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Abstract—The rapid democratization of access to Low Earth
Orbit (LEO) has driven an exponential increase in Earth
Observation (EO) missions powered by miniaturized CubeSats.
However, the traditional paradigm of continuously transmitting
raw or minimally processed images to ground stations is severely
constrained by the stringent power, memory, and communica-
tion bandwidth limitations of these tiny systems. To overcome
these limitations, we present our recent advances in shifting
computational intelligence directly to the extreme edge of space
operations for autonomous image classification. The first is a
hardware-aware TinyML pipeline for heterogeneous Microcon-
troller Units (MCUs) featuring an integrated Neural Processing
Unit (NPU), which demonstrates massive model compression
without compromising accuracy while achieving millijoule-scale
energy consumption. The second is an advanced in-sensor com-
puting strategy that executes Deep Neural Networks (DNNs)
directly on the image sensor die, completely bypassing the system
bus and offloading the primary On-Board Computer (OBC). This
article demonstrates how both paradigms can effectively reduce
downlink bandwidth requirements and shift task execution to the
edge while maintaining acceptable accuracy, paving the way for
sustainable, real-time autonomous space robotics.

I. INTRODUCTION

The “New Space” era has democratized access to orbit
[1], positioning miniaturized CubeSats as the backbone of
numerous Earth Observation (EO) missions [2]. These mis-
sions span a wide range of critical applications, including
precision agriculture, maritime surveillance, and rapid re-
sponse to natural disasters [3]. However, CubeSats operate
under severe physical constraints in terms of size, weight,
power consumption, and communication bandwidth [2]. These
inherent limitations fundamentally challenge the traditional
operational model of EO, which relies on acquiring massive
volumes of Level-0 sensor data and downlinking it to ground
stations for centralized processing [4]. Because a typical Low
Earth Orbit (LEO) pass lasts only a few minutes, the sheer
volume of high-resolution geospatial data vastly exceeds the
daily transmission budgets of even the most advanced S-
band or X-band radios [5]. Consequently, for these systems, a
paradigm shift is required: instead of transmitting raw data to
the ground, intelligence must be brought directly to the data.

Empowering satellites to autonomously filter, classify, and
prioritize imagery directly in orbit drastically reduces down-
link volume and latency for time-critical applications [6], [7].
Although prior efforts have successfully migrated inference
tasks to satellite’s primary On-Board Computer (OBC) or
secondary hardware accelerators, these solutions often rely
on relatively powerful Systems on Chips (SoCs) or Field

Programmable Gate Arrays (FPGAs) [8], [9]. However, such
hardware greatly exceeds the resource envelope available on
typical ultra-constrained CubeSats, which often feature only
a few megabytes of volatile memory and power budgets of
just a few watts [10]. Furthermore, executing models on
the primary processing unit still requires the energy-intensive
transfer of raw images from the sensor to the internal data bus
of the satellite, thereby incurring power penalties and latency
overhead [11].

To address these critical gaps, this paper summarizes our
recent efforts in developing TinyML pipelines tailored for EO
missions. Specifically, the first contribution investigates the
optimization of Convolutional Neural Networks (ConvNets)
for deployment on an ultra-low-power Microcontroller Unit
(MCU) equipped with a dedicated Neural Processing Unit
(NPU), which demonstrates massive model compression while
maintaining acceptable accuracy and achieving millijoule-
scale energy consumption. The second approach pushes the
computational boundary even further to the absolute edge
by exploiting in-sensor computing, where intelligence is em-
bedded directly into the vision sensor itself. By comparing
these methodologies, we demonstrate how TinyML can be a
viable solution to alleviate data transmission bottlenecks and
overcome the stringent power and processing constraints that
currently limit autonomous space robotics.

II. METHODOLOGY

A. NPU-based TinyML

Hardware architecture. Experiments were conducted using
an STM32N6 [12]. This board is a novel MCU platform
that features an Arm Cortex-M55 core at 800 MHz, 4.2 MB
of SRAM, and an integrated Neural-ART NPU capable of
delivering up to ∼600 GOPS for INT8 inference, enhancing
the processing capabilities crucial for real-time inference tasks.
The use of STMicroelectronics devices in this context consti-
tutes a practical and widely accepted approach in the literature
[13]–[16].

We restricted our analysis to ConvNet or NAS-generated
ConvNet models for two reasons. First, the ST Edge AI
toolchain currently provides optimized operator mapping pri-
marily for these architectures, limiting its compatibility with
Transformer-based designs [17]. Second, by focusing on Con-
vNets, we maximize operator coverage in the Neural-ART
NPU [18]. The optimization goals that guide our implemen-
tation are the following:



1) Limit the accuracy drop with respect to the Float32
baseline to a task-acceptable margin.

2) Fit the model parameters, intermediate activations, and
working buffers within the 4.2 MB SRAM.

3) Meet the per-frame inference deadline defined by the
payload control loop on the STM32N6.

4) Minimize energy consumption to extend mission life and
increase flexibility in duty-cycling.

Structured iterative pruning. This step alternates between
removing filters in convolutional layers or neurons in fully-
connected layers, and fine-tuning the network based on the
magnitude of their associated weights, which we quantify
using the per-layer L2 Norm [19].

INT8 static quantization. Following the pruning stage, we
applied Post-Training Quantization (PTQ) to further compress
the model and improve the inference efficiency [20]. This step
converts the 32-bit floating-point weights and activations into
8-bit signed integers (INT8).

Hardware-aware operator mapping. Finally, we used the
ST Edge AI Developer Cloud framework to perform hardware-
aware operator mapping [17], i.e., partitioning the supported
Deep Neural Network (DNN) operators into the Neural-
ART NPU. The mapping is performed at the operator level
to maximize hardware acceleration and minimize latency.
Specifically, the tool inspects the quantized ONNX graph
[21] and partitions it into subgraphs based on hardware ca-
pabilities. Operators such as Conv2D, DepthwiseConv2D,
and Activations are transferred to the Neural-ART NPU.
Other layers, such as custom or control-flow operations, re-
main on the CPU [18]. To minimize latency and memory
footprint, the optimizer applies:

• Pipeline Scheduling: Overlaps CPU and Neural-ART
NPU execution where possible.

• Buffer Reuse: Shares activation buffers across layers to
reduce SRAM usage.

• Operator Fusion: Combines compatible layers (e.g.,
Conv + ReLU) into single Neural-ART NPU kernel.

This hardware-aware step ensures that the model fully exploits
the heterogeneous compute resources of the STM32N6 plat-
form.

B. In-Sensor-based TinyML

Hardware architecture. Experiments were conducted using
an IMX500 [22]. This is a novel Sony CMOS sensor that
combines image processing and Artificial Intelligence (AI)
capabilities on a single chip, reducing infrastructure costs,
improving efficiency, and accelerating Edge AI deployment.

INT8 static quantization. To successfully deploy deep
learning models onto the IMX500 sensor, the architecture must
be processed through a fully hardware-compliant pipeline.
Therefore, we utilized the Model Compression Toolkit (MCT)
[23], the open-source framework released by Sony Semicon-
ductor Solutions, specifically designed to optimize DNNs on
this target platform. This toolkit provides advanced quanti-
zation, graph tracing, and compression utilities to bridge the
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Figure 1: Quantitative results in terms of accuracy, RAM,
and Flash (the grey numerical value reported below each data
point) used on the EuroSAT dataset.

gap between standard deep learning frameworks and in-sensor
deployment. Among the optimization techniques supported by
the toolkit, we again implemented PTQ. Here, during the PTQ
flow, the MCT’s quantization core applies multiple algorith-
mic optimizations, such as operator fusion, optimal step-size
calculation, and activation scaling, specifically tailored to the
target IMX500 v1.0 hardware specifications [23].

ONNX graph optimization. Finally, we implemented an
additional optimization step to address the architectural in-
compatibilities between the selected models and the IMX500.
Specifically, we manually adjusted the layer attributes in the
ONNX graphs to meet the platform’s execution requirements,
ensuring that all models remained compliant with the target
hardware’s inference engine.

III. EXPERIMENTS

A. NPU-based TinyML Results

EuroSAT dataset. The initial evaluation was conducted on
the EuroSAT dataset (64×64 images) [24], and the results are
presented in Figure 1.

RS_C11 and MEDIC datasets. We extended the experi-
ments to two additional datasets: RS_C11 (128 × 128) [25]
and MEDIC (224×224) [26]. These datasets introduce greater
complexity than EuroSAT, both in image resolution and se-
mantic variability. Figure 2 summarizes the results on RS_C11
and MEDIC, respectively.

Discussion. The optimized models maintain a task-
acceptable accuracy margin compared to their Float32 base-
lines, with most accuracy drops remaining below 10 percent-
age points, thus satisfying the design goal #1. At the same
time, memory footprint reductions in RAM (and in Flash)
ensure that all model parameters, activations, and buffers fit
within the 4.2 MB embedded RAM of the STM32N6, fulfilling
the design goal #2.
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Figure 2: Quantitative results in terms of accuracy, RAM,
and Flash (the grey numerical value reported below each data
point) used on the RS_C11 (left) and MEDIC (right) datasetS.
(*) Zoom in to clearly view the Flash values.
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Figure 3: Inference latency and energy consumption for fully
optimized models across all the datasets. Left: Latency in
milliseconds; Right: Energy per inference in millijoules.

Inference and Power Consumption Analysis. We measured
inference time and energy consumption for fully quantized
models, with results summarized in Figure 3.

Discussion. These results confirm compliance with the
design goals #3 and #4. All optimized models operate within
millijoule energy budgets, with the most efficient configuration
(SqueezeNet on EuroSAT) consuming only 0.68 millijoules
(mJ) per inference. Even in the most demanding scenario
(EfficientNet on MEDIC), the energy cost remains within
feasible limits for CubeSat-class hardware. The achieved in-
ference latencies range from 3.20 ms to 30.40 ms. This range
demonstrates that all configurations meet or exceed the real-
time requirement of 5 FPS for payload control in LEO imaging
[27].

B. In-Sensor-based TinyML Results

EuroSAT dataset. The results are shown in Figure 4.
Classification accuracy. MCUNetV1 emerged as the

most efficient model, achieving an accuracy of 97.76%.
ShuffleNetV2 [28] followed closely with 97.09%. Finally,
SqueezeNet scored the lowest overall among the candidates,
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Figure 4: Performance comparison of ShuffleNetV2,
MCUNetV1, and SqueezeNet. The left image illustrates the
classification accuracy comparisons for both FP32 and INT8
models. The right panel displays the F1-score, Recall, and
Precision metrics for the vanilla versions.

although it remained a competitive baseline with an original
accuracy of 96.07%.

Reliability metrics. The F1-score, Recall, and Precision
achieved balanced performance across all models, indicating
no significant class-specific bias.

Impact of quantization. MCUNetV1 and ShuffleNetV2
demonstrated remarkable resilience to bit-width reduction.
SqueezeNet proved to be the most susceptible to PTQ, re-
ducing its accuracy to 95.15%.

Hardware-level efficiency. We evaluated the memory foot-
print in MB and the processing throughput in FPS to quantify
real-time performance. Furthermore, to assess energy sus-
tainability, we measured the millijoules consumed per infer-
ence and the Giga-Multiply-Accumulate operations per Joule
(GMAC/J). On average, our models achieved a processing
throughput of 17.40 FPS, maintaining an average latency of
27.43 ms across 100 processed frames. Regarding energy
efficiency, the models consumed an average of 14.19 mJ per
inference (at an assumed power of 0.247 W). This translates
to a computational efficiency of 10.443 GMAC/s and a sus-
tainability metric of 42.26 GMAC/J.

Discussion. By shifting the deep learning workload away
from the OBC directly into the image sensor, this study intro-
duces the first optimized in-sensor computing pipeline for EO
missions. This paradigm shift effectively resolves two major
challenges: it drastically reduces the volume of irrelevant
data transmitted over the limited downlink bandwidth, and it
eliminates the dynamic power penalty and latency associated
with transferring raw Level-0 imagery across the satellite’s
internal data bus.

IV. CONCLUDING REMARKS

The integration of TinyML pipelines can effectively ad-
dress downlink bandwidth limitations and stringent power
and processing constraints while maintaining high energy
efficiency for CubeSat missions. Ultimately, shifting critical
data processing to the extreme edge of orbit paves the way
for sustainable, real-time, autonomous space robotics.
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