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ABSTRACT The Internet of Things (IoT) has transformed many industries, and LoRaWAN (Long Range
Wide Area Network), built on LoRa (Long Range) technology, has become a crucial solution for enabling
scalable, low-cost, and energy-efficient communication in wide-area networks. Simulation tools are essential
for optimizing the transmission parameters and, therefore, the energy efficiency and performance of
LoRaWAN networks, where energy efficiency is widely recognized as a primary performance objective in
distributed and parallel systems. However, although existing simulation frameworks can accurately represent
LoRaWAN behavior by modeling multiple protocol layers or by focusing on specific network aspects, they
often suffer from high computational cost and limited flexibility when fast and systematic exploration of
transmission parameter configurations is required. To address this issue, we introduce FAST-LoRa, a novel
simulation framework designed to enable fast and efficient evaluation of LoRaWAN networks and selection
of transmission parameters. FAST-LoRa streamlines computation by relying on analytical models without
complex packet-level simulations and implementing gateway reception using efficient matrix operations.
We evaluate FAST-LoRa by employing a well-established simulator using multiple network configurations
with varying numbers of end devices and gateways. The results show that FAST-LoRa achieves similar
accuracy in estimating key network metrics, even in complex scenarios with interference and multi-gateway
reception, with a Mean Absolute Error (MAE) of 0.940 ×10−2 for the Packet Delivery Ratio (PDR) and
0.040 bits/mJ for Energy Efficiency (EE), while significantly reducing computational time by up to three
orders of magnitude.

INDEX TERMS Internet of Things, long-range communications, wireless communications, simulation,
transmission parameters, energy efficiency.

I. INTRODUCTION
The Internet of Things (IoT) has transformed how devices
communicate, enabling advancements in sectors such as
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healthcare, agriculture, and smart cities. One of the
technologies driving this change is LoRa (Long Range),
a low-power wide-area network (LPWAN) that allows for
long-range communication with minimal energy consump-
tion [28], [54]. LoRaWAN, the protocol built on LoRa,
further enhances this capability, making it well-suited for
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battery-powered IoT devices. Due to its scalability and
cost-effectiveness, LoRaWAN is becoming an essential
part of modern IoT systems, supporting a wide range of
applications from environmental monitoring to industrial
automation.

An essential mechanism for optimizing LoRaWAN net-
work performance is the Adaptive Data Rate (ADR). The
ADR adjusts the transmission parameters of devices based
on network conditions, such as signal strength, interference,
and network load. By dynamically modifying transmission
power and the spreading factor, the ADR ensures that devices
maintain efficient communication while balancing critical
factors such as range, data rate, and energy consumption.
As LoRaWAN networks expand and become more complex,
optimizing the ADR becomes more challenging. However,
it remains crucial for maintaining appropriate network per-
formance and energy consumption [9], [16], [17], [24], [33],
[41], [42], [43], [58]. Optimizing LoRaWAN networks in
real-world environments often requires significant financial
investments in hardware, such as gateways and end devices,
and infrastructure, including installation and maintenance
[53]. Additionally, the inherent variability of environmental
conditions, interference, and the spatial distribution of
nodes complicates a comprehensive evaluation of network
performance.

In this context, simulation tools offer a cost-effective
solution for testing and optimizing LoRaWAN network
configurations without the need for extensive real-world
deployments. These tools help evaluate various network
configurations and data transmission strategies. Several
simulation tools have been developed to support LoRaWAN
networks by modeling aspects such as network topology,
protocol layers, signal propagation, interference, mobility,
traffic patterns, and energy consumption [8], [18], [19],
[37], [38], [40], [50], [51], [52], [55]. While these simu-
lators play a key role in protocol validation and detailed
performance analysis, their applicability to transmission
parameter selection is often limited. Many tools either
rely on high-fidelity packet-level modeling, which entails
significant computational overhead in large or dense net-
works, or are tailored to specific aspects or scenarios,
restricting their flexibility for systematic and iterative explo-
ration of transmission parameter configurations and ADR
mechanisms.

To address this limitation, we introduce FAST-LoRa, a
novel simulation framework designed to enable efficient
and scalable evaluation of transmission parameters for their
optimization in LoRaWAN networks. FAST-LoRa stream-
lines the simulation process by optimizing core transmission
parameters, such as the transmission rate, power, and spread-
ing factor. This approach permits rapid and iterative testing of
ADR settings and network configurations without the compu-
tational burden associated with simulating complex network
behaviors that are not directly relevant to transmission opti-
mization. To achieve this efficiency, FAST-LoRa simplifies
the simulation process by abstracting packet-level behavior

using analytical models and computing gateway receptions
through matrix-based operations. While FAST-LoRa is not
designed to replace detailed packet-level discrete-event sim-
ulators, it provides a lightweight and accurate alternative for
evaluating transmission strategies in scenarios where traffic
patterns are stable, and communication is predominantly
uplink-focused. FAST-LoRa enables the simulation of large-
scale LoRaWAN networks with numerous devices and
gateways, making it ideal for fast evaluations of transmission
parameter selection strategies and network layouts, e.g.,
planning of gateway placement. Beyond efficient simulation,
FAST-LoRa enables fast and large-scale evaluation of trans-
mission parameter configurations and ADR strategies. This
allows systematic exploration of design choices that would
be computationally prohibitive with packet-level simulators,
supporting the assessment of advanced mechanisms such as
adaptive transmission strategies, dynamic parameter tuning,
and network layout planning (e.g., gateway placement),
with direct impact on key network performance metrics,
such as packet delivery ratio, throughput, and energy
efficiency. The contributions of this paper are summarized as
follows:

• We introduce FAST-LoRa, a novel open-source sim-
ulation framework that enables fast, scalable, and
flexible evaluation of LoRaWAN networks, specifically
targeting transmission parameter selection and ADR
optimization in large-scale deployments.

• Unlike existing packet-level simulators, FAST-LoRa
leverages analytical models and matrix-based com-
putations to efficiently capture interference, multi-
gateway reception, and propagation effects, enabling
rapid evaluation of complex network scenarios without
incurring high computational overhead.

• FAST-LoRa accurately estimates critical network
performance metrics, including Packet Delivery Ratio
(PDR) and Energy Efficiency (EE), providing action-
able insights for dynamic transmission parame-
ter tuning, ADR strategies, and network layout
planning.

• We validate FAST-LoRa against the well-established
FloRa simulator across a wide range of network
configurations. Results demonstrate that FAST-LoRa
achieves comparable accuracy while reducing execution
time by up to three orders of magnitude in dense multi-
gateway networks. This highlights FAST-LoRa’s ability
to support rapid, systematic, and large-scale exploration
of transmission strategies.

The rest of this paper is organized as follows. Section II
reviews related work. Section III presents the analyti-
cal model of FAST-LoRa, including network description,
transmission time, reception criteria, and implementation
details. Section IV details the evaluation setup, metrics, and
baselines. In Section V, we validate FAST-LoRa against a
well-established simulator. Finally, Section VI summarizes
the key findings and outlines future work.
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II. RELATED WORK
In this section, we review the state of the art in selecting
transmission parameters in LoRaWANnetworks and how this
is achieved by commonly used LoRaWAN simulators.

A. TRANSMISSION PARAMETER SELECTION
Numerous research efforts have been made to select
transmission parameters in LoRaWAN networks [9], [10],
[11], [16], [17], [24], [33], [41], [42], [43], [58]. For
example, the authors of [16] introduced RM-ADR, a novel
mechanism that operates on the network server and end
devices. The end device algorithm reduces retransmission
attempts, while the network server leverages previous frame
reception power to dynamically select the spreading factor
(f ) and transmission parameters. Other techniques, such
as Gaussian-based filtering (G-ADR) and the Exponential
MovingAverage (EMA-ADR), have been explored to smooth
out rapid Signal-to-Noise Ratio (SNR) fluctuations [24],
[25]. Many of these works leverage artificial intelligence
to dynamically learn new transmission policies over time.
For instance, [58] employs reinforcement learning to select
energy efficiency and ensure reliable packet delivery. The
work in [43] proposes an intelligent routing policy to
find suitable transmission parameters and move beyond the
traditional star topology to improve network performance. In
[9], the authors employ Deep Reinforcement Learning (DRL)
to determine the optimal spreading factor and transmission
power combination, reducing energy consumption while
maintaining an adaptive Bit Error Rate (BER) threshold.
Similarly, [11], [41] uses DRL to improve energy efficiency
by dynamically adjusting transmission settings. However, the
vast majority of these works either propose their custom
simulator [9], [10], [11], [33], [58], which often lack
rigorous validation, or employ well-known simulators, which
often imply notable computational overhead and hamper the
selection process.

B. STATE-OF-THE-ART LORAWAN SIMULATORS
Simulation frameworks are frequently employed to find
suitable transmission parameters and energy consumption in
LoRa networks. One of the most widely used simulation
tools for LoRa networks is LoRaSim [18], [19], a simulation
tool that focuses on key aspects such as collisions, spreading
factors, and gateway coverage. Recent improvements to
LoRaSim, such as those proposed in [26], address some of its
limitations by incorporating more realistic propagation mod-
els and the capture-effect phenomenon. These enhancements
help improve the accuracy of network behavior simulations,
particularly in dense environments. LoRaWANSIM [45], an
extension of LoRaSim, adds features such as bidirectional
communication and medium access control (MAC) layer
improvements. However, although LoRaSim and LoRaWAN-
SIM are effective for evaluating ADR mechanisms, their
focus on the physical and MAC layers restricts their ability
to fully capture application-layer dynamics. References [51],

[52], built on the OMNeT++ simulation framework [35]
and the INET framework [36], provides a more comprehen-
sive simulation environment, offering detailed models for
communication delays, energy consumption, and network
dynamics. Its modular architecture allows for the simulation
of multiple layers of the LoRaWAN protocol stack—
including the physical, MAC, network, and application
layers—enabling cross-layer analysis and the integration
of custom ADR mechanisms. Similarly, the ns-3 simulator
[44], an open-source platform that supports a wide range of
wireless communication technologies, including LoRaWAN,
offers extensive flexibility for simulating complex, multi-
technology scenarios [37], [38]. Its ability to model physical
and higher-layer interactions makes it a powerful tool
for evaluating Adaptive Data Rate (ADR) mechanisms in
integrated environments. However, both FloRa and ns-3
face similar limitations due to the significant computational
resources required for simulating individual transmissions.
This makes them impractical for tasks requiring rapid
iterations, such as reinforcement learning training [9], [33],
[43], or for evaluating critical network performance metrics
like energy efficiency, communication reliability, and the
packet delivery rate.

LWN-Simulator [8] provides a LoRaWAN node sim-
ulator with a web interface that interacts with real or
simulated network infrastructures, such as ChirpStack. It
supports multiple device classes, MAC-layer procedures,
and ADR mechanisms, making it suitable for protocol-
level validation and functional experimentation. However,
its reliance on a full LoRaWAN backend and interactive
execution limits its suitability for fast, large-scale evaluation
of transmission parameter configurations. Similarly, LoRa-
MAB [55] employs Multi-Armed Bandit (MAB) algorithms
for decentralized resource allocation, enabling end devices to
make autonomous decisions. However, its design is tightly
focused on the evaluation of specific learning mechanisms
and resource allocation strategies, rather than on fast and
systematic exploration of transmission parameter config-
urations or large-scale analytical performance evaluation.
Other tools focus on very specific aspects of LoRaWAN
performance. For instance, the MATLAB-based simulator
presented in [20] evaluates learning-based spreading factor
selection under realistic physical-layer conditions. Although
it provides valuable insights for this specific problem, it
is tailored to a particular scenario and is not intended
for fast, large-scale evaluation of transmission parameter
configurations or overall network performance. Similarly,
the LoRa/Sigfox simulator presented in [4] focuses on
physical layer characteristics such as coverage, transmission
power constraints, and propagation effects in localized
environments, but does not address network-level behavior or
support scalable analysis of transmission strategies. Overall,
existing LoRaWAN simulators span awide spectrum, ranging
from detailed packet-level frameworks and protocol-oriented
tools to simulators tailored to specific mechanisms or layers
of the stack. While these approaches provide valuable
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insights for their respective purposes, they either incur
high computational cost or lack the flexibility required
for fast, large-scale exploration of transmission parameter
configurations and joint evaluation of reliability, interference,
and energy efficiency. FAST-LoRa is designed to fill this gap
by offering a lightweight analytical framework that enables
efficient and scalable evaluation of transmission parameters
in LoRaWAN networks.

III. FAST-LoRa SIMULATION FRAMEWORK
FAST-LoRa is a simulation framework designed to pro-
vide fast LoRaWAN network evaluations and find suitable
transmission parameters efficiently. Unlike traditional sim-
ulators that require high computational power to consider
numerous aspects and multiple layers of communication
protocols, FAST-LoRa adopts a statistical approach [23],
[60] that efficiently obtains network performance metrics,
such as the Packet Delivery Ratio (PDR) and Energy
Efficiency (EE). By exclusively focusing on the essential
aspects of transmission parameter selection, our approach
enables significantly faster simulations, making it particu-
larly suitable for adaptive transmission strategies, dynamic
parameter tuning, and network layout planning. Furthermore,
mechanisms that inherently require a large number of
iterations—such as multi-objective auto-tuning approaches
[29] or machine-learning techniques—would also benefit
from the reduced computational complexity and accelerated
convergence afforded by our methodology. This efficiency
is due to focusing on transmission-related metrics, replacing
packet-level interactionswith analyticalmodels. For instance,
FAST-LoRa supports a broad range of MAC-layer ADR
mechanisms that operate by adjusting the currently supported
transmission parameters and performance metrics. Due to
its modular design, users (e.g., researchers and developers)
can easily extend these tunable parameters and metrics
to integrate their own ADR algorithms and evaluate their
behavior in large-scale scenarios. This flexibility allows for
the exploration of a wide range of network configurations and
optimization of transmission strategies in a computationally
efficient manner. Furthermore, although FAST-LoRa has
been designed and validated for LoRaWAN networks, its
underlying statistical modeling principles could be extended
to other long-range IoT technologies with similar communi-
cation structures, provided that their key performance metrics
can be analytically modeled.

A. NETWORK MODEL
FAST-LoRa leverages a realistic analytical network model
to efficiently estimate key performance metrics. We consider
a LoRa network consisting of N end devices (EDs) and K
gateways (GWs). Each ED i is assigned a transmission power
pi ∈ P , a spreading factor fi ∈ F , and a coding rate (CR)
ri ∈ R. Regarding the network topology, we consider the star
topology typically used in LoRaWAN networks, where all
the EDs communicate with the gateways in coverage, which
are in turn interconnected through a central Network Server

FIGURE 1. Overview of FAST-LoRa architecture, including its main
components and dataflow. (1) Initialize network; (2) ADR algorithm,
generating transmissions considering interference and determining
transmission reliability and reception outcomes; (3) Failed receptions
trigger ADR backoff; (4) key performance metrics are recorded during and
at the end of the simulation.

(NS). The NS controls and optimizes the communication
between the end devices and the gateways. Although LoRa
networks support the simultaneous use of multiple channels,
cross-channel interference is generally negligible when the
frequency ranges of the channels do not overlap [59]. This
condition holds for most LoRaWAN channel plans defined by
the LoRa Alliance [12]. Consequently, FAST-LoRa focuses
on intra-channel interference. This results in a more efficient
simulation while still providing a realistic representation
of the network’s performance. To better illustrate how the
network components and the various mechanisms interact
within FAST-LoRa, an overview is presented in Figure 1.

B. TIME-ON-AIR MODEL
Time-on-air (Ti) is a key metric for evaluating performance,
particularly concerning interference and energy efficiency.
Time-on-air refers to the duration that a wireless transmission
occupies the communication medium, from the start of the
preamble until the end of the payload transmission. The time-
on-air required by ED i on a channel with bandwidth B using
a spreading factor of fi ∈ F and CR ri ∈ R for transmitting
a single LoRa packet with L bytes of payload can, according
to [48], be calculated as:

Ti = T pri + T
pl
i (1)

where Ti is the total time-on-air for ED i, consisting of
preamble time (T pri ) and payload transmission time (T pli ).
The time to transmit a single symbol (T symi ) can be calculated
as [48]:

T symi =
2fi

B
(2)

where fi is the spreading factor of ED i, andB is the bandwidth
of the channel. The time to transmit the LoRa preamble (T pri ),
where the number of preamble symbols npr is a fixed value,
can be calculated as follows [48]:

T pri = (npr + 4.25)T symi (3)

The time to transmit the payload (T pli ) is calculated as [48]:

T pli = npl T
sym
i (4)
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where npl is the number of symbols needed to encode the
payload information and is calculated as [48]:

npl = 8+max
(⌈

8L−4fi+28+16CRC−20H
4(fi−2DE)

⌉
(ri + 4), 0

)
(5)

where L is the payload size in bytes, CRC is 1 if the packet
contains a checksum and 0 otherwise, H is 0 if the packet
header is enabled and 1 otherwise, and DE is 1 if low data
rate optimization is enabled and 0 otherwise. In our approach,
the time-on-air calculations are specifically focused on uplink
messages where we model the transmission of packets
from EDs to GWs. Downlink messages are not explicitly
simulated, as LoRaWAN operation is typically dominated
by uplink traffic, particularly in best-effort IoT applications
relying on unconfirmed transmissions, a design choice that
improves scalability and limits downlink congestion [18],
[22], [30]. Moreover, downlink payloads are generally small
and the corresponding energy consumption in receptionmode
can be considered negligible [11]. This consideration is
typically sufficient to evaluate the performance of different
ADR algorithms, which primarily rely on uplink behavior [3],
[18], [31], [39], [60]. Regarding the decoding probability of
downlink messages, we assume that it is similar to their pre-
decessor uplink messages [21], as channel conditions remain
essentially unchanged within the time interval between them.
Consequently, if an uplink transmission is not decoded, the
associated downlink is also considered lost. This modeling
choice allows us to maintain scalability while still capturing
the dominant effects of downlink reliability.

C. TRANSMISSION RELIABILITY MODEL
In a LoRa network, transmission reliability can be determined
by two key factors: (i) the Received Signal Strength (RSS)
at the gateway must exceed its receiver sensitivity, and
(ii) the packet must not be corrupted by interference from
other end device transmissions [27]. The PDR represents
the probability that a packet from ED i is successfully
received by GW k , and it can be calculated as the product
of two probabilities: that the RSS is sufficient for successful
reception (ψik ) and that the packet is not corrupted by
interference (ζik ) [60]:

PDRik = ψik · ζik (6)

To calculate the probability that the RSS is sufficient for
reception (ψik ), we express the RSS as the difference between
a deterministic component zik and a random noise component
Nik , where RSSik = zik − Nik , with zik = pi − PL(d0) −
10γ log10

(
dik
d0

)
and Nik ∼ N (0, σ ), a Gaussian random

variable, representing the noise. In this paper, we consider
the log-distance path loss model since it is suitable for rural
and urban environments. It considers the transmission power,
distance between the end device and the gateway, and the
effects of signal attenuation due to fading. Using the log-
distance model, the RSS of a transmission can be calculated

as follows:

RSSik = pi − PL(d0)− 10γ log10(
dik
d0

)− Nσ (7)

where pi ∈ P is the transmission power setting of ED i;
PL(d0) is the mean path loss at a reference distance d0,
usually selected under line-of-sight (LoS) conditions; γ is
the path loss exponent, indicating how quickly the signal
attenuates in a particular environment; dik is the euclidean
distance between ED i and GW k; and Nσ is a Gaussian
random variable with a zero mean and standard deviation of
σ , reflecting the signal variation caused by shadow fading.
The probability that the RSS exceeds receiver sensitivity ηfi
for a given spreading factor fi is then calculated using the error
function (erf) as follows:

ψik = P(RSSik ≥ ηfi )

= P(Nik ≤ zik − ηfi ) =
1
2
+

1
2
erf(

zik − ηfi
√
2σ

) (8)

where ηfi describes the sensitivity of a receiving GW at
spreading factor fi, and erf denotes the Gauss error function.

D. INTERFERENCE MODEL
To accurately model the interference across transmissions,
we first calculate the likelihood of overlapping transmissions.
Given two EDs, i and j, the probability that ED j will
interfere with ED i is based on the time overlap of their
transmissions. We assume that the transmission from an
ED can be successfully recognized if at least the last five
preamble symbols are received without interference [18], as
shown in Figure 2.

FIGURE 2. Illustration of overlap and interference between two
transmissions A and B.

Therefore, the time interval during which ED j must not
transmit to avoid interfering with a transmission from ED i
can be calculated as:

T ′ij = Tj + Ti − (npr − 5)T symi (9)

where Tj and Ti are the transmission durations of EDs j and i,
respectively. With this, we calculate the probability that ED
j interferes with ED i, considering the exponential nature of
packet generation in the network [51], [60]:

hij = 1− e−λT
′
ij (10)

where λ is the mean packet generation rate.
When calculating the total interference probability, we

also need to take into account the modulation characteristics
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of LoRa. The robustness of LoRa modulation allows for
successful decoding even if the RSS is below the noise floor,
provided that the signal-to-interference ratio (SIR) is above
a certain threshold, which depends on the spreading factor
employed by transmissions from the affected ED i and the
interfering ED j [15], [56], [57]. Then, the probability that
the transmission from ED i will be corrupted by interference
from ED j is calculated as:

P(RSSik − RSSjk < ωfifj )

= P(Njk − Nik < ωfifj − (zik − zjk ))

=
1
2
+

1
2
erf

(
ωfifj − (zik − zjk )

2
√
2σ

)
(11)

where ωfifj is the signal-to-interference ratio threshold, and
erf is the Gauss error function, which can be applied
since both Njk and Nik are Gaussian random variables
N (0, σ ), combinable with another Gaussian random variable
N (0, 2σ ).
Considering all the end devices in a network, the prob-

ability that a packet from ED i received at GW k will not
be corrupted by transmissions from other end devices can be
calculated as:

ζik =
∏

j∈{1..N },i̸=j

(1− hij P(RSSik − RSSjk < ωfifj )) (12)

The modeling components described above play comple-
mentary roles in determining network performance during
the simulations. As illustrated in Fig. 1, the simulation
procedure follows four main steps. (1) The simulation starts
with the input parameters, including the transmission settings
(F , P) and the node positions (X , Y ). (2) These inputs
are used by the ADR mechanism to determine suitable
transmission parameters for each device. (3) In case of
connectivity losses, the ADR backoff mechanism is triggered
to adapt the parameters accordingly. (4) The resulting
configuration is then passed to the propagation, interference,
and reception models. Specifically, the propagation model
captures how signal power decreases with distance and is
affected by fading, shaping the probability that a transmission
is successfully received at each gateway. The interference
model accounts for temporal overlaps between transmissions
and the spreading factor, dependent SIR thresholds, deter-
mining whether a collision results in packet loss. Finally,
the reception model aggregates the decoding probabilities
across gateways, leveraging spatial diversity to estimate
network reliability. Together, these steps enable FAST-LoRa
to provide accurate performance estimates while maintaining
low computational complexity.

E. PERFORMANCE METRICS
Finally, the overall PDR of ED i can be calculated by
considering all the available gateways GW, and combining
the individual PDRs for each GW. As defined in Eq. (6), the
PDR between ED i and each GW k is given by the product of
the probabilities that the RSS will be sufficient for reception

(ψik ) and that the packet will not be corrupted by interference
(ζik ). Once these components are calculated for each pair
of EDs and GWs, the overall PDR for ED i is obtained by
combining the individual PDRs from each gateway using the
following equation:

PDRi = 1−
∏

k∈{1..K }

(1− PDRik ) (13)

This equation aggregates the individual PDRs from each
gateway, providing the overall probability that a packet from
ED i will be successfully received by at least one GW in the
network, considering the interference and signal quality at
each GW. It is possible to sample the RSS of an individual
packet transmission from end device i arriving at gateway k
as:

ˆRSSik =

{
RSSik if RSSik ≥ ηfi , with probability ζik
−∞ otherwise

(14)

where ˆRSSik represents the sampled RSS, which is calculated
as the RSS (including random signal attenuation by flat
fading) if it exceeds receiver sensitivity ηfi for the used
spreading factor and also considering possible corruption by
interference with transmissions from other end devices ζik .
AnRSS of−∞ indicates that the packet has not been decoded
successfully in the chosen sample.

Similarly, the Signal-to-Noise Ratio (SNR) and Energy
Efficiency (EE) are two crucial metrics that impact trans-
mission performance. The SNR determines the quality of the
received signal at the GW, which influences the likelihood
of successful demodulation, while EE reflects the efficiency
of energy consumed during data transmission. The SNR of
a transmission from ED i arriving at GW k can generally be
calculated as:

SNRik = RSSik − Pnoise (15)

where Pnoise represents the noise floor in dBm. LoRa’s
modulation allows for successful demodulation even when
the RSS is below the noise floor, depending on the spreading
factor used [24], [25], [42], [52]. Theminimum SNR required
for successful demodulation for each spreading factor (f ) is
listed in Table 1.

TABLE 1. Minimum SNR for successful demodulation.

Many algorithms designed for selecting transmission
parameters rely on the SNR of packet transmissions to deter-
mine optimal settings [24], [25], [42], [52]. Given that the
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presented simulation model uses RSS to assess transmission
success or failure, it is important for the calculated SNR to
exceed the minimum threshold for successful transmissions
and fall below this threshold for failed transmissions if
such SNR-based algorithms are to be evaluated using the
simulation framework. Consequently the SNR of a sampled
transmission from ED i arriving at GW k is approximated as:

ˆSNRik = ˆRSSik −
1
|F |

∑
f ∈F

(ηf + SNRminf ) (16)

Finally, we define the Energy Efficiency (EE) of ED i as the
number of payload bits successfully transmitted per amount
of energy consumed by the ED. EE can be calculated as
follows:

EEi =
8L · PDRi
epi Ti

(17)

where L is the number of payload bytes, Ti is the time
required for transmitting a single packet, and epi is the power
consumption expressed in mW using a transmission power
setting pi ∈ P .

F. NETWORK CONFIGURATION AND RESULTS
The analytical model described above forms the core
of FAST-LoRa, enabling us to accurately model network
behavior. To enhance FAST-LoRa’s efficiency, we extend
these equations to matrix operations, permitting faster
computations, especially in large-scale network simulations.
Based on these operations, we define the required inputs for
FAST-LoRa, such as network configuration, and determine
the simulation outputs, including key performance metrics.
The simulation model, which includes N end devices and K
gateways, operates with the following input parameters:
• X ⊂ RN×2: Positions of end devices as 2-dimensional
coordinates.

• Y ⊂ RK×2: Positions of gateways as 2-dimensional
coordinates.

• F ⊂ FN : Assigned spreading factors for end devices.
• P ⊂ PN : Assigned transmission power settings for end
devices.

Other network configuration settings, such as the coding
rate, channel bandwidth, and packet generation rate, are
considered scalar values shared across all the end devices
within the simulated network. However, they could be readily
tuned to optimize the time-on-air computation in future works
to broaden the range of supported configurations. Moreover,
frequency channel allocation could also be modeled by
extending the interference model to account for channel-
dependent collisions and transmission distribution across
multiple frequencies.

FAST-LoRa produces the followingmetrics and simulation
results:
• RSS ⊂ RN×K : The expected RSS of transmissions from
every end device at each gateway measured in dBm
(ignoring signal attenuation due to flat fading).

• ˆRSS ⊂ (R ∪ {−∞})N×K : The sampled RSS of trans-
missions from every end device at each gateway mea-
sured in dBm (considering signal attenuation, receiver
sensitivity, and potential transmission corruption due to
interference).

• ˆSNR ⊂ (R ∪ {−∞})N×K : The sampled SNR of
transmissions from every end device at each gateway
measured in dB.

• PDRGW ⊂ [0, 1]N×K : The Packet Delivery Ratio (PDR)
of each end device to each gateway.

• PDR ⊂ [0, 1]N : The overall PDR of each end device
considering all the available gateways.

• EE ⊂ RN : The energy efficiency of each end device
measured in bits/mJ.

G. ADR AND BACKOFF MECHANISMS
FAST-LoRa includes the ADR and backoff mechanisms
proposed by Semtech [46], [49], standard LoRaWAN pro-
cedures, and commonly used in scientific research as a
comparison baseline. We have reproduced the logic of
the Semtech ADR in our implementation, as detailed in
Algorithm 1, and integrated the backoff variant described
in Algorithm 2. Note that we explicitly present these
algorithms in the manuscript to clearly state the exact
procedures used in FAST-LoRa. This choice is motivated by
the observation that implementations of these mechanisms
often vary across papers and datasheets, leading to potential
ambiguities. By including the algorithms explicitly, we
ensure clarity, reproducibility, and consistency with the
specification.

1) ADR
In the default ADR mechanism, a message buffer stores
the maximum of the packet transmissions’ SNRs across all
gateways. Once the buffer is full, a link margin depending on
the maximum SNR in the buffer and the currently assigned
spreading factor is determined and a number of steps to
execute are calculated (where the truncate function retains
the integer part of a floating point value). Depending on the
number of calculated steps to execute, the spreading factor
and transmission power settings are adjusted.

2) ADR BACKOFF
We have also implemented the ADR backoff mechanism to
handle communication losses, e.g., caused by the selection
of inadequate transmission parameters. Upon initialization,
a counter nADR_ACK_CNT is set to 0. This counter is
increased whenever the end device attempts an uplink
transmission (lines 7-9). Alternatively, after nADR_ACK_LIMIT
uplink transmissions have been attempted without receiving
new transmission parameters, the end device actively requests
transmission parameters (lines 10-14). If the network server
receives an uplink transmission including such a request,
it will reconfirm the current transmission settings with a
downlink transmission (assumed to arrive at the end device),
resetting the counter to 0. If transmissions still do not

33524 VOLUME 14, 2026



L. Acosta-García et al.: FAST-LoRa: Efficient Simulation Framework for Evaluating LoRaWAN Networks

Algorithm 1 ADR
Require: F , P , η

1: procedure init
2: initialize measurement bufferM of size 20
3: end procedure

4: procedure add_measurement( ˆSNR, f , p)

5: M
push
←−− max ˆSNR

6: ifM is full then
7: SNRmax ← maxM
8: SNRmargin← SNRmax − ηf − 10
9: n← truncate( SNRmargin3 )
10: while n > 0 and f > minF do
11: f ← f − 1
12: n← n− 1
13: end while
14: while n > 0 and p > minP do
15: p← p− 2
16: n← n− 1
17: end while
18: while n < 0 and p < maxP do
19: p← p+ 2
20: n← n+ 1
21: end while
22: yield (f , p)
23: M

clear
←−−− ∅

24: end if
25: end procedure

26: procedure reset
27: M

clear
←−−− ∅

28: end procedure

arrive at any gateway, after further nADR_ACK_DELAY uplink
transmissions, the transmission power will be set to the
allowed maximum (lines 15-25). Finally, after every further
nADR_ACK_DELAY transmission, the spreading factor will be
increased by one step, up to the possible maximum.

H. IMPLEMENTATION
FAST-LoRa has been implemented leveraging matrix oper-
ations using the well-known NumPy1 library, efficiently
applying caching techniques to avoid redundant calculations.
The source code of FAST-LoRa and the default ADR and
backoff mechanisms have been made publicly available
[2] as a fully open-source Python package. This not only
ensures transparency and reproducibility but also permits
seamless integration with common libraries that can be used
to optimize LoRa networks [1], [5], [6], [7].

1https://numpy.org/

Algorithm 2 ADR Backoff
Require:

θ = (nADR_ACK_LIMIT , nADR_ACK_DELAY ,F ,P)

1: procedure init(θ ) ▷ Initialization
2: nACK_CNT ← 0
3: end procedure

4: procedure update ▷ No response received
5: nACK_CNT ← nACK_CNT + 1
6: end procedure

7: procedure reset_on_receive ▷ Reset, upon receiving
ADR

8: nACK_CNT ← 0
9: end procedure

10: procedure reset_on_request ▷ Reset, with requesting
ADR

11: if nACK_CNT > nADR_ACK_LIMIT then
12: nACK_CNT ← 0
13: end if
14: end procedure

15: procedure recover(fcurrent , pcurrent ) ▷ Adjust
transmission parameters

16: fnew← fcurrent
17: pnew← pcurrent
18: if nADR_ACK_CNT = nADR_ACK_LIMIT +

nADR_ACK_DELAY then
19: pnew← max(P)
20: else if nADR_ACK_CNT > nADR_ACK_LIMIT +

nADR_ACK_DELAY then
21: if nADR_ACK_CNT − nADR_ACK_LIMIT ≡

0 (mod nADR_ACK_DELAY ) then
22: fnew← min(fcurrent + 1,max(F))
23: end if
24: end if
25: return fnew, pnew
26: end procedure

IV. EVALUATION SETUP
This section describes the configuration setup to be eval-
uated, detailing the baselines used, network configuration,
performance metrics, and evaluation scenarios. During this
evaluation, we focus on congested multi-gateway networks
to cover all the aspects of the analytical model behind
FAST-LoRa (e.g., interference among EDs). We simulate
different distances between EDs and GWs to verify the
correct calculation of signal strength combined with receiver
sensitivity. In this evaluation, we assume homogeneous
receiver sensitivities across all the devices in the net-
work, meaning all EDs have the same sensitivity, power
consumption, and transmission settings, as is common in
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other simulators [18], [37], [51]. While FAST-LoRa allows
these parameters to be configured on a per-device basis,
a homogeneous configuration is adopted here to improve
clarity, reproducibility, and interpretability of the results.
Furthermore, by simulating a large number of EDs, we ensure
correct interference calculations. Including multiple active
GWs within a network allows us to verify the accuracy
of reception calculations at the network server level. The
network parameters selected for the validation process are
listed in Table 2. All simulations have been conducted on an
Intel Core i5-8265U processor with 8 GB of RAM.

A. METRICS
To evaluate FAST-LoRa, we employ key performance
metrics, such as the Packet Delivery Ratio (PDR) and
Energy Efficiency (EE). The PDR is defined as the ratio of
successfully received packets to the total number of packets
transmitted by ED i:

PDRi =
nrxi
ntxi

(18)

where nrxi is the number of packets received by any gateway in
the network, and ntxi is the total number of packets transmitted
by ED i. Similarly, EE is defined as the number of payload
bits successfully transmitted per unit of energy consumed by
the ED, as shown in Eq. (17).

B. BASELINES
FAST-LoRa correctness and accuracy are validated using
FloRa, a well-known discrete event-based simulation frame-
work for LoRa networks [51]. We selected FLoRa as our
baseline because it is one of the most widely adopted
packet-level simulators for LoRaWAN, providing a verified
and strong reference for validating the accuracy of our
simulator [13], [14], [32]. It should be highlighted that
our goal is not to perform a systematic performance
comparison, but rather to prove that FAST-LoRa produces
correct and consistent results. While simulator performance
is indeed important, it depends heavily on the fidelity
of the modeled communication layers and the abstraction
level adopted (e.g., physical, link, transport, or application).
As such, performance comparisons are inherently tied to
specific scenarios and research goals, making a general
benchmarking study beyond the scope of this paper. Due
to the heterogeneity of modeling assumptions and opti-
mization strategies across simulators, such a comparison
represents a substantial research effort of its own. To
keep the scope focused, we restricted our validation to
FLoRa and showed that FAST-LoRa achieves comparable
accuracy.

To achieve a fair comparison, we carefully reviewed the
implementation of FloRa and appropriately configured the
random packet generation and energy consumption calcula-
tions. FloRa models the time between ED packet generation
using an exponential distribution. To maintain compatibility
with the underlying simulation framework, constraints were

TABLE 2. Network parameters employed during the evaluation [18], [47],
[51].

introduced for different spreading factors to prevent potential
runtime errors [51]. As a result, these constraints cause the
time between packet generations to deviate from a strictly
exponential distribution. These constraints are only required
in edge cases, and the simulation framework generally allows
shorter delays without issues. Since the assumption of an
exponential inter-arrival time is essential to accurately model
interference probability, we opted to disable the original
constraints while implementing an error-handlingmechanism
to manage the exceptional cases where constraints were
required.

In this work, FAST-LoRa focuses on energy consump-
tion analysis and calculation of energy consumption in
uplink packets. FloRa estimates energy consumption using
predefined table values without a specified data source.
Upon review, we observed that some transmission power
levels were assigned identical consumption values (e.g.,
24 mA for 2–4 dBm, 25 mA for 5–8 dBm), which deviates
from experimentally measured values [34]. To improve
the accuracy of the validation process, we set the power
consumption values to better reflect the measured data.

V. PERFORMANCE EVALUATION RESULTS
This section describes the experimental scenarios used for
validating FAST-LoRa and the methodology applied to
carry out the experiments. The evaluation is designed to
assess both the accuracy and the computational efficiency
of FAST-LoRa through a set of complementary scenarios
that progressively increase in complexity. First, a simple end
device–gateway scenario is considered to directly validate
the reliability model under controlled conditions without
interference. Second, the evaluation is extended to dense
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TABLE 3. Signal-to-interference ratio thresholds ωfi fj
in dB for successful

transmission decoding [15], [51], [56], [57].

and more realistic network configurations with multiple
end devices and gateways, where interference effects and
multi-gateway reception are explicitly exercised. Finally, a
computational performance analysis is conducted to quantify
the scalability of FAST-LoRa as the network size increases.

A. END DEVICE TO GATEWAY COMMUNICATION
In the first experiment, we validated the basic functionality of
FAST-LoRa by comparing the PDR and EE calculations for
a network with only one end device and one gateway. This
extremely simplified setup allows for a direct comparison
of FAST-LoRa and FloRa performance in a controlled
environment. The experiment was conducted by varying the
ED-GW distance, considering values of 20, 50, and 100 m.
The spreading factors and transmission power values were
configured according to the values specified in Table 2.
This setup allowed us to test the impact of these parameters
on the PDR and EE performance metrics. The simulations
were run for 120 hours using FLoRa, while FAST-LoRa
computed the metrics without the need to simulate individual
packets due to the statistical nature of its underlying
mathematical model. In FloRa, ADR mechanisms were
disabled to maintain the initially configured spreading factor
and transmission power settings throughout the simulation.
The results were then compared to assess the accuracy
and efficiency of FAST-LoRa, directly comparing it with
FLoRa.

The results of this comparison are illustrated in Fig. 3
and Fig. 4. The behavior of the PDR and EE for different
values of spreading factor (f ) and transmission power (p)
are shown in Fig. 3. In the first plot, where the PDR is
shown as a function of f , both FAST-LoRa and FLoRa
exhibit similar performance, and the PDR increases with
higher spreading factors. This behavior is expected, as a
higher spreading factor leads to better reception, albeit at
the cost of longer transmission times. The accuracy of
FAST-LoRa’s PDR calculations is confirmed, with results
closely matching those of FLoRa. In the second plot,
where the PDR is plotted as a function of p, both models
show that increasing transmission power improves the PDR.
However, FAST-LoRa computes these values significantly
faster, providing near-instantaneous results compared to

FLoRa’s more computationally expensive approach, which
requires simulating each packet. This will be further and
quantitatively analyzed in Section V-C. The third plot, which
depicts EE as a function of f , shows that EE decreases
with higher spreading factors, as expected due to longer
transmission times. FAST-LoRa produces results comparable
to FLoRa but much more efficiently, confirming the model’s
ability to calculate energy efficiency quickly and accurately.
Finally, in the fourth plot, where EE is shown as a function
of p, we observe that EE decreases as transmission power
increases, which aligns with the expected behavior of a
real-world system. FAST-LoRa handles this calculation in a
fraction of the time that FLoRa requires, further highlighting
its suitability for rapid simulations and network evaluations.
The results shown in Fig. 4 provide the same analysis
as Fig. 3 but consider the average values across different
transmission powers as a function of the distance. The
first plot illustrates how the PDR decreases with increasing
distance, with FAST-LoRa and FLoRa following similar
trends. The second plot presents EE behavior across different
distances, confirming the expected decline as distance
increases. As observed previously, FAST-LoRa provides
results comparable to FLoRa but with significantly reduced
computation time, making it highly suitable for large-scale
simulations.

To assess the simulation and accuracy quality of
FAST-LoRa, two key error metrics were employed: the
Mean Absolute Error (MAE) and the Standard Deviation
of Error (SDE). These metrics help quantify how well
FAST-LoRa approximates the performance metrics obtained
from FLoRa simulations. First, we present the results
from Table 4, showing the MAE and SDE values for the
PDR and EE under different spreading factor (f ) settings.
This table calculates the MAE and SDE by averaging
the results over the different transmission power values
considered in this work. In this table, we observe how
the performance of FAST-LoRa compares to FLoRa as the
spreading factor is varied for different ED-GW distances.
For example, at a distance of 20 meters, the MAE for the
PDR significantly decreases as the spreading factor increases,
reaching zero values at f =12. This suggests that the PDR
of FAST-LoRa becomes more accurate as the spreading
factor increases. Similarly, the MAE for EE follows the
same trend, with fewer errors at higher spreading factor
values. The SDE values show similar behavior, with low
values indicating that the error is consistent and stable
across different spreading factor settings. However, when
the ED-GW distance increases, we notice a corresponding
increase in the MAE values for the PDR and EE. This
is expected because as the distance increases, the signal
strength diminishes, leading to greater variability in the
performance metrics. Despite this, the MAE and SDE still
show a clear trend where higher spreading factor values
continue to improve the accuracy of the calculations, albeit
with slightly larger errors at longer distances. In summary,
Table 4 demonstrates that as the ED-GW distance increases,
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FIGURE 3. Comparison of the PDR and EE obtained with FloRa and FAST-LoRa considering different values of f (a, b) and different values of p (c, d) for an
ED-GW distance of 50 m.

FIGURE 4. Comparison of the PDR (a) and EE (b) of FLoRa and FAST-LoRa as a function of ED-GW distance for different values of f .

FAST-LoRa becomes slightly less accurate, but the general
trend remains that higher spreading factor values improve
the MAE and SDE, indicating that FAST-LoRa is still able
to provide consistent and reliable results under varying
conditions.

Table 5 presents the MAE and SDE for the PDR and
EE with varying transmission power (p) settings. Like the
previous table, these values are averaged over different
spreading factor settings. This table provides insights into
how transmission power affects FAST-LoRa accuracy and
consistency of FAST-LoRa performance. For the PDRmetric,
the MAE decreases as p increases, which is expected, as
higher transmission power typically leads to better signal
reception and, consequently, more accurate predictions. At a
distance of 20 meters, for instance, the MAE for the PDR
approaches zero as the p increases, showing that the model
is increasingly accurate with higher transmission power
settings. The SDE values for the PDR also decrease, further
indicating that FAST-LoRa provides stable and consistent
results across different transmission power levels. However,
as the ED-GW distance increases (e.g., at 50 or 100 meters),
we notice that the MAE for the PDR begins to rise. This
is expected because, as distance increases, signal strength
diminishes, leading to varying network performance and less
accurate values. Even so, theMAE for the PDR still decreases
with higher transmission power values, indicating that
increasing transmission power helps mitigate the effects of
increased distance and signal degradation. Similarly, the SDE
values increase slightly with distance, reflecting a greater
variability in the computed PDR values as distance grows.

However, they remain relatively low for higher transmission
power values. For EE, a similar behavior is observed. The
MAE decreases as the transmission power increases, and
the SDE values remain relatively low, reflecting the model’s
reliability in predicting energy efficiency across different
transmission power settings. As with the PDR, at greater
distances (e.g., at 100 meters), the MAE for EE is slightly
higher, but the increase is not as pronounced as for the PDR.
At higher transmission power values (e.g., p=16), both the
PDR and EE values from FAST-LoRa are very close to the
FLoRa results, confirming the robustness of FAST-LoRa in
accurately estimating network performance, even as both
transmission power and distance vary.

B. REALISTIC DENSE NETWORKS
In the second validation step, we extended the evaluation
to a more complex network scenario involving multiple end
devices (EDs) and gateways (GWs) to assess FAST-LoRa’s
performance in a real-world-like network with interference
and reception calculations. In this setup, different network
configurations were simulated, considering 10, 50, 100,
and 500 EDs, along with 1 to 4 GWs, to evaluate how
well FAST-LoRa handles interference and reception when
combining data from multiple gateways. For each combi-
nation of end devices and gateways, a total of 5 network
configurations were generated to ensure randomness without
introducing unintentional bias. The spreading factor and
transmission power settings were randomly assigned to the
end devices, sampled from all possible configurations (as

33528 VOLUME 14, 2026



L. Acosta-García et al.: FAST-LoRa: Efficient Simulation Framework for Evaluating LoRaWAN Networks

TABLE 4. MAE and SDE values for PDR and EE across different spreading
factor (f ) settings. The results are averaged over different transmission
power (p) configurations and ED-GW distances between the ED and GW.

shown in Table 2), ensuring broad coverage of different
network configurations. Additionally, the positions of the
end devices were randomly assigned by sampling x- and
y-coordinates from a uniform distribution, limiting both
coordinates between 0 m and 1000 m. This resulted in diverse
network topologies, as seen in Fig. 5, where the gateways are
represented in orange and the end devices in black.

In this scenario, both FAST-LoRa and FLoRa were used
to calculate the PDR and EE for each end device. The
FLoRa simulations ran for 5 days, simulating approximately
432 packet transmissions per ED using the parameters
specified in Table 2, resulting in minor statistical fluctuations
that were considered acceptable for validation purposes.
ADR mechanisms were disabled to ensure that the initially
assigned spreading factor and transmission power settings
were maintained throughout the simulations. Due to the
statistical nature of FAST-LoRa, it calculated the PDR and
EE through faster simulations, avoiding the need for packet-
based simulations. The MAE and SDE of the PDR and EE
were calculated across all EDs and simulations for each
network configuration, and the results are presented in Table 6
and Table 7, respectively. From Table 6, we can observe
that as the number of gateways and end devices increases,
the MAE and SDE tend to rise slightly. As we increase
the number of end devices and gateways, the MAE for the
PDR shows slight increases, reaching a value of 1.044×10−2

for the MAE and 1.579×10−2 for the SDE in networks

TABLE 5. MAE and SDE values for the PDR and EE with varying
transmission power (p) settings. The results are averaged over different
spreading factor (f ) configurations and ED-GW distances.

with 500 EDs and 4 GWs. Despite this increase, both error
metrics remain within an acceptable range, which reflects
that FAST-LoRa’s PDR values are accurate in complex
network configurations. Overall, FAST-LoRa’s PDR results
have an average MAE of 0.940×10−2 and an average SDE
of 1.498×10−2 across all network configurations. Similarly,
Table 7 shows the MAE and SDE values for EE, with the
trend being quite similar to that observed for the PDR. Both
the MAE and SDE for EE are small across all network
configurations, with an averageMAE of 0.038 bits/mJ and an
average SDE of 0.068 bits/mJ, demonstrating the consistency
of FAST-LoRa’s EE calculations. Even with higher network
sizes, the error remains low, with slight increases in the
MAE and SDE as network complexity grows. For instance,
in networks with 500 EDs and 4 GWs, the MAE increases
slightly to 0.055 bits/mJ and the SDE to 0.078 bits/mJ.
In conclusion, Table 6 and Table 7 show the accuracy
of FAST-LoRa and the consistency of the results across
different network configurations, with MAE and SDE values
remaining low enough to be considered reliable for practical
use in transmission parameter optimization. These results
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FIGURE 5. Different network configurations including end devices (black
points) and gateways (orange crosses) within the 1 × 1 km area used for
evaluation.

TABLE 6. MAE (×10−2) and SDE (in brackets) values for the PDR
calculated across all EDs and network configurations, with varying
numbers of EDs and GWs.

TABLE 7. MAE and SDE (in brackets) values for EE [bits/mJ] calculated
across all EDs and network configurations, with varying numbers of EDs
and GWs.

confirm that FAST-LoRa is capable of providing efficient and
precise PDR and EE values, even in complex and large-scale
networks.

C. COMPUTATIONAL PERFORMANCE
After evaluating the performance of both approaches in
terms of network-related metrics, this section focuses on
the computational performance of FloRa and FAST-LoRa.
Specifically, we compare their times when simulating net-
works with increasing numbers of end devices and gateways,
to assess the computational cost and scalability of each frame-
work. As Figure 6 shows, FAST-LoRa consistently achieves
significantly lower simulation times than FloRa across all
network sizes. For instance, with only 10 EDs, FAST-LoRa
completes a simulation in approximately 0.6 milliseconds,
while FloRa takes over 15 seconds. This gap becomes even
more pronounced as the network grows: with 200 EDs, the
scenario with the highest end device density evaluated, FloRa

FIGURE 6. Comparison of the average execution time of FloRa and
FAST-LoRa as the number of end devices increases. Results are averaged
over simulations with 1 to 5 gateways and shown on a logarithmic scale.

exceeds 5 minutes, whereas FAST-LoRa remains under
8 milliseconds. This results in an acceleration of up to three
orders of magnitude in favor of FAST-LoRa. This significant
improvement is mainly due to FAST-LoRa’s core design,
which relies on an analytical model that obtains network
performance metrics without the computational burden
associated with simulating complex network behaviors that
are not directly relevant to transmission parameter selection.

VI. CONCLUSION
In this work, we introduce FAST-LoRa, an efficient sim-
ulation framework designed to enable the fast and effi-
cient optimization of transmission parameters in LoRaWAN
networks. This is achieved through a statistical approach
that focuses on computing core performance metrics rather
than explicitly modeling multiple layers of communica-
tion protocols. To this end, packet-level interactions are
replaced with analytical models, and gateway receptions are
computed through matrix-based operations. By abstracting
low-level protocol details, FAST-LoRa significantly reduces
computational complexity, making it well suited for effi-
cient exploration of transmission parameter configurations
in large-scale LoRaWAN networks. Moreover, the FAST-
LoRa framework, together with all experiments and results
presented in this work, is publicly available, ensuring full
reproducibility. Our evaluation demonstrates that FAST-
LoRa achieves comparable accuracy to the well-established
FLoRa simulator, with a Mean Absolute Error (MAE)
of 0.940 ×10−2 for the Packet Delivery Ratio (PDR)
and 0.040 bits/mJ for Energy Efficiency (EE) in complex
scenarios with interference and multi-gateway reception.
Moreover, in terms of computational performance, FAST-
LoRa completes simulations in a fraction of the time required
by FloRa. In future work, we will focus on extending the
framework to support a more comprehensive analysis of
LoRaWAN networks. In particular, we plan to incorporate
additional transmission parameters (e.g., bandwidth, coding
rate, and frequency channels) and to exploit FAST-LoRa for
large-scale studies such as gateway placement and network
layout optimization. We will also include complementary
validation with other simulation tools or real traces as
a natural extension to further assess the generality and
robustness of the framework.
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