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Abstract—Multi-modal sensing promises more robust environmental understanding
for pervasive computing applications, but implementing sophisticated sensor fusion
on resource-constrained devices remains challenging. We present a novel approach
that leverages dual-core microcontrollers to enable parallel processing of visual and
audio data for scene recognition. Our system concurrently executes specialized
neural networks across separate cores while efficiently fusing their intermediate
features, achieving 93% classification accuracy across nine different environments.
This represents a 12.27% improvement over single-modality approaches while
reducing latency by 48ms compared to sequential processing. The entire system
operates within just 258KB of memory, demonstrating that complex multi-modal
AI is achievable even on highly constrained devices. By enabling sophisticated
environmental understanding without cloud connectivity, this work advances
privacy-preserving edge intelligence for a wide range of future applications.

E dge computing opens up the potential for
small, battery-powered device that can si-
multaneously see and hear its environment,

understanding complex scenes just like humans do.
While cloud-based AI systems have long been able
to process multiple types of sensory data, bringing
this capability to tiny, power-constrained devices opens
up exciting new possibilities for pervasive computing.
Recent advances in embedded artificial intelligence
have enabled running deep learning models directly
on microcontrollers and other resource-constrained
edge devices [7]. However, complex multi-modal, multi-
model classification tasks still pose challenges due
to the limited memory, compute, and power available
outside of the cloud.

Multi-modal machine learning combines multiple
data types and sensor inputs for a more compre-
hensive understanding of complex environments. Most
prior multi-modal fusion works transmit raw sensory
streams to the cloud for processing or are not suitable
for real-world deployment [9, 3]. However, offload-
ing multi-modal analysis incurs significant latency and
raises privacy concerns. Edge computing has gained
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popularity for performing inference closer to the data
source, avoiding the drawbacks of cloud-based ma-
chine learning [18]. However, embedded devices at
the extreme edge pose challenges for complex neural
networks due to substantial memory constraints and
restricted power.

TinyML research focuses on model optimization
techniques for resource-constrained deployment [1].
More hardware-centric works also propose sensor
data encoding methods or explore specialized system-
on-chip accelerators [15]. However, while these ap-
proaches enable single-model deployment on one
core, this can waste hardware resources because the
other core sits idle when not in use. The simultaneous
execution of multiple specialized models on separate
cores, crucial for utilizing available resources for so-
phisticated multi-modal analysis, remains largely unex-
plored despite advances in microcontroller capabilities.

While existing work has explored model parallelisa-
tion and fusion strategies in cloud and mobile environ-
ments, these approaches typically assume abundant
memory and shared memory architectures that don’t
exist on microcontrollers [12]. Our work demonstrates
a novel approach to this challenge by leveraging an
often-overlooked capability of modern microcontrollers,
multiple processing cores. We propose an alternative
approach that splits computational tasks across dual
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processing cores available even on highly constrained
microcontrollers. We developed a technique to con-
currently run separate uni-modal models specializing
in different classification tasks and fuse the features
and outputs across models after parallel on-device
execution.

Specifically, we explore early feature-level fusion
for efficiently combining on-device scene recognition
by partitioning computational loads across available
cores. We concurrently run separate models, each op-
erating on distinct modalities (image and audio), across
multiple processing units while fusing their second-
to-last activations into a joint embedding to improve
classification performance and reduce latency. We
demonstrate the feasibility of this approach using the
Portenta H7’s dual-core architecture, which couples an
ARM Cortex-M7 processor with an ARM Cortex-M4
processor for independent neural network inferences.

While parallel execution of neural networks is well-
established [2], implementing it effectively on dual-
core microcontrollers is not a simple task due to se-
vere hardware constraints. Basic operations like stor-
ing activation tensors or sharing features between
cores can easily exceed available resources, requir-
ing careful balance between parallelisation granularity
and communication overhead. Unlike traditional im-
plementations that leverage sophisticated scheduling
algorithms, we are limited to simple coordination mech-
anisms due to restricted compute capabilities.

This work has significant implications for pervasive
computing, enabling:

• Local processing of multiple sensory inputs, en-
suring privacy and reducing bandwidth costs

• Extended battery life through efficient parallel
processing

• Real-time response to complex environmental
changes

• Deployment of sophisticated AI capabilities on
low-cost hardware

In this article, we’ll explore how this dual-core
approach works, examine its real-world performance,
and discuss its implications for the future. We discuss
practical insights and demonstrate how our method
achieves a 12.27% increase in classification accuracy
compared to single-modality approaches while reduc-
ing latency through the parallel processing approach.

The Challenge of Multi-Modal Edge
AI

As our world becomes increasingly connected, there’s
a growing need for devices that can understand their

environment comprehensively. Just as humans natu-
rally combine what we see and hear to understand a
scene, modern AI systems aim to fuse multiple types
of sensory data for better environmental awareness.
However, implementing this multi-modal perception on
resource-constrained devices presents several chal-
lenges.

The Multi-Modal Imperative
Multi-modal machine learning attempts to mirror hu-
man perception by combining diverse data types and
sensor inputs for a more enhanced understanding of
complex environments. By fusing data from various
modalities, such as imagery, audio, and sensors, we
can improve inference for complex tasks [13]. For
instance, in scene recognition, visual data alone might
struggle to distinguish between a quiet beach and
a crowded one, while audio data could instantly re-
veal the difference. Similarly, differentiating between a
restaurant and a grocery store becomes more reliable
when combining both visual and acoustic information.

There are many scenarios where multi-modal infer-
ence may make a vital difference such as healthcare
Monitoring where a smart wearable device monitoring
an elderly person needs to combine visual, audio,
and motion data to accurately distinguish between
someone peacefully sleeping and a potential fall or
medical emergency. Additionally, multi-model sensing
could benefit industry safety as in a factory setting,
equipment failure detection becomes significantly more
reliable when combining visual inspection with acoustic
monitoring. A machine might look normal in camera
feeds but emit subtle acoustic signatures indicating im-
minent failure. Traditional single-sensor systems often
miss these early warning signs.

Resource Constraints and Edge Processing
Traditional approaches to multi-modal fusion often rely
on cloud processing, transmitting raw sensory streams
for analysis [14, 11]. However, this creates several
critical issues with privacy, latency and reliability.

Edge computing has emerged as a solution, bring-
ing computation closer to the data source [7]. However,
embedded devices at the extreme edge also face
severe constraints including limited memory typically
less than 2MB of internal flash and 1MB of RAM,
limited computational capabilities and strict power con-
sumption requirements for battery operation.

The field of TinyML has made significant progress
in enabling AI on constrained devices through various
optimization techniques such as quantization to re-
duce model precision, pruning to remove unnecessary
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connections, knowledge distillation for creating smaller
efficient models and hardware-specific optimizations
for specialized accelerators [5, 6]. Despite these ad-
vances, running multiple neural networks on a single
mircontroller for different modalities remains challeng-
ing. The traditional approach of sequential processing
creates high latency, while attempting to combine all
modalities in a single model often exceeds memory
constraints and sacrifices accuracy.

Recent research has explored sharing network
layers to enable multi-modal, multi-model execution
directly on devices [8]. However, achieving both high
accuracy and efficiency for multi-modal fusion remains
challenging due to memory limits and computational
constraints outside of servers. Intermediate feature
fusion, which combines internal representations rather
than just fusing decisions from separate models per
modality at the output, has shown promise. Features
encoded in hidden layers retain greater information
content than raw inputs before output decisions [16].
Feature fusion concatenates features from various
modalities before final classification, with recent works
exploring fusing embeddings across deeper shared
layers with gating and transformation operations [10].
However, implementing such fusion strategies on con-
strained devices presents additional challenges such
as memory overhead to store intermediate features
and the communication cost of transferring data be-
tween cores.

These challenges have historically forced the
choice between cloud processing with its associated
drawbacks or simplified edge implementations that
sacrifice accuracy and capability. However, modern mi-
crocontrollers with multiple processing cores offer new
possibilities for addressing these challenges through
parallel processing and efficient feature fusion. We
propose the concurrent classification of two special-
ized deep neural networks on the separate processing
cores of a microcontroller and explore techniques to
fuse their intermediate feature representations before
final classification.

System Architecture
We propose the concurrent classification of two spe-
cialised deep neural networks on the separate pro-
cessing cores of a microcontroller and explore tech-
niques to fuse their intermediate feature representa-
tions before final classification. Our proposed approach
explores dual-model feature fusion techniques that can
classify complex multi-modal data in a more com-
pute and memory-efficient manner, helping to reduce
processing time. The aim is that by splitting com-

putational tasks across processing cores and fusing
partial inferences, we can achieve enhanced overall
accuracy without increasing latency or substantially
growing model size or computational requirements.

Our methodology involves concurrently running two
models, each focusing on analysing one data modality,
on separate cores available even in low-powered de-
vices. For example, Modality A could be imagery, while
Modality B is audio data. The models ModalityNetA
and ModalityNetB have their architectures optimized
for their respective modalities. The feature extraction
from the visual model (ModalityNetA) on Core 1 can
be represented as:

fA = ϕA(xA; θA) (1)

where fA is the extracted feature vector from the visual
model, ϕA represents the visual model architecture, xA

is the input image, and θA are the learned parameters
of the visual model.

Similarly, the feature extraction from the audio
model (ModalityNetB) on Core 2 can be expressed as:

fB = ϕB(xB ; θB) (2)

where fB is the extracted feature vector from the audio
model, ϕB represents the audio model architecture,
xB is the input audio data, and θB are the learned
parameters of the audio model.

Rather than only leveraging each model’s final
output class distributions, we fuse their intermediate
hidden representations. These feature representations
encode higher-level information about input patterns
compared to raw data but are more detailed than
lightweight final classifications.

Specifically, we extract and concatenate the
second-to-last feature layer outputs from ModalityNetA
and ModalityNetB. This joint feature vector concate-
nates richer descriptions of the multi-modal input data
from each separate model specialising in one domain.
Our feature fusion approach operates on the interme-
diate representations rather than final classifications.
The fusion process can be decomposed into several
key steps:

For each modality, we extract features from the
penultimate layer:

hA = ReLU(WhA fA + bhA ) (3)

hB = ReLU(WhB fB + bhB ) (4)

where hA and hB are the hidden representations,
and WhA , WhB , bhA , bhB are the learned parameters.

The fusion of extracted features is performed
through weighted concatenation:
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ffused = WAhA ⊕ WBhB (5)

where ffused is the fused feature vector, WA and
WB are learnable fusion weights for the visual and
audio features, respectively, and ⊕ represents the con-
catenation operation. The fused feature vector gets fed
into a compact classification sub-network to produce
final unified predictions. This step can be represented
as:

y = ψ(ffused ; θC) (6)

where y is the predicted class distribution, ψ repre-
sents the classification sub-network architecture, and
θC are the learned parameters of the classification sub-
network.

Deployment Methodology
To evaluate the feasibility of the proposed multi-core
parallel processing feature fusion approach, we have
developed and deployed models to enable scene
recognition from combined image and audio data.
Our multi-modal classification approach leverages the
dual-core processing architecture of the Portenta H7,
comprised of an ARM Cortex-M7 processor and ARM
Cortex-M4 processor.

We focused on image and audio classification as
representative modalities to demonstrate our parallel
processing approach as these modalities represent
fundamentally different types of data (spatial vs tempo-
ral) that benefit from specialised neural network archi-
tectures, making them ideal for showcasing how sep-
arate cores can run modality-specific models. While
our methodology could be extended to other modalities
and tasks, we selected classification specifically be-
cause it provides a clear benchmark for evaluating the
benefits of multi-modal fusion while remaining feasible
to deploy on resource-constrained devices. The proven
success of CNN architectures for both image and audio
classification also allowed us to focus on the core
challenges of parallel processing and feature fusion.

Dataset
To evaluate our proposed multi-modal parallel execu-
tion fusion approach, we utilized the dataset introduced
by [4]. This dataset was specifically designed for multi-
modal scene classification, providing synchronized im-
age and audio data for 9 different environments.

The dataset comprises of 16,000 images
(128x128x3) and their corresponding 16,000 seconds
of audio data where the Mel-Frequency Cepstral
Coefficients (MFCC) features were extracted. The

environments covered in the dataset include Beach,
City, Forest, River, Jungle, Football Match, Classroom,
Restaurant, and Grocery Store. Each environment
has a varying number of sources, ranging from 3 to 8,
ensuring diversity within each class.

The dataset presents a challenging scene classi-
fication problem due to the similarities between cer-
tain environments. For example, the Beach and River
classes share similar visual and audio characteristics,
while the Restaurant and Grocery Store classes both
contain a large number of people and speech audio.
This dataset allows for a comprehensive evaluation of
multi-modal classification approaches in complex real-
world scenarios.

Model Architecture
A two-dimensional convolutional neural network (2D
CNN) comprising of two convolutional layers, pooling
and two fully-connected layers as shown in Figure 1
has been trained on the image data. This model has
been deployed on the more powerful Cortex-M7 core
to classify images. On the other hand, on the less
powerful Cortex-M4 core we utilize a one-dimensional
convolutional neural network (1D CNN) comprising of
two convolutional layers, pooling and a final dense
layer to classify audio. We instantiate the models within
separate threads on their respective cores. A final
MultiLayer Perceptron (MLP) classification model is
comprised of two dense layers to provide the final clas-
sification output from the concatenated vector inputs
from the image and audio classification model features.

The models’ neural network architectures and
weights are optimized and compressed using int8
post-training quantisation to meet the computational
requirements for deployment on the Portenta H7 with
2MB of internal flash and 1MB of internal RAM. All of
the models were then exported as header files to be
deployed onto the microcontroller.

The implementation requires careful consideration
of hardware constraints and optimization techniques:

• Model Quantization: Both models use int8
quantization to reduce memory footprint

• Memory Management: Feature vectors are
compressed to 8-bit integers

• Parallel Processing: Task scheduling is opti-
mized for minimal latency:

ttotal = max(tA, tB) + tfusion (7)

where tA and tB are processing times for each
modality.
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FIGURE 1. System architecture showing the multi-modal dual core feature fusion methodology.

Feature Fusion

The selection of an optimal fusion point is a critical
design decision that significantly impacts both per-
formance and resource utilisation. We carefully eval-
uated several potential fusion strategies before se-
lecting the second-to-last layer as our fusion point.
Early fusion strategies, which combine raw or minimally
processed inputs, were considered but rejected due
to excessive memory requirements for transmitting
high-dimensional data between cores and the loss of
modality-specific feature learning. Mid-level fusion ap-
proaches, combining features from intermediate layers,
offered potentially richer feature representations but
proved impractical due to the large activation tensors
that would need to be shared across cores. Late fusion
strategies that only combine final class predictions
were also evaluated but showed limited accuracy im-
provement over single modality models since they fail
to capture cross-modal interactions. Our chosen ap-
proach of fusing compressed feature embeddings from
the second-to-last layer is ideal as it contains high-level
semantic features that have been processed through
the depth of each network while maintaining reason-
able dimensionality (32-64 dimensions). Furthermore,
by our addition of a dense embedding layer before
fusion, we further reduce the communication overhead
between cores to just 8 dimensions per inference while
preserving the most discriminative features.

One of the key challenges faced in implementing
the proposed dual-core multi-model fusion architecture
on a microcontroller was the inability to directly access

intermediate tensors of the output features between
the separate processing cores. Many microcontrollers
have isolated memory regions for each core without a
unified shared address space. This means that each
core operates within its own separate memory region,
rather than sharing a common memory pool. How-
ever, while cores cannot directly access each other’s
memory, they can communicate data between their
separate memory regions through specific interfaces.
This memory separation provides hardware protection
but limits efficiently accessing features across cores
during the parallel execution.

To circumvent this limitation, we devised an ap-
proach to extract the higher-level semantic features
from each specialized model before transmission to
the opposing core for fusion. Specifically, we added
an additional dense layer at the end of each model’s
architecture to generate a compressed feature vector
embedding. However, we did not include the typical
final softmax layer, as the goal was not to produce
classification outputs but rather to encode small feature
representations from each modality.

These smaller output feature vectors from the final
dense layer can then be transmitted across cores,
requiring substantially less memory bandwidth com-
pared to sharing the full intermediate tensors. On the
receiving core, these compact feature representations
from both models are concatenated together into a joint
multi-modal embedding vector as shown in Figure 1.

This fused embedding is then fed into a lightweight
shared MLP classification network to produce the final
multi-modal predictions. While introducing some addi-

Month 2021 Publication Title 5



THEME/FEATURE/DEPARTMENT

tional compute from the dense layers, this approach
avoids directly sharing full activation tensors while still
enabling cross-modal fusion of features extracted from
each model’s specialized inference.

Results and Performance Analysis
The results presented in Table 1 demonstrate the
performance of the individual image 2D CNN and audio
1D CNN models, as well as the fused model. The
image CNN achieved an accuracy of 80.73%, while the
audio CNN attained an accuracy of 82.47% when eval-
uated using hold-out validation with a 20% test split.
Notably, the fused model, which utilized the extracted
feature embeddings from the two uni-modal models
as input, achieved a significantly improved accuracy
of 93% - a significant improvement of 12.27% over the
best-performing single modality system. This improve-
ment highlights the effectiveness of multi-modal fusion
in enhancing classification performance.

Model Accuracy Model Size
Image (2D CNN) 80.73% 126KB
Audio (1D CNN) 82.47% 91KB
MLP Fusion Layers - 41KB
Complete System 93.00% 258KB

TABLE 1. Performance comparison of individual components
and complete system. The Complete System represents the
full multi-modal architecture that combines Image CNN, Audio
CNN, and MLP Fusion Layers to achieve improved classifica-
tion accuracy through parallel feature fusion.

In addition to accuracy, this work also considers
the importance of model size to enable deployment
on resource-constrained microcontrollers. Each model
was exported as a header file (.h) to ensure com-
patibility with the Arduino Portenta H7 microcontroller.
The model sizes ranged from 41 KB to 126 KB, with
a combined size of 258 KB. This combined size is
well within the 2 MB flash memory available on the
microcontroller, making it feasible for deployment. Fur-
thermore, the early feature fusion approach adopted
helped reduce memory consumption compared with
late feature fusion where the final MLP layers would
need to be duplicated across both cores to get a
classification output from both models before fusion.
This demonstrates that adopting an early feature fusion
approach reduced the memory consumption by 41KB.
This reduction comes from eliminating the need for
duplicate classification layers across cores.

Furthermore, the latency of the models was also
a key consideration. The latency of the audio model
was 48ms while the latency of the image model was
49ms. This is important to consider as if the models

were run sequentially using a single core rather than
adopting the dual core parallel processing approach
it would have increase latency to 97ms (the sum of
individual model latencies), demonstrating the benefits
of parallel processing on microcontrollers. This 48ms
reduction in latency proves particularly valuable for
real-time applications where immediate response is
crucial.

The results demonstrate the successful implemen-
tation of feature-level fusion on a resource-constrained
microcontroller. The fused model achieves higher ac-
curacy compared to the individual uni-modal models
while maintaining a compact model size and reducing
latency through parallel processing.

Discussion
Combining data from multiple sensing modalities, such
as vision, audio, motion, and physiological signals,
provides a more comprehensive understanding of the
environment compared to relying on a single modal-
ity. Multi-modal inference leverages these diverse in-
puts to gain richer contextual awareness, enabling
more robust classifications. Our proposed dual-core
fusion approach brings advanced multi-modal intelli-
gence to highly constrained microcontrollers. By dis-
tributing specialized uni-modal models across the dual
cores and combining their intermediate outputs, we
enable deployable multi-modal inference on ultra-low
power devices and increase classification accuracy by
12.27% compared to uni-modal image classification.
Our parallel processing approach demonstrates that
multi-model, multi-modal analysis is achievable even
on highly constrained microcontrollers, opening new
possibilities for privacy-preserving edge intelligence.

Instead of attempting to train a single large multi-
modal neural network, our architecture dedicates sepa-
rate models optimized for each data modality, helping
to improve accuracy. The core processing visual im-
agery deploys a two-dimensional convolutional neural
network architecture well-suited for extracting spatial
hierarchies and local correlations in image data. In par-
allel, the second core utilizes a one-dimensional con-
volutional neural network to model sequential depen-
dencies present in audio signals. Employing modality-
specific architectures significantly improves learning
efficiency and overall task performance compared to
using a generic network architecture. Furthermore,
our approach of running these specialized uni-modal
networks in parallel across the dual cores reduces
processing time by 48ms compared with sequential
execution and avoids redundant computation.

While model parallelisation has been extensively
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studied in cloud and mobile computing environ-
ments [12], our work addresses fundamentally differ-
ent challenges unique to multi-modal fusion on ultra-
constrained microcontrollers. Traditional approaches
assume large memory resources and shared memory
architectures which not available in microcontrollers
where the total memory is often limited to under
2MB with physically isolated memory spaces between
cores. Rather than focusing on workload distribution
or pipeline scheduling as in traditional approaches
[2], we must carefully consider every byte of memory
usage and each instance of cross-core communica-
tion. Our work demonstrates that effective multi-modal
fusion is achievable under these extreme constraints
through careful feature compression, strategic fusion
point selection, and optimized cross-core communica-
tion methods such as the utilisation of additional dense
layers to compress features before communication.

Dual-core processors in microcontrollers offer
unique opportunities for parallel processing in
resource-constrained environments, allowing
specialized tasks to be executed simultaneously
while maintaining low power consumption and small
form factors. While our work focuses on efficient multi-
modal fusion through parallel processing across dual
cores, other work has explored different approaches
to dual-core architectures for machine learning at the
edge. Zhao et al. [17] proposed a heterogeneous dual-
core architecture optimized for different types of CNN
layers, where one core handles regular convolution
and another handles depthwise convolution. Their
approach demonstrates how core specialization can
improve processing efficiency for specific layer types.
In contrast, our work addresses the distinct challenge
of fusing multiple modalities (audio and visual) in
parallel, requiring careful consideration of cross-core
feature sharing and memory constraints.

Our implementation demonstrates several key ad-
vantages for real-world applications including privacy
preservation as by processing data entirely at the
edge, sensitive information never leaves the device,
reduced latency to enable real-time applications and
deployment flexibility as a total size of 258KB en-
ables wide hardware compatibility. The demonstrated
capabilities enable new applications across multiple
domains. In healthcare monitoring, wearable devices
could combine audiovisual and physiological data for
more accurate health status assessment. Industrial
IoT systems could fuse multiple sensor streams for
improved equipment fault detection and smart home
devices could better understand complex domestic
situations by combining visual and acoustic analysis.

While our parallel feature fusion approach demon-

strates clear benefits, it necessitates careful considera-
tion of resource allocation. The need to share interme-
diate feature embeddings across cores increases over-
all memory usage, as feature vectors must be stored
both in the original core’s memory space and again
after transmission to the secondary core where fusion
occurs. This redundant buffer overhead stems from the
memory architecture and lack of unified shared mem-
ory access between cores on many microcontroller
systems.

However, this memory cost remains relatively low
compared to the full activation tensors, and represents
an acceptable trade-off to enable efficient multi-model
fusion without direct tensor sharing. By keeping the
dense embedding layers compact, the memory over-
head remains manageable even on highly constrained
microcontrollers. The small increase in memory uti-
lization enables substantial accuracy benefits through
specialized modality-specific inferences.

Our implementation focuses on dual-core archi-
tectures, although the proposed methodology can be
extended to microcontrollers with more than two cores.
Each additional core could process another modal-
ity or task in parallel, with their feature embeddings
being concatenated into the joint feature vector be-
fore final classification. This scalability enables even
greater multi-modal fusion as hardware capabilities
expand, though careful consideration would be needed
to manage the increased memory requirements of
transmitting multiple feature vectors between cores.

As on-device memory capacities continue growing,
the current limitations around feature sharing between
cores will likely diminish. This evolution could enable
more sophisticated fusion strategies while maintaining
the benefits of parallel processing. The demonstrated
ability to perform sophisticated multi-modal analysis on
constrained devices has significant implications for per-
vasive computing. As IoT devices become increasingly
prevalent, the need for intelligent, privacy-preserving
edge processing grows. Our approach shows that even
highly constrained devices can perform complex sen-
sor fusion tasks previously reserved for cloud comput-
ing or specialized hardware. Furthermore, the current
implementation focuses on dual-modality fusion, but
real-world scenarios might benefit from incorporating
additional sensing modes. Future work could explore
scaling to three or more modalities while maintaining
efficient resource utilization.

Overall, on-device multi-modal parallel feature fu-
sion overcomes the latency, bandwidth, and privacy
limitations of cloud-based inference, presenting oppor-
tunities for novel applications beyond scene recog-
nition. These possibilities highlight the potential of
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concurrently running multiple specialized architectures
across multiple cores, enabling greater modelling flex-
ibility for each modality without the need for sequential
execution. This approach leads to improved feature
extraction and higher accuracy compared to a uniform
model architecture design while also reducing latency
for real-time processing.

Conclusion
This work demonstrates the feasibility and effective-
ness of parallel feature fusion for multi-modal scene
recognition on dual-core microcontrollers. By leverag-
ing the Portenta H7’s dual-core architecture, we suc-
cessfully executed specialized models for visual and
audio processing simultaneously, achieving a 12.27%
increase in classification accuracy compared to single-
modality approaches while reducing latency by 48ms
through parallel processing.

Our implementation overcomes several key chal-
lenges in edge computing. The parallel processing
approach, coupled with efficient feature fusion, enables
sophisticated multi-modal analysis within the strict re-
source constraints of microcontrollers. The total sys-
tem footprint of 258KB, well within the 2MB limit of
typical microcontrollers, demonstrates that complex AI
tasks can be accomplished on constrained hardware
without sacrificing performance. On the other hand, the
parallel execution allows for more efficient utilization
of the available computing resources on the micro-
controller. Future research could explore the extension
to other modalities and the exploration of alternative
fusion techniques to further improve performance.
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