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ABSTRACT
IoT devices have limited hardware capabilities and are often de-
ployed in remote areas. Consequently, advanced vision models
surpass such devices’ processing and storage capabilities, requiring
offloading of such tasks to the cloud. However, remote areas often
rely on LPWANs technology with limited bandwidth, high packet
loss rates, and extremely low duty cycles, which makes fast offload-
ing for time-sensitive inference challenging. Today’s approaches,
which are deployable on weak devices, generate a non-progressive
bit stream, and therefore, their decoding quality suffers strongly
when data is only partially available on the cloud at a deadline due
to limited bandwidth or packet losses.

In this paper, we introduce LimitNet, a progressive, content-
aware image compression model designed for extremely weak de-
vices and networks. LimitNet’s lightweight progressive encoder
prioritizes critical data during transmission based on the content of
the image, which gives the cloud the opportunity to run inference
even with partial data availability.

Experimental results demonstrate that LimitNet, on average,
compared to SOTA, achieves 14.01 p.p. (percentage point) higher
accuracy on ImageNet1000, 18.01 pp on CIFAR100, and 0.1 higher
mAP@0.5 on COCO. Also, on average, LimitNet saves 61.24% band-
width on ImageNet1000, 83.68% on CIFAR100, and 42.25% on the
COCO dataset compared to SOTA, while it only has 4% more en-
coding time compared to JPEG (with a fixed quality) on STM32F7
(Cortex-M7).

KEYWORDS
Deep Learning, Edge Computing, Lightweight AutoEncoders, Content-
Aware Encoding, Image Compression, Progressive Offloading, Pro-
gressive Compression, Internet of Things

1 INTRODUCTION
Motivation: Neural networks enable new computer vision appli-
cations, such as classification and object detection, in the Internet
of Things (IoT). For example, AI-enabled distributed IoT cameras
enable emergency systems such as Apple’s emergency SOS [8] dis-
aster response [63, 105], intruder detection [96], fire detection [10],
wild life monitoring [19] and road security surveillance [82]. In such

BitStream (DataSize/Top5-Acc on ImageNet-1000)

0.3KB, 47% ACC
0.9KB, 68% ACC

1.4 KB, 76% ACC
3,2 KB, 85% ACC

Figure 1: Qualitative comparison of LimitNet’s progressive
reconstruction. LimitNet detects the important parts of the
image and sends the encoded data in the order of importance.
Progressive offloading allows the cloud to run the inference
at any point (lightning symbol). The horizontal axis shows
the offloading bitstream of an image, the first number shows
the size of received data (in KB) at a specific time, followed by
the corresponding Top5 Accuracy (Top5-Acc) of EfficientNet-
B0 [61] on ImageNet1000 [27] using this received data.

scenarios, it is crucial to have the classification result within a spe-
cific deadline to ensure a timely response [25] such as triggering
alerts.
Challenges: IoT devices are often deployed in remote areas and
consist of embedded devices withminimal power and hardware
capabilities to limit costs. As a result, modern vision models [29,
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Table 1: Comparison of compression-offloading methods. "Offloading Granularity" measures the scale of the individual
transmitted segments, and "Incomplete Data Accuracy" refers to the accuracy of the model when only a portion of data is
available for decoding on the cloud side.

Model Offloading
Granularity

Transmission
Cost

Incomplete Data
Accuracy

Local
Cost Objectives

DeepCOD [103] - Med. Low Low Accuracy
BottleNet++ [88] - High. Low Low Accuracy
AgileNN [44] - Med. Low Low Accuracy
SPINN [52] Filter Med. Low Low Accuracy
FLEET [42] Set of filters Med. High Low Accuracy
DynO [7] - Low Low High Accuracy

Starfish [41] - Low Med. Med. Accuracy, Perception
JPEG [98] - Low Low Low Perception

ProgJPEG [98] DCT Scan Low Med. Low Perception
Ballé et al. [13] - Low Low High Perception
Full-Res [94] Latent Low Med. High Perception
DCCOI [22] - Med. Low Low Accuracy
AccelIR [104] - Low Low High Accuracy
LimitNet SubfilterSubfilterSubfilter LowLowLow HighHighHigh LowLowLow AccuracyAccuracyAccuracy

36, 83] quickly exceed embedded systems’ computing capabilities.
Therefore, the input imagemust be compressed first [41, 88, 97, 103],
and then sent to the cloud for further processing. However, remote
areas commonly have limited internet access, i.e., they often do not
have access to cellular networking. In such settings, communication
is usually limited to LPWAN technology [21] (e.g., Sigfox [53] and
LoRa [15]) with very low and often dynamic bandwidth (less
than 50 KB/s) as satellite communication is often too costly and
energy-intensive [21, 32]. In these scenarios, IoT cameras use shared
communication links, forcing them to have limited duty cycles
(less than 1%). In addition to these limitations, LPWANs have a
high packet loss rate, which increases the transmission time by
forcing multiple retransmissions [89]. Therefore, LPWAN cannot
guarantee to transmit all data to the cloud within a predefined
timeframe, e.g., a deadline or a given duty cycle budget.

To overcome these challenges, the system must be able to run
inference on the cloud even with incomplete data.
Approach:When it comes to dealing with incomplete data, stan-
dard compression-offloading methods are not a solution since they
produce an atomic latent, which necessitates having all data for
decoding. Progressive Encoding, known as fine-grained scalabil-
ity (FGS) [62, 86], is the common solution that enables a stepwise
transmission of data, starting from low-resolution or coarse-grained
information and gradually improving the quality or level of detail
during transmission. Progressive encoding helps to prioritize criti-
cal data, optimize bandwidth usage, and, as a result, ensures that
partial data, i.e., if the transmitter cannot transmit the complete
compressed image before the deadline, can be efficiently used on
the cloud side. Progressive compression [11, 13, 38, 77, 94], how-
ever, imposes a significant computational load due to its extensive
parameterization, often comprising millions of parameters. To ad-
dress this, creating a lightweight encoder – as done in this work

– becomes essential, especially for weaker devices with hardware
limitations.

LimitNet: In this paper, we introduce LimitNet, a lightweight,
progressive, and content-aware image compression-offloadingmodel
designed for weak devices like Cortex-M33 or M7 series MCUs un-
der extremely limited networks such as LPWANs. In LimitNet, we
first design a lightweight CNN to encode the input into a latent
representation. Next, by designing a lightweight saliency detec-
tor network, we identify the important parts of the input image.
However, using the saliency map out of the box leads to poor accu-
racy. To effectively use the saliency map, we introduce a "Gradual
Scoring" algorithm, which enables the model to learn and choose
how much background, i.e., context, it needs during the training
for better classification results; see Fig. 1. The output of Gradual
Scoring is an importance score for each latent data point, indicating
their relative impact on classification results. Afterward, in order
of the scores, we progressively transmit the data to the cloud. At
any given time, the cloud can reconstruct the image and run the
inference, which is essential when we have a deadline and deal
with limited bandwidth. Also, in the case of packet loss, LimitNet’s
prioritized approach ensures that the cloud side receives the most
crucial parts for accurate classification.

As highlighted in Table 1, in comparison to the state of the art,
LimitNet is the only method characterized by both low transmis-
sion and low local computational costs. Its progressiveness operates
at a granularity level as small as a subfilter, achieving notably high
accuracy even when only a portion of the encoded data is accessible
on the cloud, as we show in our evaluation in Section 4.
Contributions:

(1) LimitNet is a progressive content-aware encoder incorpo-
rating a lightweight saliency detector and a novel Gradual
Scoring mechanism. It is highly suitable for LPWANs, given
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Figure 2: Overview of LimitNet. Our encoder compresses the input to a latent representation. Gradual Scoring and our saliency
detector extract the important parts of the latent data and assign an importance score to each latent data point. Afterward,
LimitNet starts to transmit the latent to the cloud in order of its importance score. On the cloud side, at any given time, we can
reconstruct the latent by setting unreceived values to zero and feeding it to a powerful decoder. After reconstruction, we feed
the output to a vision model [61, 83].

their limited and dynamic network bandwidth, restricted
duty cycles, and high packet loss rate (Sections 3.3, 3.4, 4.2
and 4.4).

(2) LimitNet is a very lightweight image encoder with 15K pa-
rameters, efficiently executable on extremely weak devices,
such as ARM Cortex-M series (Section 3.2).

(3) We evaluate the performance of LimitNet on ARM Cortex-
M33 and M7 for vision tasks such as classification and ob-
ject detection and evaluate system-level metrics such as
RAM, Flash, current usage, execution time, and power con-
sumption. We also evaluate LimitNet’s performance un-
der different network bandwidths and different packet loss
rates by comparing it with SOTA models (Sections 4.2, 4.3
and 4.4).

Summary of results:

(1) Accuracy/mAP results: For a given data size, LimitNet on av-
erage achieves up to 14.01 p.p. (percentage point) higher ac-
curacy compared to the SOTA on the ImageNet1000 dataset,
18.01 p.p. accuracy improvement on the CIFAR100 dataset,
and 0.1 mAP@0.5 improvement on the COCO dataset.

(2) Rate results: For a given accuracy or mAP@50, LimitNet on
average saves 61.24% bandwidth compared to the SOTA on
the ImageNet1000 dataset, 83.68% on the CIFAR100 dataset,
and 42.25% on the COCO dataset.

(3) System benchmarks: We deploy our model on two microcon-
trollers, nRF5340 (Cortex-M33) and STM32F7 (Cortex-M7).
Our results show that LimitNet needs 260 ms, 360 KB (17%)
RAM, and 107 KB (5%) Flash to run on STM32F7 and 2189
ms, 344 KB (33%) RAM, and 102 KB (10%) Flash to run on
nRF5340. LimitNet only uses 4% and 11% more encoding
time compared to JPEG (with a fixed quality) on STM and
nRF, respectively, while, unlike JPEG, producing a progres-
sive bitstream.

2 BACKGROUND AND MOTIVATION
This section presents the required background, limitations, and
challenges of existing compression models and LPWANs.

2.1 Compression models
2.1.1 Stand-alone image compression models. We categorize image
compression models into two groups: classical approaches such as
JPEG [98], JPEG2000 [90], WebP[102], BPG [16], and more recent
ones which use the power of deep learning for compression, in-
cluding Hyperprior [13], Full-Resolution [94] and other methods
[12, 23, 77, 91, 104]. While recent deep compression models exhibit
excellent performance, they cannot be utilized on embedded MCUs
due to their stark resource demands. Starfish [41] addresses these
constraints by introducing a lightweight image encoder. Further,
it incorporates dropout in the bottleneck to account for the net-
work’s unreliability. To the best of our knowledge, Starfish is the
only deep image compression approach that is executable on the
MCUs and addresses the dynamic nature of wireless networks. In
addition to having a light encoder, we argue that it is crucial to pri-
oritize important data when it comes to limited bandwidths, which
Starfish cannot do since it has a content-agnostic encoder. In con-
trast, LimitNet features a lightweight, progressive, content-aware
encoder, which prioritizes the important data during the offloading.
As a result, it ensures that data arrives in the order of importance,
allowing the cloud to gracefully run inference even with partial
data availability.

2.1.2 Compression for offloading. In resource-constrained networks,
offloading data to a more computationally capable node is a po-
tential solution to overcome resource challenges on these devices.
Besides image compression models, numerous works focus on data
compression in offloading settings, i.e., compressing the data be-
fore offloading it to the cloud for further processing. In general,
we can group the offloading techniques into two categories [74]:
offloading with autoencoders [24, 31, 40, 45, 70, 71] and without
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autoencoder [30, 47, 58, 59, 80, 106]. The autoencoder-based models
such as DeepCOD [103] and BottleNet++ [88] are more suitable for
the situation where we have limited network bandwidth since they
compress the data before offloading.

Despite their advantages, these offloading models produce a non-
progressive content agnostic bitstream, which needs all data for
decoding and does not consider the effect of each data point in the
target task. In contrast, LimitNet features a progressive, content-
aware encoder, which prioritizes the important data during the
offloading. It ensures that data arrives in the order of importance,
allowing the cloud to gracefully run inference even with partial
data availability

2.2 LPWAN
LPWANs, including Sigfox, LoRaWAN, and NB-IoT, are wireless
communication technologies specifically designed to facilitate long-
range, low-power connectivity in the IoT field. In contrast to cellular
technologies and WiFi, LPWANs utilize lower frequencies to effi-
ciently transmit data over extended distances: Sigfox covers up to
40km, LoRaWAN up to 20km, and NB-IoT up to 10km. However,
LPWANs provide very limited bandwidth: Sigfox offers 100 B/s with
a 1% duty cycle, LoRaWAN provides 0.3 KB/s to 50 KB/s also with
a 1% duty cycle, and NB-IoT delivers up to 200 KB/s [15, 21, 53].
For example, sending a 10 KB image using Sigfox takes roughly
800 seconds at 100 B/s. Similarly, with LoRaWAN, at 10 KB/s, the
process takes about 8 seconds. However, due to the 1% duty cy-
cle, a node can only use the network for 36 seconds per hour on
average, which becomes quickly noticeable when, for example, deal-
ing with multiple image transmissions in time-sensitive scenarios.
Further, due to wireless link dynamics, connection quality might
unexpectedly deteriorate, forcing the LPWAN to retransmit data
and potentially even change to a more robust encoding, which both,
in turn, provide less bandwidth and thereby increase transmission
times and the radio duty cycle [15, 89]. Therefore, LPWAN cannot
guarantee to transmit all data within a timeframe, e.g., a deadline or
a given duty cycle budget. Thus, it is essential to be able to operate
on partial data.

LimitNet addresses these issues by incorporating a progressive
encoder that identifies important parts of the latent space for clas-
sification accuracy. By sending data in order of importance and
retransmitting it as needed until the time budget for transmission,
i.e., deadline or duty cycle, is reached, LimitNet ensures that the
most important data is available at the cloud, and it gracefully
produces an output image from partial data.

3 LIMITNET

Webegin this section by presenting the key components of LimitNet
before detailing its architecture, training phases, offloading mecha-
nism, and quantization process.
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Figure 3: The architecture of LimitNet is inspired by ResNet
[36] and adopts larger kernels for the first layers. All the used
layers are supported by the DSP accelerator of the MCUs.

3.1 Overview
In LimitNet, we first encode the input image to a latent space uti-
lizing a lightweight encoder; see Fig. 2. Then, with a lightweight
saliency detection branch, we detect the important parts of the in-
put image. However, using this saliency map directly on the latent
representation causes bias to the foreground, resulting in blocky
outputs and subpar accuracy, see Fig. 5. To address this, we intro-
duce a "Gradual Scoring" algorithm, which enables the model to
learn and determine the necessary background dynamically. The
output of Gradual Scoring is an importance score for each data
point in the latent, indicating their relative impact on the classifica-
tion accuracy. Afterward, based on these scores, we progressively
transmit the data to the cloud, where we run the image decoder and
the classifier. The cloud can reconstruct the image and gracefully
run inference at any time. In the case of packet loss, LimitNet’s
prioritized approach ensures that the cloud side receives the most
important data first.

3.2 Lightweight Encoder
We design an asymmetric autoencoder [50, 103] with a lightweight
encoder 𝐸𝑁𝐶𝜃𝐸𝑁𝐶

for the edge and a deeper decoder 𝐷𝐸𝐶𝜃𝐷𝐸𝐶

for the cloud. The encoder gets the input image 𝑋𝐶×𝐻×𝑊 and
compresses it to 𝑍𝐿×𝐾×𝐾 :

𝑋𝐶×𝐻×𝑊 → 𝐸𝑁𝐶𝜃𝐸𝑁𝐶
(𝑋𝐶×𝐻×𝑊 ) → 𝑍𝐿×𝐾×𝐾 (1)

Where 𝐶 × 𝐻 ×𝑊 shows the input size, and 𝐿 × 𝐾 × 𝐾 shows
the shape of the latent data. Inspired by ResNet [36], we use large
kernels (3, 5, and 7) for the first layers; see Fig. 3.

3.3 Saliency Detection
After data encoding, we need to detect the important parts of the
input image to add priority to their corresponding encoded data.

There are several ways to detect the important parts, such as
ROI detection, Explainable-AI, and Saliency Detection, see Sec-
tion 5. However, running these models on embedded devices is
often infeasible due to their high computational and resource costs,
comparable to or even greater than running a full classifier. Despite
the hardware limitations, we leverage the benefits of edge comput-
ing by employing a lightweight model that mimics the output of
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a: Saliency-Based Scoring

b: Gradual Scoring

4: 0.3KB, 47% ACC3: 0.9KB, 68% ACC2: 1.4 KB, 76% ACC1: 3,2 KB, 85% ACC

4: 0.3KB, 8% ACC3: 0.9KB, 28% ACC2: 1.4 KB, 52% ACC1: 4,2 KB, 85% ACC

Figure 4: Reconstruction outputs and Top5-Acc (on Ima-
geNet1000) at different data availability levels when we only
use the saliency map compared to combining it with Gradual
Scoring.

a complex saliency detector. We design a lightweight, 4-layer net-
work SalDet𝜃𝑆𝑎𝑙𝐷𝑒𝑡

for saliency detection and train it via Knowledge
Distillation (KD) [37] using BASNet [81], one of the state-of-the-
art saliency detection models, as teacher model. This branch takes
latent 𝑍𝐿×𝐾×𝐾 and extracts the saliency map 𝐼𝐾×𝐾 , see Eq. 2.

𝑍𝐿×𝐾×𝐾 → SalDet𝜃SalDet (𝑍
𝐿×𝐾×𝐾 ) → 𝐼𝐾×𝐾 (2)

Our saliency detection branch, (𝜃SalDet), has only 5k parameters,
which is 0.001% of the parameters of the original saliency model.
Although our lightweight model does not achieve the same level
of performance as BASNet, the resulting importance map provides
essential information about the important regions, which greatly
enhances the model’s accuracy, as our evaluation in Section 4.3
shows.

3.4 Gradual Scoring: The Devil is NOT in the
Details!

After extracting the saliency map, a naïve solution is to use this
map to score each encoded data point. However, relying only on the
saliency map leads to fragmented and blocky outputs and hence,
poor accuracy. For instance, examples 𝑎2, 𝑎3, and 𝑎4 in Fig. 4 il-
lustrate the decoder outputs with varying levels of available data.
As shown in these examples, fragmentation occurs since we only
transfer the parts with the highest score in the saliency map, focus-
ing only on the foreground and sending the same locations across
the latent for all filters. Consequently, the decoder can reconstruct
these parts only, which hinders the classification model’s ability
to accurately identify objects due to the absence of contextual in-
formation [17]. To effectively use saliency, we introduce a Gradual
Scoring algorithm, which enables the model to learn and choose
how much background, i.e., context, it needs during the training

for better classification results. Our results show that incorporat-
ing Gradual Scoring leads to significantly improved classification
accuracy. For instance, examples 𝑎3 and 𝑏3 in Fig. 4 show that for
the same data size, gradual scoring leads to 40 p.p. higher accuracy
on the ImageNet1000 [27].

We design the Gradual Scoring mechanism inspired by the grad-
ual ordering in TailDrop [49], which uses dropout to order the
information in the latent. The Gradual Scoring function takes the
saliency map 𝐼𝐾×𝐾 and by adding a descending constant value,
𝐺𝐹𝑎𝑐𝑡𝑜𝑟 , produces a 𝑆𝐿×𝐾×𝐾 tensor, which shows the importance
score of each data point in the latent; see Eq. 3.

𝐼𝐾×𝐾 → GS(𝐼𝐾×𝐾 ) → 𝑆𝐿×𝐾×𝐾 (3)
As illustrated in Fig. 5, the score of each latent data point is calcu-
lated as follows:

𝑆𝑖,[0:𝐾 ],[0:𝐾 ] = 𝐼 [0:𝐾 ],[0:𝐾 ] +𝐺𝐹𝑎𝑐𝑡𝑜𝑟 × 𝑖, ∀𝑖 ∈ {0, 1, 2, . . . , 𝐿} (4)

To get the best results, we need to employ Gradual Scoring in the
training pipeline. To do so, in each training step, we randomly select
a value 𝑝 = U(0, 100), and zero out the 𝑝% of the latent 𝑍𝐿×𝐾×𝐾

with the lowest score in the score tensor 𝑆𝐿×𝐾×𝐾 ; see Eq. 5 and
Eq. 6.

𝑍𝐿×𝐾×𝐾 , 𝑆𝐿×𝐾×𝐾 Dropping
−−−−−−−−→ 𝑍 ′𝐿×𝐾×𝐾 (5)

𝑍 ′
𝑖, 𝑗,𝑘 =

{
𝑍𝑖, 𝑗,𝑘 if 𝑆𝑖, 𝑗,𝑘 ≥ 𝑝𝑡ℎ largest value of 𝑆𝐿×𝐾×𝐾

0 otherwise
(6)

𝑍 ′𝐿×𝐾×𝐾 represents the modified version of 𝑍𝐿×𝐾×𝐾 that contains
the 𝑝% of the highest important scores.

3.5 Offloading, Decoder and Classifier
After encoding, we quantize the latent data with 6 bits. We also
downsize the saliency map to an 8 × 8 representation and then
quantize it with 5 bits, as we do not lose a lot of accuracy and add
considerable compression. We initiate the offloading process by
first transmitting the saliency map before sending the encoded data.
The overhead of transmitting this map is a maximum of 40 bytes,
which is practically negligible. For instance, in an LPWAN network
with a throughput of 5 KB/s, it takes less than 1 ms to transmit.
This step is crucial as the decoder requires precise placement in-
formation for reconstructing each data point. On the cloud side,
after receiving the compressed image data, we fill any unreceived
latent values with zero based on the saliency map and reconstruct
the latent 𝑍𝐿×𝐾×𝐾 . While we prioritize minimizing computational
costs during encoding, we are less concerned about the costs of
decoding. We employ a decoder 𝐷𝐸𝐶𝜃𝐷𝐸𝐶

comprising a 5-layer
convolution with different kernel sizes (7, 5, and 3). These varying
kernel sizes allow the decoder to capture features at different scales
and reconstruct the finer details of the original image, see Fig 3.
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Figure 5: Details of Gradual Scoring. This Figure illustrates where and how we add 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 to each filter’s activations of the
latent, enabling the model to learn and choose how much background, i.e., context, it needs.

Table 2: Training phases of LimitNet

Phase Epochs LR Loss Function Traning Notes

1 100 0.001 Rec Loss + Saliency Loss KD for the saliency detection, training with Gradual Scoring
2 6 0.00005 CLS Loss Training with Gradual Scoring, freezing the CLS
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with the same policy (standard offloading). LimitNet, in con-
trast, transmits and retransmit packets based on their impor-
tance. Thereby, it ensures that the most important packets
arrive first, essential for graceful progressive decoding.

This decoder is responsible for reconstructing the original image
𝑋𝐶×𝐻×𝑊 . Once the image is reconstructed, we feed it to the vision
model 𝐷𝐸𝐶𝜃𝐷𝐸𝐶

and predict the label 𝑦; see Eq. 7 and Eq. 8. Specif-
ically, in this paper, we utilize EfficientNet-B0 [92] and YOLOv5
[83], depending on the evaluation scenario.

𝑍 ′𝐿×𝐾×𝐾 Quant., Huffman Enc.
−−−−−−−−−−−−−−−−−→ 𝑍 ′𝐿×𝐾×𝐾 (7)

𝑍 ′𝐿×𝐾×𝐾 Lat. Rec.−−−−−−−→ 𝑍𝐿×𝐾×𝐾 𝐷𝐸𝐶𝜃𝐷𝐸𝐶−−−−−−−−−→ 𝑋𝐶×𝐻×𝑊 𝐶𝐿𝑆𝜃𝐶𝐿𝑆−−−−−−−−→ 𝑦

(8)
3.5.1 Prioritized Packet Transmission-Retransmission. In LimitNet,
we offload packets based on their importance score produced by
Gradual Scoring. However, as discussed in Section 2.2, LPWAN
links are highly dynamic and often have a high packet loss rate,
necessitating retransmissions.

Due to its content-aware progressive bitstream, the importance
of each packet in LimitNet is known. Therefore, we transmit and
– if needed – retransmit packets in order of importance until an
application-specific deadline is reached or our duty cycle budget is
over. As a result, this ensures that the receiver always receives the
most important data in the case that we cannot transmit the entire
latent. Looking at Fig. 6, through LimitNet’s prioritized offloading,
critical packets (4, 7, 2, 5, and 6) are delivered to the cloud before
the deadline. In contrast, standard offloading schemes send packets
based on their index order without considering their importance,
resulting in the cloud missing crucial packets (e.g., packets 6 and 7).
Although Starfish has regional importance for mitigating packet
loss, it also lacks packet prioritization capabilities. Thus, similar to
the conventional offloading models, it transmits packets in random
order and potentially loses crucial packets (e.g., packets 2 and 7).

3.6 Application Scenario
Distributed IoT cameras, such as alarm systems, utilize a shared
LPWAN connection for transmitting data to the cloud, necessitating
limited duty cycles. In conventional approaches, inference needs
to wait until all data is received, where it takes approximately 100
seconds to send a 5KB image through a 5 KB/s LoRa link with a 1%
duty cycle. However, in LimitNet, each node compresses images
progressively, sorts encoded data by importance, and transmits
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Figure 7: A high-level application scenario for LimitNet.
In this scenario, multiple cameras transmit their images
through a shared LPWAN link.

them accordingly within its duty cycle. On the cloud end, after each
cycle, the decoder can reconstruct the image, conduct inference
for each camera, and activate the alarm system if needed, without
needing to wait for the complete data to be received; see Fig. 7.

4 EVALUATION
In this section, we evaluate the performance of LimitNet and com-
pare it to state-of-the-art image compression and offloading models.
We focus on vision tasks like classification and object detection, use
accuracy and mAP as evaluation metrics, and assess system-level
benchmarks on MCUs as follows:
Accuracy vs. Data Size: We evaluate LimitNet’s accuracy on
different compression ratios and data sizes and compare it to SOTA
models.
Saliency Detection Evaluation: We evaluate the saliency branch
and the Gradual Scoring algorithm to analyze howwell they identify
important parts.
System-level Benchmarks on MCU:We implement LimitNet
on STM32F7 (Cortex-M7) and nRF5340 (Cortex-M33) and evaluate
system-level benchmarks. In our experiments, we focus on Flash
usage, RAM usage, execution time, and energy consumption. Fur-
thermore, we evaluate LimitNet and SOTA models’ performance
under LoRaWAN networks.
MS-SSIM and PSNR: While it is common to use visual metrics
such as MS-SSIM and PSNR when comparing image compression
models, LimitNet only produces a partial reconstruction (see Fig.
1). As these metrics measure the average difference of all pixels, the
result will be significantly biased to the missing values. However,
the main objective of LimitNet is classification accuracy and not
the perceptual quality. Therefore, we do not evaluate these metrics.

Note that, for simplicity, we evaluate the performance of LimitNet
under the assumption of a single image in the transmission queue,
as is common in the literature [41–44]. However, LimitNet can
also be extended to handle multiple images, either in parallel or
sequentially, which we leave for future work.

4.1 Experimental Setup
4.1.1 Implementation. We implement LimitNet in TFLite-Micro
[2] and Zephyr RTOS [3] for STM32F7 [6] and nRF5340 [5] MCUs.
The STM has 2 MB of Flash, 1 MB of RAM, and a dual-core config-
uration consisting of an ARM Cortex-M7 and an ARM Cortex-M33,

which can be clocked up to 480 MHz and 240 MHz, respectively.
We deploy LimitNet on the Cortex-M7. The nRF has 1 MB Flash,
512 kB RAM, and a dual ARM Cortex-M33 core that can be clocked
at 128 and 64 MHz. Both MCUs provide accelerated integer in-
ference via DSPs and CMSIS-NN. To effectively utilize LimitNet
and ensure that the model’s weights do not excessively consume
memory resources, we apply post-training integer quantization to
LimitNet’s image encoder, i.e., we quantize the weights to 8-bit
integer representations. LimitNet is available as open source1.

4.1.2 Datasets. We evaluate LimitNet on three public datasets: To
show the maximum capacity of our model, we train and evaluate
LimitNet on ImageNet1000 [27]. We also fine-tune and evaluate
our model on CIFAR100 [51]. To investigate the performance of
LimitNet on harder tasks such as object detection, we also evaluate
the pre-trained ImageNet1000 model on the COCO dataset [66] by
using YOLOv5 [83]. For all datasets, we resize the input images to
224 × 224.

4.1.3 Training and hyperparameters. Our training process has two
phases. At first, we train the autoencoder and the saliency branch
jointly using Gradual Scoring with 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 = 0.2.

In the second phase, we stitch the classification model after the
decoder and train the whole network on classification loss, see
Table 2.

4.2 Compression Efficiency
Baselines: In this section, we compare the compression efficiency
of LimitNet to three sets of baselines: (1) resource-efficient com-
pression models deployable on embedded MCUs: Starfish [41] as
the only existing image compression model that can handle partial
data availability, JPEG [98] as the standard baseline, and the pro-
gressive version of JPEG (referred as ProgJPEG) as the progressive
standard baseline. (2) SOTA image compression models: Ballé et
al. [13] as the non-progressive image compression which has 165
times more parameters and 50 times more GFLOPs compared to
LimitNet, see Table 3. Although there are newer and improved
models, we choose Ballé as it is easy to evaluate, well-documented,
and has comparable performance to SOTA. (3) Non-progressive
offloading models: BottleNet++ [88] as the standard benchmark
and DeepCOD [103] as SOTA.

We found that post-training integer weight quantization has less
than 0.01 p.p. effect on the results, which is negligible. Given this,
we only present the non-quantized results.
Metrics: In our evaluation, we use these metrics for comparison:

4.2.1 Data size vs. Accuracy/mAP. We evaluate LimitNet and other
benchmarks by feeding their decoded image into EfficientNet-B0
[61] as a backend model for classification. Fig. 8a and Fig. 8b plot
Top-1 classification accuracy and show that LimitNet consistently
outperforms the baseline models. For example, on CIFAR100, with
1 KB of data, LimitNet achieves 80% accuracy while ProgJPEG
1https://github.com/ds-kiel/LimitNet
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Figure 8: Performance evaluation of LimitNet compared to JPEG, ProgJPEG and Starfish on ImageNet1000, CIFAR100 and
COCO. We also compare it to the SOTA image compression model, Ballé et al., which has 165 times more parameters than
LimitNet and is not executable on MCUs.

Table 3: Comparing GFLOPs and the #parameters of LimitNet
with Ballé et al., the state-of-the-art image compression
model, and Starfish, a MCU-based deep image compression
model.

Model #GFLOPs #Params
LimitNet 0.004 15K
Starfish 0.77 78𝐾
Ballé et al. 1.95 2.5𝑀

achieves 16% accuracy. At high compression rates, LimitNet even
outperforms Ballé et al. on ImageNet1000 and achieves an on-par
performance on CIFAR100. We also evaluate LimitNet on object
detection using YOLOv5 [83] as the backend model on the COCO
dataset. As shown in Fig. 8c, LimitNet outperforms the baselines
at high compression rates when compressed image sizes are 3.5
KB and smaller. This superior performance primarily stems from
LimitNet’s ability to reconstruct the image components crucial for
classification. In contrast, other progressive models like Starfish
and ProgJPEG are content-agnostic and transmit images without
prioritizing the crucial regions regarding classification.

Additionally, we evaluate LimitNet by comparing it with non-
progressive offloading models such as DeepCOD [103] and Bot-
tleNet++ [88] when 100% of the data is available for decoding. We
choose these models’ first offloading point, ensuring implementa-
tion feasibility on MCUs. As shown in Fig. 9, LimitNet achieves
comparable performance to these non-progressive models, despite
being a progressive encoder2.

4.2.2 BD-Rate/BD-Acc/BD-mAP. To summarize the results on com-
pression efficiency, we utilize the Bjontegaard Delta (BD) [14], a
metric for comparing various model performances over different
data sizes:

2As common, when comparing to DeepCOD, we plot Top5-Acc.
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Figure 9: LimitNet performance evaluation, compared to non-
progressive offloading models (DeepCOD [103], BottleNet++
[88], and Ballé et al. [13]) and other benchmarks [41, 97],
when 100% of the encoded data is available. LimitNet achieves
comparable performance to these non-progressive models
despite being a progressive encoder.

• BD-Rate shows, on average, how much bandwidth a base-
line saves over another baseline for a given quality in per-
cent.

• BD-Acc shows, on average, how much a baseline improves
the accuracy in percentage points (p.p.) over another base-
line for a given data size.

• BD-mAP shows, on average, how much mAP a baseline
improves over another baseline for a given data size.

Table 4 presents the BD metrics for LimitNet compared to JPEG,
ProgJPEG, and Starfish. Accuracy/mAP results: for a given data size,
LimitNet on average achieves up to 14.01 percentage points higher
accuracy compared to the SOTA on the ImageNet1000 dataset, 18.01
percentage points accuracy improvement on the CIFAR100 dataset,
and 0.1 mAP@0.5 improvement on the COCO dataset. (2) Rate
results: For a given accuracy or mAP@50, LimitNet on average
saves 61.24% bandwidth compared to the SOTA on ImageNet1000
dataset, 83.68% on the CIFAR100 dataset, and 42.25% on the COCO
dataset.
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Table 4: Comparison of LimitNet with baselines in terms of BD-Rate (in percent), BD-Acc (in percentage points), and BD-
mAP@50. Each number in each column shows the improvement of LimitNet compared to the corresponding model.

Model ImageNet1000 CIFAR100 COCO
BD-Rate (%) BD-Acc (p.p.) BD-Rate (%) BD-Acc (p.p.) BD-Rate (%) BD-mAP (mAP@50)

ProgJPEG 61.24 14.01 83.68 18.01 42.45 0.1
JPEG 69.02 15.41 87.7 15.21 53.64 0.12

Starfish 85.09 60.33 89.81 72.26 55.02 0.15
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Figure 10: (a) Comparing LimitNet and Fixed-RateAEs results
on incomplete data: LimitNet outperforms Fixed-Rate AEs
when we do not have all the encoded data for inference. (b)
Evaluating different 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 . 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 = 0.2 achieves the best
performance, effectively balancing object details and context
in the reconstructed image.

4.3 Evaluating LimitNet in Detail
In this section, we conduct a comprehensive evaluation of each of
LimitNet’s components to measure the benefits of content-aware
encoding, assess the impact of our Gradual Scoring mechanism
using different𝐺𝐹𝑎𝑐𝑡𝑜𝑟 values, and evaluate the performance of our
saliency detection branch.

4.3.1 Advantages of Content-Aware Encoding. We begin by assess-
ing the impact of progressive content-aware encoding on the model
results. For this, we train a set of non-progressive autoencoders
with different latent sizes and run the inference on incomplete data.
Fig. 10a illustrates that a normal, i.e., non-progressive, autoencoder
shows a significant drop in accuracy when reconstructing the image
with incomplete data, while in LimitNet, the accuracy gracefully
degrades due to its progressive nature and having a content-aware
encoding.

4.3.2 Gradual Scoring. In this section, we evaluate the effect of
Gradual Scoring on classification accuracy. We train our model with
different 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 and measure its accuracy on the ImageNet1000
dataset. As Fig. 10b shows, if we set 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 = 0, i.e., using the
saliency map naively, it leads to a poor accuracy since it produces
a blocky output. On the other hand, if we set 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 = 1.0, the
model diminishes the effect of the saliency map, which hinders it
from achieving its maximum accuracy. By choosing an intermediate
value for the 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 , we allow the model to balance foreground
and background in the reconstructed image. Our experiments show
that 𝐺𝐹𝑎𝑐𝑡𝑜𝑟 = 0.2 produces the best results; see Fig. 10b.

4.3.3 Evaluation of Saliency Detection. As discussed in Section 3.5,
in the quantization step, we downsize the 32 × 32 maps to 8 × 8
for better compression and encode these in 5 bits. Therefore, when
evaluating the saliency maps, we also need to evaluate the impact of
this quantization. In Fig. 11, we compare the input image, saliency
ground truth, and LimitNet’s saliency output with and without
quantization.We use BASNet [81], i.e., our teacher model, as ground
truth. As this figure shows, the saliency detection branch is not as
accurate as the ground truth; nevertheless, it can identify the area of
the important parts of the image. For example, in the fourth column,
although the saliency can not precisely localize the dog, it detects
the parts of the image that include the target object, which bumps
up the accuracy when we prioritize these sections in progressive
offloading.

4.4 System-Level Benchmarks
Next, we evaluate the system-level performance of LimitNet, in-
cluding current consumption, energy tracing, resource consump-
tion, and performance under limited network bandwidths such as
LoRaWAN. Although Starfish is tailored for limited hardware set-
tings, it cannot run on the selected MCUs due to its extensive RAM
usage. Therefore in this section, we only evaluate LimitNet and
JPEG.

4.4.1 Resource Consumption. In Table 5, we report the resource
requirements and inference time for the float32 model and the quan-
tized int8 model with and without DSP support for NN inference
acceleration on nRF5340 and STM32F7 MCUs. Only the int8 version
of the encoder is deployable on MCU due to space limitations, while
we can deploy the saliency detection branch with either float32 or
int8 model weights. For int8, the encoder consumes 344 KB RAM
(33% of RAM), about 100 KB Flash (10% of Flash), and takes 1,969
ms to run on nRF with DSP acceleration enabled and 360 KB RAM
(17% of RAM), 107 KB Flash (5% of Flash), and 237 ms to run on
STM with DSP acceleration enabled. Also, the saliency detection
branch as quantized int8 model needs 26 KB RAM (2% of RAM),
102 KB Flash (10% of Flash), and 220 ms to run on nRF5340 with
DSP acceleration enabled, and 26 KB RAM (1% of RAM), 107 KB
Flash (5% of Flash), and 23 ms to run on STM with DSP acceleration
enabled. Overall, LimitNet compresses images within 260 ms on
the faster Cortex-M7 while it needs about 2,189 ms on the slower
Cortex-M33.

4.4.2 Current Consumption and Energy Trace. To gain insights into
the energy demands of LimitNet, we measure energy consumption
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Figure 11: Comparing the input image, saliency ground truth (G. T.), LimitNet’s saliency output with and without quantization,
denoted as Q-LightSal and LightSal, respectively. While the saliency detection branch does not achieve the same level of
preciseness as the ground truth, it detects the parts of the image that include the target object, which bumps up the accuracy
when we prioritize these sections in progressive offloading.

Table 5: Resource requirements and inference time of both LimitNet’s encoder and the saliency detector as float32 and quantized
int8 models with and without DSP acceleration on nRF5340 and STM32F7 MCUs.

nRF5340 MCU (Cortex-M33) STM32F7 MCU (Cortex-M7)
without DSP accel. with DSP accel. without DSP accel. with DSP accel.
int8 float32 int8 float32 int8 float32 int8 float32

En
c.

exe time (ms) 45,590 - 1,969 - 4,882 - 237 -
RAM (KB) 344 (33%) - 344 (33%) - 350 (17%) - 360 (17%) -
Flash (KB) 94 (9%) - 100 (10%) - 91 (4%) - 107 (5%) -

Sa
l.

exe time (ms) 4,972 1,046 220 981 522 576 23 655
RAM (KB) 26 (2%) 99 (10%) 26 (2%) 99 (10%) 24 (1%) 99 (5%) 26 (1%) 99 (5%)
Flash (KB) 96 (9%) 111 (11%) 102 (10%) 117 (11%) 93 (4%) 109 (5%) 107 (5%) 122 (6%)

on the nRF5340MCU and compare it to JPEG (𝑄 = 50). Fig. 12 shows
that the encoding takes about 11% longer, i.e., about 220 ms longer,
for LimitNet when compared to JPEG on the nRF. Also, on the
STM, LimitNet encoding takes 260 ms while JPEG needs 249 ms,
i.e., LimitNet requires about 4% more time than JPEG. Regarding
energy consumption, LimitNet consumes 16.6 mJ, which is 0.65
mJ or 4% higher than JPEG (𝑄 = 50) on nRF, see Fig. 12.

For this experiment, we use an implementation of JPEG that has
been optimized for Cortex-M33 [1]; however, this implementation
does not support progressive encoding while LimitNet does. To
provide a progressive bitstream, ProgJPEG partitions the DCT coef-
ficient table into multiple segments and encodes each separately.
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Figure 12: Energy and current consumption of LimitNet’s en-
coder and saliency detection compared to JPEG (for one pre-
defined constant quality=50) on nRF5340 with 𝑉 = 1860𝑚𝑉 .

This entails quantization and the creation of Huffman tables, in-
creasing the run-time of ProgJPEG over JPEG. Therefore, compared
to LimitNet, we expect that ProgJPEG takes much more time3.

3While some MCUs, e.g., STM, have a hardware-accelerated JPEG peripheral, others,
e.g., nrf5340, do not have one. For a fair comparison, we opted to use an implementation
that does not utilize such accelerators.
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4.4.3 Limited Networking Scenarios. To assess the advantages of
LimitNet and compare it to other models in real-world network
scenarios, we conduct evaluations for LoRaWAN. In these exper-
iments, we simulate a network with a gamma distribution under
the bandwidth range of LoRaWAN [21], see Fig. 13. In each sce-
nario, we analyze LimitNet′𝑠 performance compared to Starfish
[41] and ProgJPEG [97]. We select these two baselines as they are,
to the best of our knowledge, the only image compression meth-
ods supporting progressive inference while being implementable
on MCUs. Our results show that LimitNet exhibits a consistent
progressive improvement in accuracy over time and outperforms
baselines by a considerable margin; see Fig. 13. The main factor for
this superior performance comes from LimitNet’s ability to start
reconstruction immediately after sending at most 40 bytes for the
saliency map, whereas ProgJPEG needs to send at least the first
scan, and Starfish needs to transmit a noticeable amount of data to
reconstruct a meaningful image.

4.4.4 Impact of packet loss. As discussed in Section 2.2, LPWANs
often have high packet loss rates, necessitating retransmission
of dropped packets. As explained in Section 3.5.1, in the case of
packet loss, LimitNet retransmits packets based on their impor-
tance, ensuring that the decoder receives the most important data
first. ProgJPEG also sends data in multiple importance-based DCT
scans. In Starfish, despite having regional importance distribution
for packet loss resiliency, it has no packet prioritization and sends
the data in a random order. In Table 6, we report the impact of dif-
ferent packet loss rates on LimitNet, ProgJPEG [97], and Starfish
[41] during a single communication interval. Under different packet
loss rates, although LimitNet, Starfish, and ProgJPEG have all sent
an equal amount of data, LimitNet outperforms the other models
by a significant margin due to its content-aware offloading regime.

5 RELATEDWORK
The design of LimitNet draws inspiration from a wealth of prior
research, including image compression, progressive image com-
pression, compressive sensing, edge offloading, and importance
detection methods:
Image compression: We categorize image compression models
into two groups: classical approaches such as JPEG [97], JPEG2000
[90], JPEG-XR [4], WEBP [102], BPG [16] and recent deep learning-
based methods, including Hyperprior [13], Full-Resolution [94], and
others [12, 23, 77, 91]. While providing excellent performance, deep
models and most of the classical compression models [4, 16, 90, 102]
cannot be utilized on embedded MCUs due to their stark resource
demands. In contrast, LimitNet employs a lightweight encoder
that is executable on weak devices such as nRF5340 (Coretex M33)
and STM32F7 (Cortex-M7).
Progressive image compression: Most classic compression mod-
els offer a progressive option [4, 16, 90, 102]. Among them, ProgJPEG
[97] is the only one that can be deployed on resource-constrained
embedded devices. Recently, learning-based compression models

Table 6: Top-1 accuracy of LimitNet, ProgJPEG, and Starfish
on CIFAR100 with 2.5KB/s bandwidth and different Packet
Loss Rates (PLR) after a single connection cycle (0.74-sec of
transmission per minute). The first number shows the loss
rate, and the second shows the received bytes after a cycle.

10% PLR 40% PLR 70% PLR
(1.62 KB) (1.31 KB) (0.5 KB)

LimitNet 82.06% 81.2% 71.4%
ProgJPEG 61.7% 43.1% 0%
Starfish 10.2% 2.6% 1%

[28, 55, 68, 91, 104] have emerged, employing diverse techniques
such as RNNs [34, 48, 93, 94], bit prioritization [46, 57], multiple
decoders [18], and nested quantization [69] to produce progressive
bitstreams. Similar to their non-progressive counterparts, these
deep models are unsuitable for weak devices due to their high
resource demands.
Edge offloading models: We categorize offloading models into
two types: those with autoencoders [40, 42–45, 70, 71, 88, 103], and
those without autoencoders [22, 30, 47, 58, 59, 80, 106]. While these
models are usually focused on vision tasks, other models explore
offloading for further tasks, including speech recognition and se-
mantic segmentation [9, 24, 56, 72, 73, 75, 76]. However, in contrast
to LimitNet, all of these models lack progressive offloading.
Importance Detection: We categorize importance detection mod-
els into three types: ROI detection [26, 35, 84, 85, 95], Explainable-AI
[20, 33, 87, 99], and Saliency Detection [39, 60, 67, 100, 101, 107].
However, running these models on embedded devices is often in-
feasible due to their high computational and resource costs, compa-
rable to or even greater than running a full classifier. In LimitNet

we use a lightweight saliency detector, which is not as accurate
as these models but can significantly improve the performance of
progressive offloading when dealing with limited bandwidth.

6 DISCUSSION
Limitations: LimitNet generates a progressive bitstream, but
this characteristic comes with a drawback as illustrated in Fig. 8.
The progressive nature of the bitstream hinders LimitNet from
achieving its maximum performance. The reason is that when only
part of the data is available for decoding, the model expends effort
in handling this incompleteness, degrading the maximum accuracy
attainable.
ImageNet1000/COCO performance: As reported in Fig. 8a and
Fig. 8c, the performance of LimitNet on ImageNet1000 and COCO
is not as good as state-of-the-art. Nevertheless, we evaluated our
model on ImageNet1000 to show the maximum capability. However,
for real-world applications on weak devices, such as in the recent
literature [41–44], the target task is usually much simpler, e.g., sim-
ilar to CIFAR100. Furthermore, ImageNet1000’s image sizes are too
large (224×224 after preprocessing), each occupying around 150KB,
which is a significant memory overhead for MCUs. Therefore, for
such constrained devices, it is reasonable to opt for smaller input
sizes.
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Figure 13: LimitNet performance simulation under LoRaWAN [15] on ImageNet1000 [27] and CIFAR100 [51] datasets compared
to Starfish [41] and ProgJPEG [97]. We evaluate the performances on each dataset under two different network settings: (a, b)
with LoRaWAN’s maximum bandwidth and (c, d) with a dynamic bandwidth. These plots show the average outcomes obtained
from multiple experiments.

Other vision tasks: LimitNet incorporates a saliency detection
mechanism. Therefore, it works on any vision task that relies mainly
on the foreground of an image. Given LimitNet’s superior perfor-
mance on CIFAR100 compared to ImageNet1000, we believe that
LimitNet can yield promising results on less complex datasets like
MNIST [54], SVHN [78] and Flowers [79]. On the other hand, our
observations indicate that LimitNet’s performance diminishes on
more challenging tasks such as object detection when precise focus
on multiple objects is required, see Fig. 8.
Comparison to the SOTA: Starfish [41] uses dropout to add re-
dundancy, which can deal with packet loss and is a first step towards
progressiveness, as its accuracy does not collapse when receiving
partial data. However, it is important to guide the model towards
prioritizing the main objects, using saliency supported by gradual
scoring (see Fig. 1) when transmitting. Starfish and ProgJPEG fail
to do so, resulting in inferior performance (see Fig. 8). FLEET [42],
on the other hand, has 4 fixed progressive steps, transmitting at
least 2 KB of values, in each step. In contrast to the existing SOTA,
LimitNet can progressively transmit the encoded data value by
value in the order of importance, after initially transmitting the
saliency map (at most 40 bytes) which results in a much more
granular and flexible progressiveness.
Limitations of other alternatives: Pruning and quantization
techniques fail to generate MCU-compatible models due to sub-
stantial performance degradation when pruning below 10%. Also,
existing SOTA image compression models such as Ballé are too big
for MCUs (165 times more parameters). Furthermore, despite the
good performance of on-device inference models [64, 65], they are
designed for specific network architecture and are not generaliz-
able. Therefore, running a larger and better classifier on the cloud
can be beneficial to achieve a higher accuracy. Additionally, with
our design, it is possible to exchange the classifier on the server
to either use an even better model or a model for a different task
without needing to change anything on the MCU.

7 CONCLUSION
In this paper, we introduce LimitNet, an image compression and of-
floadingmodel designed for extremelyweak devices under LPWANs
limitations: low bandwidth, short duty cycles, and high packet loss
rates. We address these challenges by developing a lightweight
content-aware progressive encoding scheme that prioritizes critical
data during transmission based on their relative effects on clas-
sification accuracy. This progressive offloading allows the cloud
to run the inference even with partial data availability, which is
crucial when we have time-sensitive inferences such as deadlines
or limited duty cycle budgets.
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