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Abstract—Training machine learning models in resource-
constrained edge devices using federated learning is not yet
deeply explored by the research community. There are important
technical challenges, such as the limited computing capacity of
microcontrollers, and the restricted network connectivity and
bandwidth of IoT environments to coordinate and execute the
federated learning process. In this paper, we demonstrate a
prototype implementation of a federated learning model trained
over a LoRa mesh network. We leverage the LoRaMesher library
to provide the LoRa mesh network service and integrate it into
a keyword spotting federated learning application that runs on
a microcontroller-based IoT board. The experimentation with
the prototype demonstrates the recent vision of providing edge
intelligence with low-capacity networked adaptive microcontroller-
based nodes.

Index Terms—TinyML, machine learning, IoT.

I . I N T R O D U C T I O N

Embedded machine learning is a recent technology that
allows machine learning models to run on low-cost, low-
power microcontrollers [1]. There are two main approaches
to equipping a microcontroller with a trained neural network:
off-device training and on-device training of the model. In on-
device training, which we focus on in this paper, the machine
learning model is trained on the microcontroller. The advantage
is the adaptability of the neural network even after being
deployed on the microcontroller. Still, but the training process
has to be tailored to the resource-constrained environment of
the microcontroller [2].

Federated learning has become a popular collaborative train-
ing approach for machine learning models. While the research
community proposed federated learning for higher-end edge
devices, the work on federated learning in networked embedded
IoT nodes is still very few [3]. Challenges include the limitations
of the IoT network, for instance, when remote nodes to be
trained communicate over restricted Low Power, Wide Area
Network (LPWAN) radio technology such as LoRa.

LoRa is a popular communication technology for IoT applica-
tions. The dominating network architecture used is LoRaWAN,
which today has also a limited option for multi-hop [4]. While
LoRaWAN is often a suitable option for applications that send
sensor values to a nearby gateway node, it is not designed to
support the networking needs of federated learning. LoRaWAN
lacks node-to-node communication, and the downlink capacity
from the gateway to a node, while existing, is not prepared for a
symmetric communication of uplink and downlink. LoRa itself,

however, can be used for point-to-point data communication.
LoRa mesh networks such as proposed in [5] can offer a
potential substrate to provide the network for federated learning.

In this demo paper, we combine the capacity of a LoRa
mesh network with federated learning to coordinate and inter-
change machine learning models. We demonstrate a prototype
implementation of a federated learning model training over a
LoRa mesh network. For this, we leverage the LoRaMesher
library, which we have developed, to provide the LoRa mesh
network service, and integrate the library into a keyword spotting
federated learning application that runs on real microcontroller-
based IoT boards.

I I . I M P L E M E N TAT I O N

For this demo, we use the LoRaMesher library1 developed in
[6]. LoRaMesher enables routed packet delivery to any node in
the LoRa mesh network by applying a proactive distance-vector
protocol. LoRaMesher is implemented with FreeRTOS and
compiles for ESP32-based microcontroller boards with LoRa
radio.

Each node containing a networked machine learning federated
learning capacity is composed of two microcontroller boards,
namely the Arduino Portenta H7 and the TTGO-LoRa32,
connected via UART [7].

The Arduino Portenta H7 board is dedicated to tasks related
to machine learning. Hence the code flashed to this board
integrates the training of the neural network and orchestrates
the communications with the other nodes in the LoRa mesh
network to perform federated learning.

The TTGO-LoRa32 board is dedicated to the networking
task and is in charge of sending the messages received from the
application on the Portenta via UART to the other nodes. The
LoRa32 uses the LoRaMesher that enables to discover, send,
and receive messages from the other nodes. LoRaMesher is
integrated as a library into the code for the microcontroller to
use its network service as shown in the publicly available git
repository2.

Figure 1 illustrates the LoRa mesh network formed by
networking nodes and a few application nodes containing
federated learning capacity. When a federated learning round is
triggered by the application on the Portenta board, it will query
all the nodes of the federated learning network for their metrics.

1https://github.com/LoRaMesher/LoRaMesher
2https://github.com/NilLlisterri/TTGO-LoRaMesher



Figure 1: Federated learning nodes interconnected by LoRa
mesh network.

Then, the node compares the metrics and selects the best node to
perform federated learning with. When the best node is selected,
it requests all of the weights of the neural network in batches
small enough to be sent via LoRaMesher messages. When each
batch is received, the weights are expanded and used to update
the local weights via weighted averaging, taking into account
the number of local and remote samples each model has been
trained on.

I I I . D E M O N S T R AT I O N

The application we use is a Keyword Spotting Application
(KWS), where the nodes are trained to identify four different
keywords. A fully-connected neural network with three layers
and a hidden-layer size of 20 neurons is integrated into the
application. The network is trained by federated learning.

Three nodes are used for this demonstration (Figure 2).

Figure 2: Demonstration with three nodes, where each node is
formed by an Arduino Portenta H7 connected to a

TTGO-LoRa32.

To be able to control the experiment, all the Arduino Portenta
H7 boards are connected to a host computer. Via this serial
communication, the demonstration can be orchestrated, sending
samples and triggering federated learning rounds as needed.

In the demo, each node is trained with a total of 160 samples,
40 of each keyword. After every 40 samples, a federated learning
round is triggered on a node, and the accuracy is tested. Figure
3 shows a snapshot of a terminal output received through the
serial port during the federated learning process.

Besides showing the experimentation with the federated
learning prototype, the demonstration also provides the oppor-
tunity to review with the audience the configuration details

Figure 3: Extract of the console output of an experiment with
3 nodes.

of LoRaMesher, and how LoRaMesher was integrated as a
network service into the distributed application. Furthermore,
concerning edge federated learning, the demonstration offers
the opportunity to discuss with the audience ongoing directions
such as quantization to reduce the bandwidth needs of federated
learning [8].

The code and dataset used in this demo, and LoRaMesher as a
tool to enable LoRa node-to-node communication, are available
for the community in open git repositories.
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