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Abstract—Distributed learning and inference algorithms have
become indispensable for IoT systems, offering benefits such as
workload alleviation, data privacy preservation, and reduced la-
tency. This paper introduces an innovative approach that utilizes
unmanned aerial vehicles (UAVs) as a coverage extension relay
for IoT environmental monitoring in rural areas. Our method
integrates a split learning (SL) strategy between edge devices,
a UAV and a server to enhance adaptability and performance
of inference mechanisms. By employing UAVs as a relay and
by incorporating SL, we address connectivity and resource
constraints for applications of learning in IoT in remote settings.
QOur system model accounts for diverse channel conditions to
determine the most suitable transmission strategy for optimal
system behaviour. Through simulation analysis, the proposed
approach demonstrates its robustness and adaptability, even
excelling under adverse channel conditions. Integrating UAV
relaying and the SL paradigm offers significant flexibility to the
server, enabling adaptive strategies that consider various trade-
offs beyond simply minimizing overall inference quality.

Index Terms—IoT, UAV, distributed learning, environmental
monitoring

I. INTRODUCTION

The pervasive issue of pollution, stemming from various
sources such as industrial activities, transportation emissions,
and waste disposal, poses significant challenges to the en-
vironment, raising concerns about its impacts [1]. Ensuring
health and hygiene is vital for both humanity’s sustainability
and a nation’s progress, that is dependent on a clean, hazard-
free environment. Therefore, monitoring these aspects is es-
sential to promote a healthy life for citizens, especially in
rural and underdeveloped environments. In recent years, the
integration of IoT for environmental monitoring in rural areas
has emerged, utilizing interconnected devices equipped with
diverse sensors to gather real-time data on crucial environ-
mental parameters like air quality, soil moisture, water quality,
temperature, and humidity [1], [2]. These devices employ
wireless communication technologies such as Wi-Fi, cellular
networks, LoRaWAN, or satellite connectivity to transmit data
to centralized servers or cloud platforms for storage, analysis,
and further processing [2].

Unmanned aerial vehicles (UAVs) have found widespread
applications across various industries, governmental bod-
ies, and commercial sectors, performing tasks ranging from
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telecommunications, rescue operations, to surveillance [3],
[4]. Notably, they have gained significant attention for their
pivotal role in enabling end-to-end wireless communications,
especially in providing connectivity to wireless (IoT) devices
in remote or rural areas where traditional cellular coverage is
scarce or absent [4]. Specifically, access points integrated onto
UAVs are being proposed as a potential solution for anticipated
data demand and congestion challenges in future wireless
networks [5]. Unlike conventional static infrastructure, UAV
networks offer the advantage of flexible deployment, enabling
them to te coverage [6].

In this work, we propose a novel approach for distributed
learning in IoT environmental monitoring scenarios. Our
method integrates the split learning (SL) paradigm with UAV
relaying in an IoT network, enhancing data transmission rates
and ensuring equitable distribution of computational tasks
between edge devices, UAV, and server. Furthermore, our
approach enhances system adaptability by empowering the
server to determine the optimal transmission strategy based on
current channel conditions and specific performance metrics
such as latency, throughput, and energy efficiency. Numeri-
cal results demonstrate that by utilizing proposed distributed
learning approach, IoT system shows great robustness to
different channel conditions, simultaneously achieving high
performance in terms of estimation accuracy.

II. BACKGROUND
A. IoT Connectivity in Rural Areas

According to [7], IoT connectivity mostly depends on
the level of development of the country. More precisely,
in developed countries, rural areas are typically accessible
via transportation networks, such as railroad networks, and
power is supplied through the electricity grid. However, the
challenge lies in mobile operators obtaining a satisfactory
return on investment (ROI) for providing backhaul to these
areas. Conversely, in developing countries, particularly im-
poverished areas, the challenge is to bridge the digital di-
vide with developed nations. In rural areas, essential services
like healthcare and education depend on connectivity, but
inadequate transportation infrastructure isolates villages from
major cities, while power generation often relies on local
sources. Establishing backhaul in such areas, starting from
scratch and facing limited revenue due to poverty, may require
state subsidies to emphasize the necessity for cost-effective
solutions.



In the context of providing connectivity in rural areas,
especially in developing countries, unmanned aerial vehicles
(UAVs) equipped with communication equipment can play a
significant role [8]. These drones can serve as flying base
stations, establishing temporary or permanent connectivity in
areas where traditional infrastructure deployment is impracti-
cal or cost-prohibitive. By flying over remote regions, drones
can establish wireless links between users and the broader
network infrastructure, effectively extending backhaul links to
underserved communities [9]. In regions with underdeveloped
or non-existent transportation infrastructure, such as in impov-
erished areas of developing countries, drones offer a versatile
and efficient means of providing backhaul links [7]. They can
be swiftly deployed and are adaptable to changing conditions,
making them valuable in emergency situations or areas with
limited access to resources [10].

B. Split Learning

Split learning (SL) [11], [12] is a new distributed learning
paradigm, which divides a neural network F' (consisting of L
layers) into sequential layers across multiple participants, like
an edge device and a server. In SL, the edge device shares
its training dataset securely with the server, which oversees
the training process and handling most computational tasks.
This distributed approach accelerates convergence and reduces
bandwidth constraints [12].

SL separates model training and inference processes. Dur-
ing training, data remains within individual edge devices
to prevent raw information transmission across the network.
The neural network can be represented as F' = (fg, fs),
where fg : RY — RM and fs : RM — RY, (N and M
are dimensions of raw data and intermediate representation,
respectively, with M < N). During activation, the edge device
sub—network produces an intermediate representation of raw
data « as z = fg(x), sent to the server for prediction § =
fs(z) (fs is sub-network deployed at the server side). This
training enables collaborative learning without compromising
data privacy, achieved by iteratively exchanging model updates
during backward passes between the server and edge device
[12]. In the realm of split inference, split learning optimizes
efficiency by employing pre—trained models distributed across
multiple devices. Initial data processing occurs locally on edge
devices, generating intermediate representations z, which are
then transmitted to a centralized server for aggregation and
final inference [12].

In the context of rural IoT network which, except edge de-
vice and server, consist of relaying drone (UAV) that provides
a backhaul link, neural network F' is divided into three main
parts, i.e., F' = (fg, fp, fs), where fp : RM — RM represents
drone sub—network.

C. Recurrent Neural Networks

RNNSs, as sequence-based models, have the capability to
discern temporal relationships between preceding and current
states. Consequently, they represent an ideal solution for pro-
cessing time series data [13]. Fig. 1 presents a simple depiction
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Fig. 1. The structure of Recurrent Neural Network.

of a single-layer RNN. In this illustration, the output from the
previous time step, denoted as ¢ — 1, is incorporated into the
input of the current time step, denoted as ¢, thus enabling the
retention of past information. The computation outcome of a
single RNN cell can be described by the following function:

h; = tanh(Wihm[ + bin + Winhe + bhh), (D

where tanh denotes the hyperbolic tangent function, h; and
h;_; represent the hidden states at time steps ¢ and ¢ — 1,
respectively, while W, W, by, and by, are the weights
and biases requiring learning, with x; denoting the input at
time .

Basic RNN cells encounter challenges in learning long-
range dependencies primarily due to issues such as vanishing
or exploding gradients. To address this limitation, Long Short-
Term Memory (LSTM) cells were introduced, as proposed
in [14]. These cells incorporate specialized units known as
memory blocks within the recurrent hidden layer, thereby
augmenting their ability to capture long-term dependencies.
Each memory block constitutes a recurrently connected sub—
network comprising functional components, namely memory
cells and gates. The memory cells retain temporal states of the
network, whereas the gates regulate the flow of information
from the preceding cell state.

1) Split Learning—Based RNNs: Initially integrating the
split learning/inference paradigm into LSTM neural networks
faced challenges, prompting researchers to seek alternative
methods. Some studies have advocated for using 1D-CNN
instead of LSTMs to tackle these issues effectively [15]-[17].
Recent research has introduced efficient approaches to inte-
grate split learning into LSTM networks [18]-[20], embedding
the split learning paradigm directly into LSTM architectures to
overcome implementation obstacles with innovative strategies.

This paper builds upon the foundational work of [19],
which introduced the LSTMSPLIT algorithm, splitting the
LSTM neural network vertically, and requiring a minimum
of two LSTM layers, with the input sequence stored at the
edge device. Following the procedure outlined in Section
II-B, the intermediate representation z is transmitted from
the edge device’s LSTM layer to the server’s LSTM layer,
while update gradients move in the opposite direction (as
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Fig. 2. SL-based fronthaul/backhaul communication with different channel
conditions.

depicted on Fig. 2). In the second approach [20], the authors
proposed a method where one LSTM layer is distributed across
multiple edge devices, partitioned into sub-networks trained
individually on each device. This enables the handling of
segments within multi-segment training sequences. Commu-
nication among edge devices and parameter sharing facilitate
inference, aligning with the federated learning paradigm.

IIT. UAV-ASSISTED RELAYING IN IOT
A. System Model

We examine the conventional [oT system, consisting of an
edge device, server, and UAV, where the drone serves as a
wireless relay, effectively functioning as a base station with
backhaul link [9] (see Fig. 2). Each of these devices possesses
unique computational capabilities, i.e, C(fg) < C(fp) < C(fs)
(where C(-) is sub—network complexity). At the edge device,
we gather raw data denoted by «, which may comprise
sensor measurements, and these data points are labeled with
corresponding labels y. Subsequently, this raw data undergoes
pre—processing by the edge device sub—network, resulting in
the intermediate representation z = fg(x).

In this study, we establish assumptions concerning various
levels of autonomy, primarily concentrated on the server side,
which assumes responsibility for coordinating communication
and inference processes. Specifically, taking into account
channel conditions and essential performance metrics such as
error rate, latency, and communication overhead, the server
determines whether direct communication with the edge device
is warranted or if the intermediate representation should un-
dergo further processing by a drone sub-network. Furthermore,
we anticipate significant variations in channel conditions,
potentially differing between the edge device and drone (red
arrow, Wgp on Fig. 2) as well as between the edge device
and server ( red arrow, Wgs on Fig. 2). Notably, we expect
the channel between the drone and server (green arrow, Whg,
on Fig. 2) to maintain consistently good quality throughout
the entire network’s lifespan.

Regarding the implemented strategy, the intermediate rep-
resentation z encounters various channel conditions, resulting
in its distorted version arriving at the server side. If direct
communication occurs between the edge device and server, the

intermediate representation at the server input can be defined
as 2 = Wkgs(z). Conversely, if communication between the
edge device and server traverses a drone backhaul link, and
the drone sub—network is involved in overall processing and
prediction, then 2 = Wps(fp(Wep(z))). On the server side,
local decisions are made regarding desirable performance cri-
teria, particularly latency constraints. For example, the server
determines the optimal strategy, deciding whether the entire
server sub—network will be included in the prediction process
or only its output layer. More precisely, the estimation of y
can be defined as gruu = fs(2) or Jpc = fs(i) if the
server sub-network comprises all layers or only its output
layer, respectively.

According to obtained estimation, appropriate loss function,
which consists of two different parameters is calculated at
server side as:

L(y, Jsan, Yrc) = MSE(y, Jrn) + MSE(y, Jec),  (2)

where MSE(y,§) = 1/|Dy| > p (y — §) is mean—squared
error (MSE), D is training dataset and | - | is its cardinality.

In the backward propagation phase, gradients are deter-
mined with respect to the loss function and then conveyed
from the server, passing through a drone, and finally directed
towards the edge device, essentially reversing the neural net-
work’s direction (as illustrated by the blue arrows in Fig. 2).
In such a case, all three sub—networks (fg, fp, fs) are jointly
optimized. The collaborative optimization typically involves
fine-tuning the parameters of all three sub—networks using
optimization algorithms like stochastic gradient descent (SGD)
or its adaptations, such as Adam [21].

Under the above-mentioned setup, the main goal here is
to define the most suitable transmission strategy, regarding
the channel conditions and desirable latency, for minimization
overall system error, defined as MSE error from Eq. (2),
between y and ¢ across all test examples.

B. Channel Model

We consider relatively simple wireless communication link
between edge device and server (Wgs), edge device and drone
(Wkep) and drone and server (Wps). These links are modeled
as conventional erasure channels, with an erasure probability
denoted by p. This channel can be represented as a binary
vector g € {0,1}M, where M is the length of the intermediate
representation z (as discussed in Section II-B). Individual
symbols from z are either erased or they arrive unchanged at
the server side. Consequently, 2 = z ® g, where © represents
element—wise multiplication [22].

IV. PERFORMANCE EVALUATION
A. Training Setup

To evaluate the proposed approach and assess the influence
of different channel conditions on overall system performance,
as well as the significance of the backhaul, we utilized
a dataset perfectly suited to the environmental problem of
interest. Specifically, we focus on monitoring pollution in the
Danube river near Novi Sad. Our dataset comprises 3,264



instances, with 70% utilized for training and the remaining
30% used for testing purposes. Each instance represents a daily
measurement from November 2013 to October 2022, encom-
passing eight different water quality parameters: temperature,
pH value, electrical conductivity, dissolved oxygen, oxygen
saturation, ammonium, and nitrite.

Based on the correlation matrix between all measured
features, we have decided to predict dissolved oxygen using its
last 20 measurements (over the previous 20 days) along with
measurements of the other 7 parameters for the current day.
More precisely, following data preprocessing and conversion
to time series, each instance in the dataset comprises 27 fea-
tures (including 20 previous dissolved oxygen measurements
and 7 other parameters) and one label (representing dissolved
oxygen for the current day). Additionally, considering that dif-
ferent parameters are measured on varied scales, we normalize
the data to fall within the range of -1 to 1.

Training procedure follows conventional SL, introduced in
[12], with slight adjustments to fit the scenario of interest.
In more detail, after raw data x is collected, it undergoes
pre—processing on the edge device, and an intermediate rep-
resentation is then sent either directly to the server (via Wes)
or across the backhaul (using a drone, through both Wgp
and Wps). If the backhaul is utilized, the drone introduces
additional processing of the intermediate representation, as
depicted in Fig. 2. The neural network F' is divided into
sub-networks across the edge device (comprising one LSTM
layer), the drone (comprising two LSTM layers), and the
server side (comprising 3 LSTM layers followed by a fully
connected (FC) layer) as depicted in Fig. 2. The number
of LSTM hidden units, denoted as H, remains fixed for all
conducted experiments, and it is set equal to the length of
the intermediate representation M, i.e., H = M = 10. The
additional fully connected (FC) layer at the server side also
consists of 10 neurons. Training is conducted using a learning
rate of o = 0.01, 8, = 0.9, and B> = 0.999 on a batch-
by-batch basis, with a batch size of 64. We utilize stochastic
gradient descent (SGD) with the Adam optimizer, as detailed
in Section III-A.

Channel conditions remain fixed during the training phase,
following the approach proposed by [23]. However, during
testing, we assess the model’s performance across a range
of erasure probabilities p. It is important to emphasize that
we investigate the impact of different channel conditions
introduced during the training phase by varying the training
erasure probabilities, py, in Wes and Wegp, while ensuring
that the backhaul between the drone and the server Whg
always maintains good channel conditions with a small erasure
probability (Section III-A). The erasure channel conditions
are simulated by incorporating additional dropout layers [24]
during the training process. These dropout layers replace all
three wireless links in Fig. 2, akin to the approach outlined in
[22], albeit on a symbol basis. We specify a particular dropout
probability to regulate the occurrence of channel erasures
within our simulations.
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Fig. 3. MSE versus p; erasure probabilities: Improved edge-to-server channel
conditions (py for Wep > Weg) with Wpg = 0.05.

B. Numerical Results

To examine the behavior of the proposed system under
diverse conditions, we consistently assume that one of the
channels, either Wgs or Wkep, introduces significant distortions
in the intermediate representation.Additionally, during the test-
ing phase, we set the erasure probability for the more distorted
channel to py, and for the less distorted channel to po=p; —0.3.
Meanwhile, Wpg remains constant, with its erasure probability
set to 0.05 during both the training and testing phases.

In Fig. 3, we compare the MSE performances of the
fronthaul and backhaul systems, where the backhaul (WWgp)
significantly alters the intermediate representation due to
a high erasure probability. More precisely, training erasure
probability for Wgp is set to 0.5, while for Wgg to 0.1.
Consequently, during the testing phase, erasure probability pq
is associated with Wgp, while the fronthaul link Wkg is tested
with ps. It becomes evident that channel conditions play a
significant role in overall system performance. For instance,
the fronthaul system, characterized by full server processing
under favorable channel conditions (indicated by the red solid
line in Fig. 3), surprisingly demonstrates superior performance
despite its lower processing complexity. It is also notable that,
within the backhaul system, additional processing does not
lead to the recovery of lost symbols. This is evident from
the performances achieved by deploying the full server sub—
network (solid blue line in Fig. 3), which are similar to those
obtained when only the output FC layer is utilized (dashed
blue line in Fig. 3).

Examining Fig. 4, we observe that when subjecting our
approach to testing conditions resembling real-world scenar-
ios—where the fronthaul link between the edge device and
server is highly corrupted, necessitating fallback solutions like
the backhaul—we find that additional processing successfully
extracts all temporal connections within the time series data.
Consequently, the system that integrates all three sub-networks
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demonstrates superior performance, as indicated by the blue
solid line in Fig. 4.

The results depicted in Figs. 3 and 4 provide compelling ev-
idence that the proposed approach, which integrates backhaul
transmission and SL paradigm, offers significant robustness
to the server. This robustness enables the server to adapt
to unexpected changes in wireless links and define an opti-
mal transmission strategy within various operating conditions.
Moreover, it also provides a significant degree of freedom
to the server. With this flexibility, the server can incorporate
various trade-offs into the implemented strategy, beyond just
considering MSE. For instance, it can now factor in parameters
such as latency or communication overhead, allowing for a
more nuanced and adaptive approach.

V. CONCLUSION

In this work, we present a novel approach that offers a
single, versatile framework for the integration of distributed
learning and UAV-assisted relaying in IoT environmental
monitoring systems. The proposed architecture demonstrates
significant adaptability to varying channel conditions in IoT
systems, offering different trade-offs that can be defined by
the server, primarily based on desired performance metrics.
Furthermore, the introduction of the SL paradigm optimally
balances the computational load between each component
(edge device, UAV, and server). In future work, our goal is
to incorporate additional parameters into the server decision-
making process, such as latency and energy efficiency.
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