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Abstract: Large scale deployments of Internet of Things (IoT) networks are becoming reality. From a
technology perspective, a lot of information related to device parameters, channel states, network and
application data are stored in databases and can be used for an extensive analysis to improve
the functionality of IoT systems in terms of network performance and user services. LoRaWAN
(Long Range Wide Area Network) is one of the emerging IoT technologies, with a simple protocol
based on LoRa modulation. In this work, we discuss how machine learning approaches can be used to
improve network performance (and if and how they can help). To this aim, we describe a methodology
to process LoRaWAN packets and apply a machine learning pipeline to: (i) perform device profiling,
and (ii) predict the inter-arrival of IoT packets. This latter analysis is very related to the channel and
network usage and can be leveraged in the future for system performance enhancements. Our analysis
mainly focuses on the use of k-means, Long Short-Term Memory Neural Networks and Decision Trees.
We test these approaches on a real large-scale LoRaWAN network where the overall captured traffic
is stored in a proprietary database. Our study shows how profiling techniques enable a machine
learning prediction algorithm even when training is not possible because of high error rates perceived
by some devices. In this challenging case, the prediction of the inter-arrival time of packets has an
error of about 3.5% for 77% of real sequence cases.

Keywords: IoT; LoRa; LoRaWAN; machine learning; cluster analysis; prediction analysis; channel
occupancy; network optimization

1. Introduction

Internet of Things (IoT) networks are becoming very attractive worldwide due to their simple
deployment, low cost and wide range of applications that will be supported: smart homes, smart cities,
utilities metering, agriculture and waste management, just to name a few. Low Power Wide Area
Networks is a field in which communication technologies can make IoT a reality. This kind of network
is designed to meet IoT requirements and to support large scale deployment. A promising Low Power
Wide Area Network technology is LoRaWAN [1], which, by providing a robust modulation scheme
and a simple network architecture, is able to connect thousands of End Devices (EDs) to gateways in
an area of several kilometers.

Figure 1 sketches the LoRaWAN network architecture. The transmission by an ED is made very
simple, with an adaptive tuning of the modulation parameters and without an explicit association to
a specific gateway. A gateway can receive packets from different devices and the same device can
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transmit to different gateways. Gateways forward packets to the Network Server, which is responsible
for processing, removing duplicate packets, and forwarding their payload to IoT application servers.

IoT End Devices

Gateway

Gateway
Internet

Network Server

Application Server

Application Server

Figure 1. Long Range Wide Area Network (LoRaWAN) network architecture.

A critical aspect in LoRaWAN networks is represented by the configuration of the channels and
by the allocation of data rate to different EDs. In this context, network optimization becomes a central
part of the management system. In addition, context-awareness of the environment where the EDs
operate, based on ED profiling and prediction schemes, is the needful tool for a suitable Spreading
Factor (SF) allocation like the one proposed in [2,3].

According to the IoT Analytics forecast of 2018 [4], in the near future, the number of interacting
wireless devices can be in the order of thousands or more, toward a plethora of service applications.
Several different IoT scenarios can be generated, each with different capabilities and optimization
constrains. For example, energy metering has challenging radio deployment with underground-indoor
(e.g., basements) and indoor devices installation. For this type of service, we need to optimize the
radio characteristics. Different from the energy metering, the smart street light service regards only
outdoor devices, but the activity of these devices is during the moonlight. For this type of service,
we need to optimize the channel access to avoid channel access collision. In this condition, is not
possible to individually optimize each scenario, hence we need to find a solution that automatically
selects the best network parameters in a scenario-aware fashion. Machine learning approaches allow
the possibility to use the stored information to automatically learn the scenario and apply a suitable
optimization strategy in a data-driven way.

This work presents an approach to use machine learning in order to create a context-aware
scenario. We apply our proposed scheme to a real large-scale LoRaWAN deployment and we study
the behaviour of this network through the application of two different machine learning techniques in
order to perform network EDs profiling and to predict future wireless channel occupancy, respectively.
The ability to predict channel occupancy in LoRaWAN is fundamental especially by noticing that a key
modulation parameter on which the system can operate is the SF that is related to the Time-on-Air of
transmitted packets. If thanks to these techniques we are able to find underutilized and overloaded
time periods, methods like the one proposed in [3] can be used to estimate the channel occupancy
and optimize the network performance, therefore tuning the number of devices that use a specific
channel or SF, including also the suitable time periods. The defined algorithms can be applied in any
IoT scenario with minimum human or network operator interaction.

Channel occupancy prediction is performed by prediction of Inter-arrival Time (IT) of packets,
namely the time between two consecutive transmissions of the same ED. For that purpose, we combine
profiling and prediction algorithms to deal with EDs that do not permit a smooth machine learning
training phase. In this work, ED profiling is addressed by the k-means algorithm [5], while the
prediction is performed at ED level: the network server predicts the ITs of LoRaWAN packets coming
from the same ED. Specifically, our problem has been modelled as a time series prediction in which
each time interval is the distance between two consecutive transmissions. To this end, our choice fell
on two popular models for solving function approximation problems: Decision Tree (DT) adopting the
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CART algorithm [6] and Long Short Term Memory (LSTM) network [7,8]. The choice behind these
three algorithms stems from them being overall acclaimed in the machine learning community for
their efficiency, effectiveness, hence widespread use for a plethora of different applications.

A prediction module needs a training phase based on ED IT time series. In LoRaWAN, in some
cases, this is not possible since EDs may present high error rates, i.e., many packets may not be received
due to low Received Signal Strength Indicator (RSSI) and low Signal to Noise Ratio (SNR) perceived
by the gateway. In our approach, we use profiling to solve this problem. By using a subgroup of EDs,
we create models that are valid for all EDs that have the same operating profile, included EDs that
do not allow the training of the machine learning model due to low performance. To the best of our
knowledge, none of the related works in the current literature have conducted a similar analysis as for
LoRaWAN in a real commercial system. Hence, our contributions can be summarized as follows:

• propose an approach to profile LoRaWAN EDs;
• use the same machine learning model to predict behavior of EDs with different transmission

patterns including also EDs that can not be used for the training model;
• we assess our approach in a real LoRaWAN scenario of a big operator.

Specifically, our main contribution is focused on the optimization of a real large scale LoRaWAN
network through machine learning techniques. We combine profiling and prediction algorithms to
address the follows two main problems:

1. learning process for EDs with low error rate;
2. prediction of channel access for EDs that present some anomaly behaviour.

Definitely, the optimization strategy can be applied in any LoRaWAN network scenario without
operator supervision.

The rest of the paper is organized as follows. In Section 2 we present the related work while
Section 3 describes the LoRaWAN large scale scenario used in our study. Section 4 presents our
approach to address the different phases of clustering and prediction processes, and Section 5 presents
the relevant numerical results. Finally, Section 6 concludes the paper.

2. Related Works

The interest in applying machine learning approaches to IoT systems is growing fast due to the
ability of machine learning algorithms of being able to model an underlying process, usually unknown
in closed-form, thanks to a finite set of data [9,10]. The data-driven peculiarity of machine learning
models allows them to learn without any particular constraints and/or requirements about the
application scenarios: hence, machine learning can be considered as a suitable toolbox of techniques
for modelling IoT systems at different scales, provided that the data to be fed to the learning system
reflects as much as possible the scenario under analysis. A detailed taxonomy of machine learning
approaches for IoT is provided in [11] where a description on how machine learning algorithms
can be applied to IoT smart data and what are the characteristics of IoT data in the real world
are discussed. Several papers propose to use machine learning for anomaly detection or security
issues (e.g., [12,13]) while others use machine learning for specific application purposes such as
healthcare [14,15], traffic analysis [16,17], resource management [18] and modelling routing strategies
in opportunistic networks [19]. The different application contexts and the potentialities of the use of
machine learning are described in [14] where a review on the use of these techniques in different IoT
application domains for both data processing and management tasks is provided.

Clustering and profiling issues are very interesting in the IoT field since they pose new challenges
and pave the way to new applications. From network data it is possible to extract users’ behaviours
as shown in the paper by Tao et al. [16] in which users’ activity features are extracted with regard
to inter-arrival times and packets’ traffic size and their relationships are investigated. The use of
classification methods has been suggested in [17] to check thoroughly the quality of data collected by
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IoT or wireless sensor networks. The authors show that classification is the most extensively adopted
learning method for detecting outliers in IoT and wireless sensor networks. Clustering algorithms
have been widely used to preserve security in IoT EDs, to classify EDs, to adapt the dynamic change
of network topology or, in general, to analyze demands on the traffic characteristics, and a preliminary
study on profiling IoT LoRaWAN EDs according to their radio behaviour can be found in [20], yet the
exploitation of these profiles to improve the network performance is still unexplored. The novelty
of our paper regards the concatenation of two machine learning stages to have a powerful tool for
LoRaWAN operators. We adopt clustering to obtain homogeneous classes so that the traffic prediction
can thereafter be applied with the purpose to plan suitable resource management mechanisms. The
adoption of machine learning solutions for traffic analysis in IoT is provided in [21] where multiclass
IoT flow classification task with lightweight machine learning models is applied. In this case a DT has
been used, showing its potentialities in improving the performance.

As stated before, our second step is to predict channel occupancy. Channel sensing and prediction
are heavily used in cognitive radio networks. In cognitive radio networks, the network needs to
sense the spectrum for idle channels and establish communication on these sensed idle channels.
For example, machine learning techniques can be exploited for inferring the availability of spectrum
holes through channel state prediction. Cognitive radio networks can be considered as key IoT enabling
technologies and their integration with future IoT architectures and services is expected to empower
the IoT paradigm [22]. In IoT, cognitive radio networks cycle can automatically detect and learn
from radio environment, adapt the transmission parameters in real-time, accordingly improving the
spectrum efficiency. For example, in [23], channel sensing enables the cognitive radio networks cycle
to coordinate coexistence between IoT and non-IoT technologies. In [24], the authors use machine
learning to predict some traffic attributes. As for the use of machine learning to perform optimization
tasks, the authors in [18] provide a reinforcement learning approach to derive optimal disseminating
policies aiming at maximizing the accumulated average per-node throughput in a LoRaWAN system.
The idea is to allow LoRAWAN gateways to optimize the transmission parameters of the EDs by
deciding actions to be taken (update or not the configuration of an ED) on the basis on the policy
learned from the reinforcement learning agent. This is implemented by keeping under control the
transmission duty cycle, which is the percentage of time the nodes can access the shared wireless
channels, often set to 1% of the time. While [18] was tested in randomly generated IoT networks, our
approach is tested on a real LoRaWAN dataset. All the cited works based the prediction on the channel
energy sensing. They do not consider the inter-arrival time prediction, like our proposal, which is
critical concerning IoT applications to estimate the requested capacity and the free channel portions,
mostly for scalability purposes. Specifically, our problem has been modelled as a time series problem
in which the channel occupancy is treated as a sequence of occupied and free time periods.

Other than the two main machine learning-based tasks in this paper (profiling and prediction),
machine learning has been applied in LoraWAN networks for several applications. For example, in [25],
the authors used Q-Learning for resource allocation; in [26] a deep learning-based approach has been
used to exploit time difference of arrival for correct mobile station positioning; in [27] an ARIMA model
has been used to predict future trends starting from air pollution sensors; in [28], the authors exploit
LoRaWAN sensors and supervised learning for activity recognition; in [29,30], machine learning has
been used for localization purposes and, finally, in [31] a mixture of unsupervised, supervised and
decision model techniques has been used for load balancing in LoRaWAN networks.

3. LoRaWAN in a Real Large Scale Scenario

LoRaWAN operates in the industrial scientific and medical radio bands on the basis of the
frequency plan provided in [32]. For the European region, the applied frequency plan is EU863-870
that provides eight channels and seven data rates. LoRaWAN, featured by the LoRaWAN Alliance [1],
encompasses the networking functions and the medium access control. Furthermore, LoRaWAN also
deals with application servers, security, firmware update over-the-air and network optimization. At
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the physical layer, LoRaWAN uses the LoRa modulation based on the Chirp Spread Spectrum patented
by Semtech [33]. In LoRa, EDs support multi-rate by exploiting six different SFs ∈ {7, . . . , 12} or data
rate. A detailed analysis on the impact of different configuration choices for SFs used by the EDs is
presented in [34].

We consider data from a LoRaWAN infrastructure in Italy, which were provided by UNIDATA
S.p.A. The deployed LoRaWAN network covers wide geographic areas in Italy and collects a huge
amount of IoT data. Specifically, this network currently involves 1862 EDs and 138 gateways. In 2019,
the total amount of EDs whose transmissions were received by the UNIDATA gateways were 89,528
(much higher than those officially registered with UNIDATA). Additionally this network has collected
a total of 372,119,877 packets (2.25% are generated by EDs registered with UNIDATA).

The gateways are connected to the network server of the operator, where also the database is
deployed. The database contains several records, each one representing a particular flow of information
gathered from the network. For instance, there are data flows representing uplink and downlink
packets, information exchanged between the gateway and the network server, or between EDs and the
network server, or packets which have been de-duplicated because they have been received several
times. The latter case happens when different gateways cover the same geographic area and the same
packet reaches the network server from different gateways. Each packet represents a record index
storing several fields.

To build a suitable dataset for our analysis we referred to 12 months of activity in the period
ranging from January to December 2019. Furthermore, we consider a specific application, namely
water metering service, in which 290 water meters are equipped with a LoRaWAN module and they
transmit their measurements for about 18 times per week (the total number of packets is 115,000).
The transmission pattern is unknown for these EDs, and, as shown in Section 4, it is different for each
EDs. Two gateways cover the whole area where the water meters are located. Packets sent by the
water meters are forwarded by the gateways to the network server.

Figure 2 plots the number of received packets, week by week, in the considered time period.
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Figure 2. Number of received packets per week in a period of one year for the water meter dataset.

In this work we apply our algorithmic pipeline to both medium access control and physical layers.
LoRaWAN physical information are gathered in a database from the gateway and they are related to
the LoRa modulation.

Starting from the reference dataset, the following pre-processing steps have been performed to
feed the machine learning algorithms:

1. packets have been grouped by transmitting ED (DevEUI field of Table 1);
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2. each ED has been mapped into a 6-length real-valued vector containing the following values:
The SF, the average values of SNR and RSSI; the Packet Size (PktS); the Error Rate (ER) and the IT.
These fields well represent the radio behavior of each ED.

Table 1 reports the adopted packet fields.

Table 1. Packet fields and parameters used in the analysis.

Field Description

DevEUI
Device Identification Number, Unique identifier of
the ED in the LoRaWAN global ecosystem

FCnt
Frame counter, Integer value used to enumerate all
packets of a given ED; the pair (DevEUI, FCnt) is unique.

SF
Spreading Factor- Used to modulate the signal
to transmit the packet

RSSI
Received Signal Strength Indicator (dBm)
measured at the gateway

SNR Signal to Noise Ratio (dB) measured at the gateway

PktS Packet Size, size of the received packets

ER
Error Rate, Ratio between the number of received
packets and transmitted ones (elaborated via the
FCnt field)

IT

Inter Arrival Time, Time (expressed in minutes)
elapsing between the received packet time instant
and the time instant of its predecessor, both
belonging to the same ED.

We notice that the latter two values have been computed and added in pre-processing phase.

4. Machine Learning Approach to Profile and Predict Network Activity

As introduced in Section 1, the knowledge of future ED transmission schemes could facilitate the
evaluation of the optimal network operational parameters. For example, foreseeing saturation peaks
in the radio channels can allow to modify in advance the adopted radio parameters, avoiding future
inefficiencies and out-of-service events. On another hand, clustering algorithms can automatically
group EDs according to the specific features. ED groups can be used to find EDs with same properties
and force parameters settings. Nevertheless, when dealing with radio channels not all packets
transmitted by EDs are received by a gateway, due to fading, shadowing and other impairments.
Consequently, data-driven models can suffer due to lacks of data. In this work, we propose to use a
subgroup of EDs to derive a model capable to provide forecasting for all EDs in the network. In other
words, for EDs that present high error rate (corrupted IT series due to missing packets), it is not
possible to train a model. We first apply a clustering phase to group EDs and afterwards we use the
EDs within some clusters to train a model used to predict the EDs behaviour in different clusters. This
kind of problem can be modelled as a time series one, where channel usage statistics can be converted
into a time-based sequence.

Both clustering and time series prediction are well-known problems in the scientific community
and multiple solutions have been provided to face both the former [5] and the latter [35]. The rationale
behind choosing k-means for the clustering (profiling) stage not only stems from the fact that k-means
is (possibly) the most famous clustering algorithm [36–38], but also from a previous work related
to device profiling in LoRaWAN [20]. Similarly, the choice behind DT and LSTM stems from them
being acclaimed techniques for time series predictions in a plethora of applications. Notable examples
for DT include electricity consumption data [39], financial time series [40], medical data [41] and call
transcription data [42]. LSTM networks are another effective solution for time series modelling in
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fields such as healthcare [43], air pollution [44] and financial time series as well [45]. Albeit these
techniques have been used also in IoT contexts (see e.g., [46–48] for DT and [49,50] for LSTM), to the
best of our knowledge, this is the first work in which they have been applied to a real world and
large-scale LoRaWAN network.

4.1. EDs Profiling

In this subsection we describe how it is possible to apply ED profiling related to the utilization
of wireless resources in a LoRaWAN network. We discuss a possible strategy that was preliminary
proposed in [20] where the k-means algorithm was used to group EDs according to their radio and
network behavior.

k-means, given a dataset S = {x1, . . . , xn} of n observations, aims at partitioning the data into
k non-overlapping clusters, i.e., S = {S1, . . . ,Sk} such that Si ∩ Sj = ∅ if i 6= j and ∪k

i=1Si = S .
k-means finds a (sub-)optimal partition of the data in such a way that the intra-cluster variance, or
Within-Clusters Sum of Squares (WCSS), is minimized:

WCSS =
k

∑
i=1

∑
x∈Si

‖x− c(i)‖2 (1)

where c(i) is the centroid for cluster i, defined as the center of mass of the cluster itself. Despite its
simplicity, the number of clusters k to be returned is a parameter that shall be tuned by the end-user:
its value is data-dependent and is hardly known a-priori. As discussed in [20], in order to find the
best k value for the data at hand, we considered several candidates k = {2, 3, . . . , 20} and, by jointly
considering the elbow plot [51], the Silhouette index [52] and then Davies-Bouldin index [53], a suitable
value of k? = 7 has been selected.

Figure 3 shows the seven resulting clusters for the considered dataset: the 3D plot is related to the
ER, SF and SNR fields. Each cluster is represented by a different color (reported in the figure legend).

Figure 3. End Devices (EDs) representation in terms of SNR, Error Rate and SF after the k-means
clustering. Different ED clusters are represented by different colours.

In a LoRaWAN network, the optimization strategy can be different for different subgroups of
devices. In our approach, the goal of the profiling algorithm is indeed to automatically find the
subgroups of devices that share the same behaviour, hence can rely on the same optimization strategy.
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The cluster analysis was capable to capture critical behaviours inside the network. More generally,
the approach can help to:

1. monitor the system behaviour and capture anomalies;
2. optimize the network planning;
3. identify different spaces in which service provision can be enhanced (that is, new radio resources,

more suitable parameter settings, different configurations of the IoT EDs and services).

This technique allows us to cluster EDs into “activity groups”, which consist of EDs that tend
to have similar activity profiles in their use of radio resources. Further, the profiling analysis allows
to identify the behaviour of EDs with low performance: if an ED is featured by low RSSI and low
SNR, it is likely featured by a Higher Error Rate (we refer to those as ‘HER’ devices). When this
happens, the sequence of the ITs can not be used to train a prediction model, because the received
sequence is corrupted due to several missing packets. After the cluster analysis, of the 290 EDs present
in the dataset, 20 have been included in HER group and they are represented by cluster #7 in Figure 3.
The remaining 270 devices (represented by clusters 1–6 in Figure 3) are featured by a Low Error Rate
(we refer to those as ‘LER’ devices).

4.2. Features Extraction: The Window Approach

The most interesting field for the prediction stage is indeed the IT. After a preliminary analysis of
the transmission pattern of the network EDs, was deduced that the EDs send packets with a structure
that is the combination of two different components: a regular part and an irregular part.

Figure 4 shows the ITs of roughly 60 packets of a single ED (the x-axis shows the FCnt of each
packet). It is easy to recognize a pattern: many ITs lie at 720 min (which will be further called “part 1”),
while some of them are less frequent and lie at 480 min, and others at 240 min (these latter two will be
further called “part 2”). Different EDs show a similar behaviour: they share the same pattern structure
and the same value for the first part, while the second part has other values that always sum up to 12 h.
The combination of part 1 and part 2 represents the regular part of the transmission pattern. Figure 4
also shows a case where a packet has not been received by the network server. As a matter of fact we
have in the figure a value at FCnt = 255 and another value at FCnt = 257 equal to 24 h, indicating that
the packet at 12 h with FCnt = 256 has not been received.

230 240 250 260 270 280
Frame counter #
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s [

ho
ur
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Figure 4. Pattern of the Inter-arrival Times (ITs) for the LoRaWAN water metering EDs.

The pattern also has an irregular part. The preliminary analysis allowed us to find the occasional
existence of a pair of consecutive ITs that do not respect the pattern (which will be further called
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“part 3”). Without any specific reason, one packet of the regular part is replaced by two or more packets:
their sum may differ from 12 h and it does not allow a precise forecast of the pattern. Figure 4 shows
two of these situations (at (242,243) and (275,276) FCnt).

A frequency analysis of the ITs was made on the regular part only, to assure that the identified
patterns comprehensively represent the behavior of the considered EDs. Figure 5 shows the frequencies
of the most frequent ITs for a subgroup of EDs (each ED is represented with a different bar). Each bar
has three different colored components, whose height is equal to the IT value considered. From the
Figure, we can observe that all EDs have a 12 h ITs (part 1), and two other values whose sum is 12 h
(part 2), but they are different from ED to ED. For all EDs, the sum of the occurrences of these 3 ITs is
the regular part and represents more than 92% of the entire set of samples (the exact value is shown
above each bar). The remaining ITs, not included in the figure, represent the irregular part and they
are distributed in a random position in the pattern. To evaluate how this irregular component impacts
the performance of the prediction models, we used both the original dataset and a different version
(named “relaxed”). In the relaxed version, all the elements of the irregular part are set to 360 min (6 h)
to smooth the random components of the original transmission patterns. Every method described in
the following will be tested on both these datasets.
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Figure 5. Frequency analysis for the ITs for a subset of water metering EDs.

Regarding the irregular part, device packets are received in unpredictable way. The focus of this
paper is to predict when one of these event occurs.

The prediction problem falls under the umbrella of function approximation problems [10] where,
given an input space X ⊆ Rn and an output space Y ⊆ R with an orientated (and usually unknown)
process f : X → Y , the goal of the learning system is to synthesize a model of f by means of a dataset,
namely a finite collection of input-output pairs D = {X, y} where X ∈ RN×n is the instance matrix and
y ∈ RN collects the output values, being n and N the number of features and patterns, respectively.

The success of any learning system relies on an accurate feature generation and a valid
ground-truth output value mapping. In order to create a suitable set of n-dimensional feature vectors
starting from the entire ED series, the sliding window mechanism is used [54]. In short, for the same
ED, a set of n consecutive ITs is used to predict the (n + 1)th. More in details, the goal of the learning
system is to predict the IT of a subsequent packet pn+1 starting from the sequence of its n preceding
packets p0, ..., pn. Recalling that the forecasting model is based only on the IT component, the dataset
is created using a sliding window with size n on the IT field. Hence, we extract only the two columns
(IT, FCnt) from the dataset and for each sub-list of packets with consecutive FCnt whose size is greater
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than n, we take the first n values as input for the algorithm and the (n + 1)th value as the output.
Obviously, the choice of n is critical in this phase and it will be addressed in Section 5.

An example of dataset building with the sliding window mechanism is given in Table 2,
by considering:

• n = 3
• ITs = [a, b, c, d, e, f , g]
• DevEUI = #1

Table 2. Example of sliding window mechanism.

DevEUI x0 x1 x2 y

#1 a b c d
#1 b c d e
#1 c d e f
#1 d e f g

Each row reports the DevEUI of the observed ED (#1 in the example) along with the three
selected features (x0, x1, x2) for each of the N = 4 resulting patterns and the predicted value (output y),
organized by rows.

4.3. Prediction Models

By using the aforementioned windowing approach, we have been able to build a feature matrix X
and an output vector y, suitable for being used for training and testing machine learning algorithms.
Given the nature of the data (see e.g., Figure 4), using linear models will unlikely lead to satisfactory
results. To this end, our choice fell on two very popular models for solving function approximation
problems: DT and LSTM.

The DT paradigm is used for both classification and regression. It incrementally builds learning
models in the form of a tree, splitting up the dataset based on appropriate conditions on its features.
The directed edges that connect two nodes contain values for a given source node, which is the topmost
one. These trees have two types of nodes:

• Decision node: it is an internal node with two branches and it represents some features, along with
a decision value. Branches are created in order to minimize the error on child nodes.

• Leaf node: It is a terminal node and it contains the target output.

In other words, the directed graph returned by the DT is created by means of rules applied on
feature values in order to better differentiate the input patterns with respect to the output variable.
Hence, the classification of a new pattern simply consists in traversing the graph starting from the
root node and following the rules behind each branching until a leaf node is reached. Figure 6
shows an example of the DT representation resulting from our dataset: For the sake of representation,
a windowing of n = 2 (x0 and x1) is considered and the tree has been trained up to a maximum depth
of 3 splits (3 layers under the source node). The resulting tree starts from a single root node containing
the entire dataset. Then, the second feature (x1) is selected for splitting and two child nodes are created
containing, respectively, 25.9% (x1 ≤ 712 min) and 74.1% (x1 > 712 min) of the patterns belonging
to the root node. The procedure recursively iterates until a stopping criterion is met (i.e., maximum
depth). An interesting aspect of DTs lies on their rule-based structure: this makes de-facto DTs as
grey-box models. Indeed, as in Figure 6, trees can be visualized and the condition behind each decision
can be easily explained with simple Boolean logic.

The other approach is based on LSTM networks [7]. These are Recurrent Neural Networks
(RNNs) [55] with backward feed propagation, which permits information to persist over time. One
of the main problems with RNNs is that there is no possibility to select which information has to be



Computers 2020, 9, 60 11 of 18

remembered, because all the information is recorded in the same way. Hence, some notable events do
not have the impact in the learning process that they should. Differently, LSTM networks add multiple
operations within the RNN cell. These new operations are called ‘gates’ in the LSTM architecture.

Figure 6. Example of the Decision Tree (DT) representation resulting from our dataset (for a window
n = 2 and maximum depth of three splits).

The whole LSTM cell is shown in the Figure 7. It is important to notice that the LSTM cell has
two inputs and two outputs. As input it takes both input features and the previous state, just like the
feedback loop of a standard RNN. The first gate is commonly known as the ‘forget gate’, because its
function is to select which of the data the network forgets at a specific time step. The second gate of the
LSTM is known as the ‘input gate’ layer, which works exactly as a regular RNN. Finally, the last gate is
called the ‘output gate’. This gate prepares a set of candidate values to be added to the final state of the
cell. Figure 7 also shows the hyperbolic tangent and sigmoid activation functions used in the LSTM
cell: the former helps in regulating the values within the network by ensuring a fixed [−1, 1] range;
the latter helps is preserving and forgetting data by squashing in range [0, 1]. Another fundamental
characteristic of RNNs is that they possess the ability to act as Multiple Input Multiple Output systems.
In our problem we use the “many to one” configuration, where the output is the last element returned
by LSTM of the last column element in the sliding window matrix, the g value in Table 2. Differently
from DTs, LSTM networks are complex models whose interpretability is still a challenge [56].

x

x

x

+

sigmoid sigmoid tanh

sigmoid

tanh

INPUT (t)

OUTPUT (t-1)

STATE (t-1)

OUTPUT (t)

STATE (t)

FORGATE 
GATE

CELL
STATE

INPUT
GATE

OUTPUT
GATE

Figure 7. Long Short Term Memory (LSTM) cell architecture.

5. Computational Results

In this section we present the computational results derived by applying the proposed pipeline to
our dataset. In order to quantify their performance, we used Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE), both of which are negative-oriented (i.e., the lower the error, the better
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the model). Let m be the number of samples, yj be the observed value for the jth sample and ŷj the
predicted one, then:

• MAE is defined as the arithmetic average of absolute errors:

MAE =
1
m

m

∑
j=1
|yj − ŷj| (2)

• RMSE is defined as the square root of the arithmetic average of the squares of the errors:

RMSE =

√√√√ 1
m

m

∑
j=1
|yj − ŷj|2 (3)

The difference between these two metrics lies in the speed with which RMSE increases in presence
of outliers (predicted values that are very far from the real ones.)

As discussed in Section 4.2, the choice of the window size n is critical for the learning phase.
In order to find a suitable value, the dataset has been properly split in training set (80%) and test
set (20%) and a 20-fold cross-validation has been applied on the training set to both predictions
algorithms. Candidate values for n are {5, 10, 15, 20, 25, 30} and we chose the one which minimizes the
cross-validation MAE/RMSE.

Figure 8a shows the output of the cross-validation for DT, using n ≥ 10, which proves to be
the most promising range of values. Specifically, we chose n = 10 in such a way that the number
of samples is maximized (63758). As for the model parameters, DT has been configured as follows:
we considered the variance reduction criterion for splitting current nodes which consist in splitting
the parent nodes in such a way that the `2-norm is minimized on child nodes by considering their
mean values. Furthermore, in order to construct the tree, we set the minimum number of samples
required to split a node to two and the growing process continues if either a node contains more than
the minimum number of samples or it is ‘impure’ (i.e., splitting cost greater than 10−7). For LSTM,
following the same method, we chose n = 20 and a single internal layer and 120 hidden nodes upfront
candidate architectures consisting of one and two internal layers, and a number of hidden nodes in
range [50, 150]. The network has been trained using the ADAM optimizer with learning rate of 0.0001,
using MAE as loss function and for a maximum number of 150 epochs.

For a thorough investigation, we performed two different experiments:

1. in the first one, only LER EDs are considered; the training phase has been performed with 80%
of EDs, the remaining EDs are used for the test part (EDs dedicated to training and test are
randomly selected);

2. in the second one, training is performed on LER EDs and the resulting model is tested on HER
EDs.

Figure 8b,c show the IT series of 5 sequentially EDs. We can observe that the 12 h (720 min)
samples are common to all EDs, while the other two ITs are different for each ED. In the figures
(as explained later) the isolated points (6 h) represent the irregular part of the pattern, which has been
processed to produce the relaxed dataset. In detail, Figure 8b,c show a qualitative comparison of
predicted (red star marker) and real (blue triangular marker) values for DT and LSTM, respectively.
Clearly, lower error rates have been obtained with the former model.

Further, Figure 8d,e show the Cumulative Distribution Function (CDF) of the absolute relative
errors in terms of minutes for the four different combinations of original and relaxed dataset, tested on
20% LER and on HER. For the DT, 90% of errors are lower than 100 min, whereas for LSTM this value
is reduced to 85%. Figure 8d also shows that in case of relaxed dataset, for the DT, 90% of errors are
lower than 10 min.
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Figure 8. Twenty-fold cross validation on training set with different window sizes (a). Qualitative
result of the DT prediction for the test dataset (b). Qualitative result of the LSTM prediction for the
test dataset (c). CDF of the absolute prediction errors of the DT for the four datasets (d). CDF of the
absolute prediction errors of the LSTM for the four datasets (e).

Finally, for both prediction algorithms, the figures confirmed our hypothesis: the shapes of the
CDF resulting from the prediction on random 20% LER EDs and on 100% HER EDs are equivalent.
We stress again that the training phase is performed only on LER EDs.

The MAE and RMSE values for all considered cases and predictions algorithms are reported in
Table 3. We expected that the relaxation would have mainly led to score improvements for the RMSE,
which is sensitive to outliers, and numerical results confirmed our idea: indeed, results in Table 3 show
a significantly decreased RMSE, while the MAE is lowered by roughly 10 min.

Table 3. Performance comparison for both machine learning algorithms.

DECISION TREE LSTM

Testing on ED MAE RMSE MAE RMSE

original 20% random 35.51 126.30 51.12 140.26
relaxed 20% random 24.07 91.16 46.06 125.52
original HER 34.05 119.97 52.34 142.11
relaxed HER 25.90 96.47 42.81 120.58

Table 3 confirms that DT exhibits better performance than LSTM and that, in the best case, the
MAE is 24.07 min. If we consider that in the reference scenario the average IT per ED is almost 9 h,
we are certain to predict the number of packets present in the channel hour by hour in the next 12 h.

Alongside the comparison in terms of performance, it is also worth to point out the computational
burden required to train and predict the two models. The entire pipeline has been implemented in
Python and executed on a 6-cores AMD Ryzen 1600X CPU@3.9 GHz and 8 GB of RAM, using the
external libraries sklearn and keras for DT and LSTM, respectively. The time employed to build
the windowed dataset is 12 s, with an additional 12 s to relax it. The DT fitting operation on the
hardware/software available lasts less than a second (0.71 s). Conversely, the training phase for LSTM
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employs 20 min. In conclusion, it is safe to say that our analyses let DT emerge as the most suitable
model to predict IT for LoRaWAN network packet arrivals due to the following reasons:

• the lack of LSTM interpretability;
• the higher LSTM computational burden [57];
• the lower LSTM performances, which for certain time-window problems are worst with respect to

‘standard’ machine learning approaches: this is due to the fact that all relevant information about
the next event is conveyed within the time-window itself making recurrent units useless [58].

6. Conclusions

In this paper we analyzed a LoRaWAN large-scale deployment adopting machine learning
techniques. We performed two kinds of analysis. Firstly, we applied the k-means algorithm to profile
network EDs. The clustering results are groups of EDs sharing similar behaviour. The profiling
algorithm clusters EDs in Low Error Rate and High Error Rate. Secondly, we discussed a strategy
based on DT and LSTM algorithms to predict EDs behaviour. Our problem has been modelled as a
time series problem in which each interval of channel usage is treated as a sequence of occupied and
free slots. In this way, we could apply DT and LSTM to these time series. All the presented solutions
have been tested in a real LoRaWAN deployment, owned by the Italian operator UNIDATA, which in
2019 has collected 372,119,877 packets. In this challenging case, the prediction of the inter-arrival time
of packets has an error of about 3.5% for 77% of real sequence cases.

Future works will be dedicated to employing the derived results for network optimization
strategies to find the best parameter tuning. For instance, it is possible to use balancing algorithms that
find the best balancing among the EDs on the available channels and SFs by starting from the extracted
EDs information.
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The following abbreviations are used in this manuscript:

CART Classification And Regression Tree
CDF Cumulative Distribution Function
ED End Device
ER Error Rate
DT Decision Tree
FCnt Frame Counter
HER High Error Rate
IoT Internet of Things
IT Inter-arrival Time
LER Low Error Rate
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LoRaWAN Long Range Wide Area Network
LSTM Long Short Term Memory
MAE Mean Absolute Error
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
RSSI Received Signal Strength Indicator
SF Spreading Factor
SNR Signal to Noise Ratio
WCSS Within-Clusters Sum of Squares
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