder. However,
unlike MCUCoder, it is not adaptive and relies on a JPEG
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Fig. 4 Overview of MCUCoder architecture. The encoder compresses the input frame into a sorted latent space. Afterward, channels are indepen-
dently quantized and transmitted based on available bandwidth. The decoder reconstructs the frame by zeroing out missing channels

encoder on MCUs. Hu et al. (2020) propose a deep image
encoder for MCUs under unreliable network conditions with
packet loss. However, their method is non-adaptive in bitrate.
Moreover, it processes the image patch by patch, which
increases encoding time and limits its practicality for video
compression on highly constrained devices. LimitNet (Hojjat
et al., 2024) proposes an object-based image compression for
downstream AI tasks. It transmits only task-relevant objects
and discards the background. In contrast, MCUCoder recon-
structs the full frame and is designed for Human Perception
by optimizing reconstruction metrics such as PSNR andMS-
SSIM.

Overall, MCUCoder combines the advantages of both
worlds: it offers the adaptive bitrate feature of more com-
plex encoders, while maintaining the efficiency necessary
for low-resource devices, making it a suitable solution for
IoT video compression.

3 MCUCoder

In this section, we introduce MCUCoder, an adaptive bitrate
asymmetric video compression model, specifically designed
for IoT settings. We begin by detailing the asymmetric
encoder-decoder architecture of MCUCoder, including the
customized quantization processes. Then, we present the
stochastic dropout training method, which trains the encoder
of MCUCoder to store information in its channels based on
importance.

3.1 Asymmetric Compression

MCUs are characterized by highly constrained hardware
resources, such as limited RAM, CPU, FLASH, and power
availability. Additionally, existing MCU-specific NN frame-
works like TFLite Micro support only a limited set of
NN layers (Hu et al., 2020). To address these constraints,
we propose an asymmetric (Yao et al., 2020) encoder-
decoder architecture optimized for constrained devices. Due

Fig. 5 MCUCoder latent channels: Early channels (important ones)
capture low-frequency features, while later channels capture high-
frequency features, similar to the DCT in JPEG

to hardware constraints, MCUCoder encodes each frame
independently, as inter-frame compression is not feasible.
The encoder contains only 10.5K parameters, while the
decoder utilizes approximately 3M parameters and leverages
SOTA image decompression blocks; see Fig. 4. The encod-
ing process begins by passing input frame ft through three
convolutional layers. To maximize the data range for subse-
quent quantization, no activation function is applied in the

123



International Journal of Computer Vision (2026) 134:374 Page 5 of 28 374

Fig. 6 An example of MCUCoder bitrate adaptation under dynamic
network bandwidth, where the bitrate control module acts as a gate to
determine the number of channels to send

final encoder layer, avoiding the negative truncation caused
by ReLU. Afterward, each channel of the latent is quantized
into INT8 individually, followed by a further reduction to
5-bit precision to enhance compression efficiency. For the
decoder, inspired by He et al. (2022), we integrate a combi-
nation of attention blocks (Cheng et al., 2020) and residual
bottleneck blocks (He et al., 2016) to reconstruct the frame;
see Fig. 4.

3.2 Stochastic dropout training

Bitrate adaptation is a feature that typically introduces addi-
tional complexity to the encoding process, which can be
challenging to implement on MCUs due to resource con-
straints. In the literature, dropout (Srivastava et al., 2014)
serves as a powerful tool for enhancing generalization in
NNs. Building on this insight, we employ a "biased" version
of dropout to train MCUCoder in a way that instead of ran-
dom dropping, it drops from the tail of the latent (Haberer et
al., 2024; Hojjat et al., 2023). Specifically, on each iteration,
after the encoder E gets the input frame ft , it generates the
latent representation zN , where N is the number of the chan-

nels of the latent. Afterward, from a uniform distribution,
denoted as U(0,1), it generates a number, denoted as k, and
drops (zero out) the last N − �k × N� channels from zN . As
a result, instead of zN , the decoder D gets z[0:�k×N�], fills the
missing channels with zero, and then reconstructs the output.

ft −→ E( ft ) −→ zN
k∼U(0,1)−−−−−→ z[0:�k×N�]

−→ D(z[0:�k×N�]) −→ f̂t
(1)

This tailored version of dropout biases the training to prior-
itize the earlier channels over the later ones. Consequently,
the encoder learns to encode more critical information (low
frequency) in the initial featuremaps and less important (high
frequency) details in the subsequent ones; see Fig. 2. This pri-
oritization enables flexible bitrate adaptation: upon encoding
each frame, the encoder starts transmitting the most signif-
icant channels first. Depending on the available bandwidth,
the bitrate control module determines how many channels
need to be sent to the decoder under the current bandwidth
budget; see Fig. 6. Importantly, because the latent features
are pre-ordered by significance, the bitrate control module
basically acts like a simple gate and does not add any extra
computational complexity to the encoder.

3.3 Loss Functions

Wetrain separatemodels usingMS-SSIM,which emphasizes
multi-scale structural fidelity, MSE, which focuses on pixel-
level reconstruction accuracy, and a VGG-based perceptual
loss, which preserves semantically meaningful features for
downstream AI tasks. Each loss function can be selected
based on the requirements of the target application. Finally,
we incorporated entropy-aware regularization into the loss
function to encourage compact latent representations and
improve compression efficiency.

Human Perception: To optimize reconstruction quality
under the constraints of IoT-oriented video compression, we
train MCUCoder with perceptual distortion objectives that
emphasize either structural fidelity or pixel-level accuracy.
Specifically, we investigate MS-SSIM and Mean Squared
Error (MSE) as training objectives. MS-SSIM emphasizes
the preservation of structural information across multiple
spatial scales, which is particularly important at low bitrates
where maintaining scene layout and object boundaries is
more critical than reproducing fine-grained details. In con-
trast, MSE enforces pixel-wise accuracy and aligns with
traditional rate-distortion optimization.We train MCUCoder
using each loss function and report their respective perfor-
mance in Sect. 4.

Perceptual Loss: Beyond pixel-domain reconstruction
quality, we consider compression for AI-oriented applica-
tions, where reconstructed frames are primarily consumed
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Table 1 BD-rate results (Quantized). The anchor is M-JPEG

Type Dataset MS-SSIM PSNR

Video MCL-JCV -55.65% -47.39%

UVG -55.59% -35.28%

Image KODAK -55.75% -43.01%

CLIC -49.54% -38.02%

by downstream machine perception models. To this end, we
employ a Visual Geometry Group (VGG)-based perceptual
loss, which optimizes the discrepancy between intermedi-
ate feature representations of a pretrained VGG network
(Simonyan & Zisserman, 2014) for the original frame ft and
its reconstruction f̂t . This feature-space objective encour-
ages the preservation of semantic information that is more
relevant for neural inference than raw pixel similarity. The
perceptual loss is defined as:

LVGG =
∑

l∈L

∥∥∥φl( ft ) − φl( f̂t )
∥∥∥
2

2
(2)

where φl(·) denotes the feature map extracted at layer l of
a pretrained VGG network and L denotes the set of selected
layers spanning multiple network depths. In MCUCoder, we
compute the loss using feature representations from early
to mid-level convolutional layers, capturing both low-level
visual patterns and higher-level semantic cues.

Training the model directly from scratch using only the
VGG perceptual loss is insufficient, as feature-space super-
vision alone provides weak constraints on low-level image
structure and leads to unstable optimization (Hojjat et al.,
2024; Hu et al., 2020). We therefore adopt a two-stage train-
ing strategy. In the first stage, the model is trained using
MS-SSIM to enforce structural fidelity and stable reconstruc-
tion at low bitrates, and subsequently fine-tuned using the
VGG perceptual loss to optimize the learned representation
for Perceptual Loss. Results are reported in Section 4.5.

Entropy-aware latent regularization:To further improve
compression efficiency, inspired by Ballé et al. (2016), Ballé
et al. (2015), we incorporate an entropy-aware regularization
term that encourages more compressible latent representa-
tions. Themotivation is to bias the encoder toward producing
latent activations with lower estimated coding cost. To do so,
the latent values are modeled with a Gaussian distribution,
and their negative log-likelihood is used as an estimate of the
coding cost. This cost is converted to bits and normalized to
obtain the proxybits-per-pixel term.This regularization oper-
ates only during training and complements the reconstruction
objective with a bitrate proxy. Therefore, the training objec-

Table 2 Resource demands of MCUCoder on nRF5340 and STM32F7
MCU

nRF5340 STM32F7

Exec (ms) 1,969 237

RAM (KB) 344 (67%) 360 (36%)

Flash (KB) 100 (10%) 107 (5%)

Table 3 MCUCoder complexity in terms of parameters and GFLOPs

Module Parameters GFLOPs

Encoder 10.5K 0.72

Decoder 3M 130

tive is defined as

L = Lrec + λ R̂(z), (3)

where Lrec denotes the reconstruction loss (e.g., MS-SSIM,
MSE, or VGG), z is the encoder latent representation, R̂(z) is
the differentiable proxy rate term, and λ controls the strength
of the regularization. Since R̂(z) is differentiable, its gra-
dients are backpropagated to the encoder together with the
reconstruction loss. This term is used only during training
and therefore does not introduce additional computational
overhead on the encoder during inference.

4 Evaluation

We train MCUCoder on the 300K largest ImageNet images
(Deng et al., 2009) and apply noise-downsampling prepro-
cessing (Ballé et al., 2018;He et al., 2021).WeuseAdamwith
an initial learning rate of 10−4 and a batch size of 16, and train
for 1M iterations, lowering the learning rate to 10−5 in the
final 50K iterations (He et al., 2022). To address quantization
effects, we add random noise to the latent. We also quantize
inputs, weights, and activations to INT8 for RAM efficiency
and to leverage DSP and CMSIS-NN accelerators (ARM-
software, 2024) in MCUs. We use post-training quantization
available in TensorFlow Lite Micro ((TensorFlow, 2023)) to
reduce latency, processing power, and model size with mini-
mal degradation in model accuracy. For all comparisons, we
report performance metrics for both the FLOAT32 and INT8
models.

4.1 Quantitative results

Due to the limited hardware resources of MCUs, inter-frame
compression is not practically feasible. As a result, in such
devices, video compression is limited toM-JPEGwhere each
frame is compressed independently. Therefore, in addition
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Fig. 7 Comparison of MCUCoder (quantized and non-quantized
model) and baselines on the image (KODAK (Eastman Kodak, 1993),
CLICWorkshop andChallenge onLearned ImageCompression (2020))
and video (MCL-JCV (Wang et al., 2016), UVG (Mercat et al., 2020))

compression datasets. For context, we also compare with H.264 and
H.265 on video datasets, despite being impractical for MCUs due to
high hardware demands. All datasets are resized to 224 × 224

to evaluating MCUCoder and its baselines from the perspec-
tive of video compression, we also assess its performance on
image compression datasets.

Input size: All datasets are evaluated at a resolution of
224×224 as MCUCoder targets highly constrained battery-
powered IoT devices with very limited on-chip memory.
For example, common MCU platforms provide only a small
amount of available RAM, such as 512 KB on the nRF5340
and 1 MB on the STM32F7. A single raw RGB frame at
224×224 resolution requires about 224×224×3 ≈ 150 KB
of memory before any intermediate activations, buffers, or
model parameters are allocated. Therefore, increasing the
input resolution substantially increases thememory footprint
and quickly becomes infeasible on such devices. This limi-
tation becomes more severe for high-resolution inputs. For
instance, a single raw RGB frame at 1920× 1080 resolution
requires approximately 1920×1080×3 ≈ 6.2MB of mem-

ory,which already exceeds the total available RAMof typical
target MCU platforms. As a result, such devices cannot store
even one uncompressed full-HD frame in memory, let alone
execute a neural compression model with additional feature
maps and runtime buffers. The 224×224 setting is therefore
chosen as a practical operating point that reflects the mem-
ory constraints of the target embedded platforms while still
allowing meaningful evaluation across datasets.

Video compression: We evaluate MCUCoder (trained
with MS-SSIM loss), on the UVG (Mercat et al., 2020)
and MCL-JCV (Wang et al., 2016) datasets, comparing its
performance to M-JPEG, see Fig. 7. For additional context,
we also include comparisons with traditional video codecs
such as H.264 (Wiegand et al., 2003) and H.265 (Sullivan et
al., 2012). However, these codecs are not practical deploy-
ment targets for the highly constrained MCUs considered in
this work. In particular, H.264 and H.265 rely on compu-
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(a) (b)

Fig. 8 (a) Comparison of PSNR for MCUCoder trained with MSE
and MS-SSIM losses. Training with MSE results in higher PSNR,
indicating improved pixel-level reconstruction quality compared toMS-
SSIM. (b)Comparison of VGG perceptual loss (AI-oriented metric) for

MCUCoder trained with MSE, MS-SSIM, and VGG loss. The model
trained with the VGG loss achieves the lowest feature-space distortion,
indicating better preservation of semantic information and improved
suitability for downstream AI tasks

(a) (b)

Fig. 9 (a) Top-1 classification accuracy of a DeiT-Base classifier
pretrained on ImageNet-1K, evaluated on decoded images produced
by M-JPEG and MCUCoder trained with different loss functions.
MCUCoder consistently outperforms M-JPEG, and the model fine-
tuned with the VGG loss achieves the best classification performance.

(b) Object detection performance on the COCO dataset, measured in
mAP@50. The results demonstrate the superior detection accuracy of
MCUCoder compared to M-JPEG, highlighting its effectiveness for
downstream AI tasks

tationally expensive operations such as motion estimation,
motion compensation, transform coding, in-loop filtering,
and entropy coding. These components typically require sub-
stantially higher processing capability, memory bandwidth,
and hardware support than what is available on low-power
battery-operated IoT devices.

We report the Bjøntegaard Delta (BD) rate (Bjøntegaard,
2001) for both datasets in Table 1. The results indicate that

MCUCoder achieves a significantly higher MS-SSIM per
bit compared to M-JPEG, highlighting its ability to deliver
better video quality at lower bitrates. This is especially valu-
able for IoT applications, where achieving high compression
rates with minimal computational overhead is crucial due
to limited hardware resources. Additionally, MCUCoder has
12 "stacked" channels in its latent space, which provides 12
levels of quality that can be dynamically adjusted based on
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Fig. 10 (a): Comparison ofCOCO (Chen et al., 2015) image captioning
performance usingBLIP-2 (Li et al., 2023) on decoded images produced
byM-JPEGandMCUCoder. Performance is quantified using the token-
level F1 agreement between captions generated from the original images
and their decoded counterparts. MCUCoder consistently outperforms
M-JPEG, demonstrating improved semantic preservation in the recon-

structed images. (b): Comparison of models trained with MS-SSIM
alone and with MS-SSIM plus entropy regularization. The introduced
entropy regularization term improves rate-distortion performance by
encouraging more compressible latent representations. We also eval-
uate different values of the regularization weight λ and observe that
λ = 1e − 3 achieves the best overall performance

the available network bandwidth. In Fig. 14, we illustrate the
bpp and MS-SSIM for each frame in a video from the UVG
dataset for all 12 levels of quality. The results show that using
more channels for decoding leads to a higher MS-SSIM,
which verifies the effectiveness of the proposed stochastic
dropout training. The PSNR results of MCUCoder (trained
with MS-SSIM loss) are reported in Figure 13.

While MS-SSIM targets perceptual quality, some appli-
cations, such as traditional vision models, benefit from
optimizing pixel-domain fidelity. We therefore also train
MCUCoder with the MSE loss and evaluate it on the MCL-
JCV dataset. As shown in Fig. 8a, MSE-based training
achieves higher PSNR thanMS-SSIM, confirming improved
pixel-level reconstruction.

Image compression: To assess the image compression
capabilities of MCUCoder, we conduct experiments on the
CLIC (Workshop andChallengeonLearned ImageCompres-
sion, 2020) and KODAK (Eastman Kodak, 1993) datasets,
see Fig. 7. The results in Table 1 show that MCUCoder
achieves an impressive average bitrate reduction of 55.75%
on the KODAK dataset and 49.54% on the CLIC dataset,
compared to JPEG. The PSNR results are reported in Fig-
ure 13.

4.2 Effect of entropy regularization.

To evaluate the impact of entropy-aware regularization,
we compare the model trained solely with the MS-SSIM
loss against a variant trained with the proposed entropy-

Fig. 11 Energy (Millijoule) and current (Milliampere) consumption
of MCUCoder compared to M-JPEG for compressing one frame on
the nRF5340. MCUCoder achieves comparable energy efficiency to
M-JPEG while exceeding it in BD-rate

regularized objective (MS-SSIM + entropy). As shown in
Fig. 10b, incorporating entropy regularization improves per-
formance at the higher bitrate ranges. This improvement
indicates that encouraging lower-entropy latent representa-
tions leads tomore efficient compression, allowing themodel
to achieve higher perceptual quality for a given bitrate. These
results demonstrate that entropy regularization is an effec-
tive extension to the original training objective, improving
rate-distortion performance without modifying the encoder
architecture or increasing inference-time complexity. We
also evaluate different values of the regularization weight
λ and observe that λ = 1e − 3 achieves the best overall
performance.
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Fig. 12 MS-SSIM values on the KODAK dataset during training. The
notation [0 : k] represents the MS-SSIM of the reconstructed image
using the first k latent channels out of a total of 12. As shown, with

stochastic dropout training, all the sub-latents can be trained simulta-
neously without overfitting to any particular sub-latent

Fig. 13 PSNR comparison of MCUCoder and baselines across image (KODAK Eastman Kodak (1993), CLIC (Workshop and Challenge on
Learned Image Compression, 2020)) and video (MCL-JCV (Wang et al., 2016), UVG (Mercat et al., 2020)) compression datasets
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Fig. 14 MS-SSIM and bpp for the SunBath video from UVG (Mercat
et al., 2020) dataset. [0 : k] shows the use of the first k channels (out of
12) for decoding

4.3 Comparison with high-complexity learned
codecs

To further position MCUCoder relative to recent learned
video compression methods, we compare it with DCVC-
DC (Li et al., 2023) and DCVC-FM (Li et al., 2024) on the
UVG dataset (Mercat et al., 2020). As shown in Fig. 15,
these high-complexity learned codecs achieve stronger MS–
SSIM rate–distortion performance than MCUCoder, which
is expected given their substantially larger encoder architec-
tures. In particular, DCVC-DC and DCVC-FM have approx-
imately 8.0M and 5.9M encoder parameters, respectively,
corresponding to about 758× and 560× more parameters
than the 10.5K-parameter encoder of MCUCoder. This com-
parison highlights the intended trade-off of our design that
MCUCoder does not target the unconstrained rate–distortion
frontier, but instead prioritizes a minimal encoder that can be
deployed on MCU-class devices with severe memory and
compute constraints.

4.4 Latent ordering and DCT-JPEG alignment

Figure 5 illustrates the 12 latent channels derived from train-
ing with the stochastic dropout method. These channels
display an intriguing hierarchical structure, where the early
channels capture broad, low-frequency features, while the
later channels progressively focus on finer, high-frequency
details. This pattern closely resembles the Discrete Cosine
Transform (DCT) basis matrix utilized in JPEG compres-
sion. In JPEG, the DCT plays a pivotal role in transforming
image data into frequency components, allowing for effi-
cient compression by prioritizing lower frequencies, which

tend to carry more significant visual information. Similarly
to MCUCoder, progressive JPEG leverages this frequency
ordering, encoding data in a manner that allows the decoder
to initially reconstruct the image using only low-frequency
components, and as decoding progresses, higher-frequency
details are incrementally added, resulting in a progressively
refined image reconstruction.

4.5 Compression for AI

Image classification:We evaluate the impact of MCUCoder
compression on image classification using a pretrainedDeiT-
Base (Touvron et al., 2021)model on the ImageNet-1K (Deng
et al., 2009) dataset. Classification performance is assessed
by measuring the top-1 accuracy of the classification model.
As shown in Fig. 9a, MCUCoder consistently outperforms
M-JPEG, demonstrating improved preservation of discrimi-
native visual features. Furthermore, the model trained with
the VGG perceptual loss achieves the best classification per-
formance compared to those trained with MS-SSIM and
MSE, indicating that VGG-based optimization is more effec-
tive for AI-oriented classification tasks.

Object detection: We evaluate the impact of MCUCoder
compression on object detection using the COCO (Chen et
al., 2015) validation set and a pretrained Faster R-CNN with
a ResNet-50-FPN backbone (Ren et al., 2015). Detection
performance is measured using AP@50 on reconstructed
images. As shown in Fig. 9b, MCUCoder consistently
outperforms M-JPEG, indicating improved preservation of
object-level semantics under compression.

Vision–Language Model (VLM):Westudy the impact of
MCUCoder compression onVLMsusing theCOCOCaption
validation set (Lin et al., 2014) and BLIP-2 (FLAN-T5-
XL) (Li et al., 2023), a pretrained vision-language model
that generates image captions by conditioning a Large Lan-
guage Model (LLM) on visual features extracted from the
input image. Specifically, BLIP-2 bridges a frozen vision
encoder and a frozen LLM through a lightweight query-
based transformer, enabling semantic reasoning over visual
content while remaining robust to low-level pixel variations.
Captioning performance is evaluated using the token-level
F1 agreement between captions generated from the original
images and those generated from their reconstructed ver-
sions. This setup helps isolate the impact of compression
on the VLM output, independent of the absolute captioning
quality of the VLM itself. We therefore do not present this
metric as a reference-caption quality score, but as a measure
of whether compression changes the semantic output pro-
duced by the samemodel. As shown in Fig. 10a, MCUCoder
outperforms M-JPEG, indicating improved preservation of
semantic content.Moreover, themodel trainedwith theVGG
perceptual loss achieves the highest captioning performance
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Fig. 15 Comparison of MCUCoder with recent high-complexity,
GPU-oriented learned video compression baselines on UVG (Mercat
et al., 2020). The left plot shows that DCVC-DC (Li et al., 2023) and
DCVC-FM (Li et al., 2024) achieve stronger MS–SSIM rate–distortion
performance, which is expected given their substantially larger and
more complex encoders. The right plot shows that their encoders have

approximately 758× and 560× more parameters than MCUCoder,
respectively. This complexity gap is central to the comparison as these
models target much more capable hardware, whereas MCUCoder is
designed to remain deployable onMCU-class deviceswith severemem-
ory and compute constraints

compared to models trained with MS-SSIM and MSE, high-
lighting the effectiveness of VGG-based optimization for
AI-oriented tasks.

4.6 Model complexity

Table 3 summarizes the computational complexity of
MCUCoder in terms of parameters and GFLOPs. The
encoder is intentionally lightweight, with only 10.5K param-
eters and 0.72 GFLOPs, making it feasible for execution
on resource-constrained MCUs. In contrast, the decoder is
substantially larger, with 3M parameters and higher compu-
tational cost, and is designed to run on more capable cloud
or edge servers. This asymmetric design shifts computational
complexity away from theMCU, enabling efficient on-device
encodingwhilemaintaininghigh reconstruction quality at the
decoder.

4.7 Performance onMCUs

We implement MCUCoder on two widely-used MCU plat-
forms, the STM32F7 and nRF5340 MCUs, using TFLite-
Micro and Zephyr RTOS. The STM32F7 features 2 MB of
Flash memory, 1 MB of RAM, and a Cortex-M7 processor,
while the nRF5340 is equipped with 1 MB of Flash, 512 KB
of RAM, and a Cortex-M33 processor. Both MCUs support
DSP and CMSIS-NN acceleration, making them well-suited
for running lightweight deep learning models. As detailed in
Table 2, MCUCoder demonstrates a low memory footprint,
consuming 360KBofRAMon the STM32F7 and 344KBon
the nRF5340, which is efficient for such constrained devices.

This compact memory usage highlights the suitability of
MCUCoder for low-power, resource-constrained IoT appli-
cations. To assess the energy efficiency of MCUCoder, we
conducted a comparative analysis against M-JPEG. Specifi-
cally, we measured the energy consumption of MCUCoder
and an optimized JPEG encoder for the Cortex-M series1

on the nRF5340 platform; see Fig. 11. The results indicate
that MCUCoder achieves comparable energy consumption
to JPEG, while providing superior performance in terms
of BD-rate, as shown in Table 1. However, the nRF5340
exhibits noticeably slower processing performance com-
pared to the STM32F7 for both MCUCoder and M-JPEG.
This discrepancy suggests that while the nRF5340 is energy-
efficient, its lower computational capability makes it more
suitable for event-driven or low-duty-cycle sensing applica-
tions rather than real-time, high-frame-rate video streaming.
TheSTM32F7, on the other hand, provides higher throughput
and is therefore better suited for scenarios that require more
frequent frame transmission under low-bitrate constraints.
However, given themeasured latency, neither platform is suit-
able for high-frame-rate real-time video streaming, which is
expected for such battery-powered devices.

4.8 Stochastic dropout training analysis

One potential challenge with stochastic dropout training is
the risk of overfitting to specific loss functions when opti-
mizing multiple losses concurrently. To evaluate this, we
track the MS-SSIM of MCUCoder on the KODAK (East-
man Kodak, 1993) dataset across varying numbers of active

1 https://github.com/noritsuna/JPEGEncoder4Cortex-M
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Fig. 16 Some samples from the
MCL-JCV (Wang et al., 2016)
dataset. The columns represent
different frames, while the rows
display progressively improving
levels of quality from top to
bottom, produced by
MCUCoder
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Fig. 17 Qualitative comparison for 1 transmitted latent channel out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset

latent channels during training. The training logs, shown in
Fig. 12, demonstrate that all the sub-latents are trained in
parallel without overfitting to any specific sub-latent, which
verifies the effectiveness of the uniform latent sampling strat-
egy employed in the training.

4.9 Qualitative comparison of training losses

Figures 17–28 compare the qualitative reconstruction results
of MCUCoder models trained with different loss functions,
namely MSE, MS-SSIM, and perceptual loss. The results
show that the choice of training objective significantly affects
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Fig. 18 Qualitative comparison for 2 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 19 Qualitative comparison for 3 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 20 Qualitative comparison for 4 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 21 Qualitative comparison for 5 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 22 Qualitative comparison for 6 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 23 Qualitative comparison for 7 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 24 Qualitative comparison for 8 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 25 Qualitative comparison for 9 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 26 Qualitative comparison for 10 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 27 Qualitative comparison for 11 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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Fig. 28 Qualitative comparison for 12 transmitted latent channels out of 12. The images are from the KODAK (Eastman Kodak, 1993) dataset
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the visual appearance of the reconstructed frames. Themodel
trained with MSE tends to produce smoother reconstruc-
tions with more noticeable color distortions, especially when
the bitrate is very low. This behavior is expected because
MSEminimizes the pixel-wise difference between the recon-
structed and original frames. Under a highly constrained
latent representation, the model therefore favors averaged
pixel values that reduce the overall numerical error, which
can lead to blurred details and color shifts.27

The model trained with MS-SSIM produces reconstruc-
tions that are less colorful and closer to grayscale, while
better preserving the global image structure. Since MS-
SSIM measures structural similarity across multiple scales,
it encourages the model to preserve luminance, contrast, and
spatial structure rather than exact pixel-level values. As a
result, the reconstructed frames better maintain the layout
and edges of the scene, although some regions may appear
coarser or less detailed.

Since the model trained with perceptual loss is first ini-
tialized using the MS-SSIM objective and then fine-tuned
with the VGG-based perceptual loss, it tends to preserve
the structure of objects while also introducing more color
information in the reconstructed frames at low bitrates. This
is beneficial for AI-based perception tasks, because many
visionmodels depend on object boundaries, shapes, textures,
and semantic features rather than exact pixel-wise recon-
struction. Therefore, preserving the structural content while
recovering visually meaningful color and texture cues can
make the reconstructed frames more informative for down-
stream machine perception.

5 Conclusion

We introduced MCUCoder, an ultra-lightweight asymmet-
ric video compression model for resource-constrained IoT
devices. With just 10.5K parameters and a 350KB memory
footprint, compared to M-JPEG, MCUCoder reduces bitrate
by over 55% on both the MCL-JCV and UVG datasets while
matching the efficiency of M-JPEG. We further show that
MCUCoder outperforms M-JPEG on downstream AI tasks,
including image classification, object detection, and image
captioning. Its adaptive-bitrate design allows the transmitted
representation to be adjusted under fluctuating network con-
ditions, making it suitable for low-power edge applications
with constrained bandwidth.
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