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ELECTRICAL AND ELECTRONIC ENGINEERING | RESEARCH ARTICLE      

Optimizing LoRaWAN throughput in maritime environments through 
adaptive coding and modulation in Rayleigh fading channels

Martine Lyimo , Bonny Mgawe , Judith Leo , Mussa Dida and Kisangiri Michael 

School of Computational and Communication Science and Engineering, The Nelson Mandela African Institution of Science 
and Technology, Arusha, Tanzania 

ABSTRACT 
This article proposes an Adaptive Coding and Modulation (ACM) scheme to improve 
the throughput of Long-Range Wide Area Network (LoRaWAN) in a maritime environ
ment where wireless communication faces severe challenges from multipath propaga
tion, interference, and Rayleigh fading. Unlike conventional LoRaWAN systems that 
use fixed physical layer configurations, dynamic adjustment of spreading factor (SF), 
coding rate (CR), and bandwidth (BW), according to channel conditions based on real- 
time Signal-to-Noise Ratio (SNR), is another solution to respond to communication 
challenges in the maritime environment. Simulations using a Rayleigh fading model 
with six different configuration levels demonstrate that the proposed ACM can 
achieve a gain of up to 103 times the throughput improvement compared to fixed 
SF7 under low SNR conditions while maintaining link reliability. This work establishes 
the foundation for implementing efficient and reliable LoRaWAN networks in maritime 
Internet of Things (IoT) applications.
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1. Introduction

Wireless signal transmission in the systems is disturbed by path loss, fading, noise, and interference. 
These degradations are even more significant in an open maritime environment, which includes multi
path reflections and time-varying channel conditions, resulting in poor signal quality and degraded link 
reliability (Xylouris et al., 2024). While maritime IoT use cases pose unique communication challenges, 
they are particularly well-suited for environmental sensing, offshore facility management, and related 
applications (Durlik et al., 2023). Most of these applications require an end-to-end link that can with
stand varying maritime environment conditions (Liu et al., 2023). Traditional fixed-parameter techniques 
are not able to offer stable results in different maritime environment cases, from calm seas with a clear 
Line of Sight (LoS) to bad weather and a strong multipath environment (Pinelo et al., 2023).

LoRaWAN, a common LPWAN protocol, enables long-range, low-power, and reliable communication 
through Chirp Spread Spectrum (CSS) modulation and the physical layer (PHY) (Maleki et al., 2024). Most 
of the LoRaWAN deployments work with static physical layer configurations like fixed SF, CR, and BW. 
This static characterization restricts adaptability and can adversely affect throughput as well as link 
robustness, particularly under fading conditions that occur frequently in maritime environments 
(Ruotsalainen et al., 2022).

Although the standard LoRaWAN Adaptive Data Rate (ADR) allows some parameter adaptation, it 
mainly addresses SF adaptation according to long-term network statistics, which is not applicable in 
dynamic maritime environments (Al-Sammak et al., 2025). The proposed approach differs from fixed 
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configuration as it performs full SF, CR and BW adaptation as a function of real-time per-channel feed
back, which allows it to react much faster to variations in the channel. In contrast to recent machine 
learning (ML) driven techniques, which need a large amount of training data and computation resources 
(Maurya et al., 2025), the proposed SNR-based method provides an efficient solution that can easily be 
embedded into resource-constrained IoT devices.

LoS is commonly encountered in wireless communication, but for practical situations, such as near- 
shore systems, low height of the antenna, and unfavourable weather, multipath fading could be quite 
severe. To fairly model these worst-case scenarios, Rayleigh fading is usually applied since it can be used 
to model the multipath environment where there is no direct LoS (Haq et al., 2025).

The proposed ACM technique is optimized for slowly varying Rayleigh channels, such as those that 
can be experienced in maritime sites. It makes use of channel estimation at the receiver to aid the adap
tation at the transmission level; hence, it can achieve good efficiency and adaptability in radio resource 
utilization. Based on the context, this article evaluates the benefit of ACM configuration over the fixed 
configuration under various SNR scenarios.

1.1. Problem formulation

Maritime environments present significant wireless communication challenges due to multipath propa
gation, interference, and Rayleigh fading (Xylouris et al., 2024; Pinelo et al., 2023). In marine wireless 
communications, radio signals are greatly attenuated and scattered by weather conditions, such as rain, 
fog, and wind, especially for long-range maritime links (Li et al., 2023; Wang et al., 2023). The multipath 
effect also occurs at the surface of the sea, caused by reflections from the sea surface, waves, and ves
sels, resulting in delayed and interfering signal replicas, which corrupt the reception and introduce sym
bol interference (Alqurashi et al., 2022). These effects combine to contribute to the Rayleigh fading 
effects, where the received signal strength varies rapidly in amplitude and phase due to the absence of 
a strong LoS component, making connections at sea challenging to maintain (Cheng and Wang, 2025). 
These conditions severely affect LoRaWAN performance under fixed configurations (Liu et al., 2023) and 
multiple transmission sources all contribute to signal fading and instability in maritime wireless commu
nication systems. The main propagation impairments in maritime wireless communication, including 
multipath fading, reflection, and shadowing, are illustrated in Figure 1 (Lyimo et al., 2026).

This work addresses the challenge of maintaining reliable communication while optimizing through
put in changing maritime conditions. The goal is to improve LoRaWAN throughput in maritime environ
ments by using adaptive configuration techniques. This optimization is achieved through the following 
methodology;

� Define a collection of discrete PHY levels using different (SF, CR, BW) pairs.
� Performance simulation of Packet Error Rate (PER) for each PHY level under Rayleigh fading.
� Include the frame retransmissions and calculate the effective throughput for different scenarios.
� Simulation of the developed SNR-based ACM algorithm and comparison with static configurations 

and ADR/ADR-Enhanced.

1.2. Research contributions

The most important contribution of this article to the literature on maritime wireless communication 
and LoRaWAN performance analysis can be summarized as follows:

� It proposes an adaptive coding and modulation ACM strategy for LoRaWAN to choose the best per
formance SF, CR and BW values through real-time SNR feedback applied for marine channel 
conditions.

� It provides an extensive simulation environment that accounts for Rayleigh fading, LoRa PHY specif
ics, and a stop-and-wait feedback mechanism to emulate practical maritime communication 
scenarios.
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� The scheme is shown to outperform a counterpart with fixed parameters through a quantitative per
formance evaluation based on Monte Carlo simulations, with throughput gains of up to 1000� at 
low SNR.

� It evaluates the energy and spectral efficiency performance of the ACM scheme in a wide SNR range. 
It demonstrates that ACM performs well for both power and bandwidth-limited maritime IoT.

� It compares the proposed method systematically against some fixed and adaptive algorithms (ADR/ 
ADR-Enhanced) and concludes its suitability to dynamic and interference-rich marine environments.

The rest of the article is organized as follows, where Section 2 is about related work on LoRaWAN adap
tation in the maritime environment. The methodology is explained in Section 3, including the system 
model, simulation framework, and SNR-based ACM algorithm. Section 4 reports the results and discus
sion on the findings from simulations. Section 5 discusses future work, and the article is concluded in 
Section 6.

2. Literature review

Although there have been several studies about LoRaWAN in a maritime environment, little attention 
has been given to the need for dynamic adaptation. For instance, Li et al. (Li et al., 2024) created a 
LoRa-based maritime positioning system using fixed parameters, which meant it couldn’t adapt to 
changing conditions at sea. Similarly, Li et al. (Li et al., 2023) focused on modelling the ship-to-ship 
channel in different maritime conditions but did not deploy adaptive schemes to adapt to such 
changes.

Parri et al. (Parri et al., 2019) achieved long-distance maritime transmission with fixed parameters and 
dedicated antennas. Still, their method could not adjust to the change of weather or minimum power 
usage for different environments. Due to their fixed CR (4/5) and SFs, they provided more limited oppor
tunities to improve performance in challenging conditions.

Researchers have also used adaptive methods, but not specifically for maritime applications. Teymuri 
et al. (Teymuri et al., 2023) designed LoRaWAN adaptation in urban areas with reinforcement learning, 
and Farhad et al. (Farhad et al., 2020) presented the G-ADR algorithm for improving the mobile 
LoRaWAN. However, these solutions are not tailored to the specific challenges of maritime 
environments.

Figure 1. Propagation impairments in maritime wireless communication (Lyimo et al., 2026).
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Guerra et al. (Guerra et al., 2024), looked at how weather impacts LoRaWAN and created models to 
predict signal strength from different weather factors. They did not, however, use any adaptive configu
rations to adjust the system based on these predictions. Pensieri et al. (Pensieri et al., 2021) presented 
very useful real-world evidence of long-range maritime LoRa transmissions. Still, they depended on gen
eral ADR schemes that mainly provide parameter adaptation according to the long-term statistics and 
consider mainly the SF adaptation rather than exploiting special maritime adaptations.

Recent studies increasingly explore learning-based optimization for LoRa/LoRaWAN and maritime IoT 
systems to improve reliability, energy efficiency, and latency under dynamic conditions. For example, 
multi-armed bandit and reinforcement-learning approaches have been proposed to enhance LoRaWAN 
parameter selection beyond the rule-based ADR mechanism, aiming to improve energy efficiency and 
packet delivery in changing environments (Almarzoqi et al., 2022). Deep learning–based ADR mecha
nisms have also been proposed to improve reliability while maintaining low power consumption in 
dense and dynamic networks (Leonardi et al., 2025). In parallel, maritime edge computing and task off
loading frameworks, such as VESBELT, address energy–latency trade-offs in Maritime IoT, highlighting 
the broader trend toward adaptive, intelligent optimization in marine networks (Ghoshal et al., 2024). 
These works motivate lightweight adaptation mechanisms, such as the proposed ACM, while our focus 
remains on PHY-level parameter adaptation under fading to improve throughput.

Other related work has examined modifications to the standard ADR procedure and adaptive param
eter selection outside the LoRaWAN protocol. Enhanced ADR variants adjust the original decision rules 
to improve convergence behaviour in terrestrial networks, but operate only on the spreading factor and 
assume slowly varying channel conditions (Al-Gumaei et al., 2022). In a different context, adaptive LoRa 
schemes such as Allora adjust physical-layer parameters under simplified channel assumptions; however, 
these approaches are not designed for LoRaWAN operation and do not account for regulatory con
straints, feedback mechanisms, or maritime fading (Arratia et al., XXXX).

The proposed approach addresses this gap by developing an ACM framework tailored for maritime 
LoRaWAN deployments. Compared with the conventional techniques, the proposed system adjusts SF, 
CR and BW dynamically according to the real-time channel state information, resulting in a much faster 
response to varying conditions. Table 1 compares existing works and the proposed approach.

3. Methodology

This section highlights how the proposed ACM algorithm for improving LoRaWAN throughput is 
achieved, as described in the problem formulation section.

3.1. Maritime propagation scope and assumptions

This study focuses on small-scale fading effects representative of maritime multipath dynamics by mod
elling the channel as Rayleigh fading (with additive noise) to evaluate the benefits of rapid PHY recon
figuration. We acknowledge that real maritime propagation may include additional large-scale and 
deterministic components such as two-ray sea-surface reflection, evaporation ducting/ducted propaga
tion, weather-dependent attenuation, and variability due to sea state (wave height) and humidity. These 
factors can alter the instantaneous and long-term SNR distribution and may shift the optimal switching 
thresholds. Incorporating these sea-specific propagation mechanisms into the channel model and vali
dating the scheme using measurement-driven maritime datasets are planned for future work.

3.2. LoRa modulation and coding parameters

Table 2 summarises the predetermined PHY configuration levels employed in the ACM. Each level uses a 
unique combination of SF, CR and BW, while a higher BW (250 kHz) for SF7 is used to achieve as high a 
data rate as possible in high SNRs, and 125 kHz for SF8–SF12. Coding rates are more robust at higher 
SFs, helping maintain reliability in harsh channels. All setups use a fixed payload of 100 bytes for fair 
comparison, and the corresponding Time-on-Air (ToA) is calculated at each level. Level 6 (SF12) acts as a 
fallback to work at low SNR and, therefore, provides more robustness to the link in deep fading 
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Table 2. List the parameters associated with each configuration level.
Level SF BW (kHz) CR Payload (bytes) ToA (ms)

1 7 250 4/5 100 75.8
2 8 125 4/6 100 205.8
3 9 125 4/6 100 370.7
4 10 125 4/7 100 740.3
5 11 125 4/8 100 1480.7
6 12 125 4/8 100 2961.4

conditions. These values were extracted from the ToA provided by (Bagwari et al., 2022) with standard 
LoRa parameters for each SF, CR, and BW.

ToA ¼ Tpreamble þ Tpayload (1) 

where;
Preamble duration:

Tpreamble ¼ gpreamble þ 4:25
� �

� Tsym (2) 

Payload duration 

Tpayload ¼ Npayload � Tsym (3) 

Symbol duration: 

Tsym ¼
2SF

BW
(4) 

Number of payloads

Npayload ¼ 8þmax
8� PL − 4� SF þ 28þ 16� CRC − 20� IH

4� SF − 2� DEð Þ

� �� �

� CRC þ 4ð Þ, 0
� �

(5) 

Parameters: PL is the payload length in bytes, IH means implicit header mode 1 if the header is 
disabled (implicit mode) and 0 if the header is enabled. DE means data rate optimization is enabled and 
is 1 if low DE is enabled and 0 otherwise; gpreable is usually 8 symbols but can be more (Bagwari et al., 
2022).

The ToA calculations shown in Equations (1)–(5) help to understand the duration each message takes 
to transmit in each configuration level. Equation (1) calculates the total transmission time as the sum of 
payload durations and preamble. In Equation (2), 8 standard symbols plus 4.25 extra symbols are 
included in the preamble to help the receiver sync properly. The payload duration in Equation (3)
depends on the number of payload symbols, which Equation (5) calculates from the payload length, CF, 
CR, and header settings. Lastly, symbol duration (4) increases exponentially with SF while decreasing lin
early with BW. Therefore, higher spreading factors like SF12 take so much longer to transmit than SF7, 
even for the same message size.

3.3. PHY simulation

This subsection presents the physical layer simulation scenario adopted for performance assessment of 
the proposed ACM scheme in maritime environments. The simulation includes important processes such 
as channel coding, interleaving, CSS modulation, Rayleigh fading, and SNR-based feedback control, 
which simulate a real LoRaWAN PHY chain and provide a way to measure PER, throughput, and effi
ciency across different SNR levels. Figure 2 illustrates the PHY architecture.

3.3.1. Transmitter model
Let b ¼ fb1, b2, . . . . . . :bkLetg be the source binary input sequence of length k. The source data is pro
vided to an FEC encoder, which maps k bits to n coded bits with;

CR ¼
k
n

(6) 
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The coded information is interleaved to flatten the burst errors, generating a sequence c. The inter
leaved bits are modulated with CSS modulation, spreading the signal across a large bandwidth with a 
linearly increasing or decreasing chirp. The total number of signals or symbols

M ¼ 2SF (7) 

where SF determines the number of chirps per symbol, and each symbol is conveyed using one of M 
chirps, leading to robust communication via spreading and frequency shifting (Hanif and Nguyen, 2021).

3.3.2. Channel model
Rayleigh fading over additive white Gaussian noise (AWGN) is used in a maritime wireless channel to 
transmit the signal to the receiver. With the baseband-equivalent received signal

r tð Þ ¼ h tð Þ:s tð Þ þ n tð Þ (8) 

where:
r tð Þ Represents the received signal, which is the signal and noise in its faded form.
sðtÞ is the transmitted signal at time t
hðtÞ � CN 0, r2ð Þ represents the Rayleigh fading modelled as a complex Gaussian random variable 

with variance r2 and zero mean.
nðtÞ � CNð0, N0Þ represents a complex Gaussian white noise with power spectral density N0 and zero 

mean.
In (8), AWGN/WGN is used as a baseline model to isolate and clearly quantify the impact of small- 

scale fading on LoRaWAN performance. While AWGN is an idealized model, it remains a standard 
assumption in PHY-level evaluation because it enables reproducible benchmarking and highlights the 
relative gains due to the proposed adaptation strategy. In real maritime environments (especially near 
ports), additional non-ideal disturbances may appear, such as narrowband interference and impulsive 
noise. Extending the study to more complex noise/interference models (e.g. impulsive noise models 
such as Middleton Class-A or a-stable noise, and explicit co-channel interference) is a meaningful direc
tion for future work. It will likely refine the SNR thresholds and the mode-switching behaviour for highly 
contaminated spectra.

The instantaneous SNR is denoted by c:

c ¼
hðtÞj j

2
:Pt

N0
(9) 

where jhðtÞj2 is the power gain of the fading channel at time t, Pt Is the signal power transmitted, and 
N0 is the noise power spectral density.

This channel is modelled as a Rayleigh flat fading channel with AWGN. Rayleigh fading captures the 
multipath fading of the channel, and the AWGN models the thermal noise present in the background 
and provides a realistic relationship between packet error rates and throughput (Li et al., 2024).

3.3.3. Receiver processing
At the receiving end, the signal is coherently demodulated by a bank of adaptive matched filters chosen 
as chirp basis functions. The estimated data sequence is recovered from the demodulated signal after 
deinterleaving and through the FEC decoder. From the Cyclic Redundancy Check (CRC) checking, a PER 
is derived, which depends on the PHY mode in use and the channel SNR.

Figure 2. LoRa PHY simulation block design.
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3.3.4. SNR feedback and ACM decision logic
An important part of this system is the feedback loop for adapting LoRa PHY parameters. Upon the 
receipt of each successful packet, the receiver calculates the average SNR over the last packet duration. 
It feeds back the estimate to the transmitter in an acknowledgement (ACK) message. According to this 
feedback, the transmitter performs ACM, which is to select the best configuration level (combination of 
SF_CR_BW) from the designed configuration level. The intention is to achieve maximum throughput, 
with PER being below a certain target. The decision-making process for transitioning between configur
ation levels is regulated by SNR thresholds, which define the boundaries for each configuration level. 
Specifically, the selection rule is defined as:

cthðiÞ < c � cthði þ 1Þ (10) 

The level i of the corresponding configuration is chosen when c lies between certain SNR values.

3.3.5. System-level flow
To guarantee communication with time-varying and high-cost maritime channels, an entire round of 
transmission and adaptation process progresses as follows;

1. The transmitter starts with a preset default mode,
2. The packet is encoded, modulated, and transmitted
3. The packet is demodulated/decoded at the receiver
4. SNR is estimated, and feedback is transmitted
5. The ACM algorithm adjusts the configuration if it is needed.

3.4. Feedback and retransmission mechanism

The retransmission scheme is based on a stop-and-wait policy over ACK. At the end of each transmis
sion, the receiver sends back an ACK including the measure of the SNR. If the packet fails the CRC check, 
retransmission is induced. The effective throughput TðcÞ for each configuration is computed in the fol
lowing form, taking into account PER and ToA.

T cð Þ ¼
1 − PER cð Þ
� �

� PayloadBits

ToA
(11) 

where PER cð Þ is PER at SNR c, and PayloadBits is the number of bits in the payload.

3.5. Link-quality metrics and performance modelling

To formalize adaptation, the gateway estimates received signal strength and signal-to-noise ratio per 
uplink packet. Let Pr denote the received signal power and N0 the noise power spectral density. For 
bandwidth BW; the noise power is N ¼ N0 � BW; and the (linear) SNR estimate is ĉ ¼ Pr=N (often 
reported in dB in LoRa receivers). RSSI is treated as a received power indicator and can be used jointly 
with SNR when needed.

Packet error rate is modelled as a function of SNR and PHY mode, PERmðcÞ; obtained from a simula
tion under the assumed maritime channel model. The packet delivery ratio is then

PDRmðcÞ ¼ 1 − PERmðcÞ (12) 

For payload size L bits and time-on-air ToAm; the instantaneous throughput under mode m can be 
expressed as

Gm cð Þ ¼
L

ToAm
� 1 − PERm cð Þ
� �

(13) 

When retransmissions are enabled, the expected number of transmissions for success is

E½Ntx� ¼ 1=PDRmðcÞ (14) 
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(geometric assumption), giving an effective throughput (successful bits per second)

Teff
m cð Þ ¼

L
ToAm � E Ntx½ �

¼
L� PDRm cð Þ

ToAm
(15) 

These expressions motivate selecting the mode that maximizes Teff
m ðcÞ or GmðcÞ while satisfying reli

ability constraints.

3.6. SNR-based ACM switching algorithm

Real-time SNR feedback is used for on-the-fly selection of the optimal PHY configuration implemented 
by the ACM strategy. Upon receipt of each packet, the receiver estimates the SNR and returns the value 
in the ACK. The transmitter applies a set of predetermined switching thresholds to determine the config
uration level for achieving maximized expected throughput. This technique dramatically increases 
throughput robustness against static setups, especially in rapidly varying nautical environments.

3.6.1. Simulation setup
A Monte Carlo simulation framework, developed in-house, was used to assess the performance of the 
proposed ACM scheme. The maritime environment was modelled as a Rayleigh flat-fading channel in 
the presence of AWGN. Simulations were conducted for –20 dB to þ10 dB SNR at 1 dB SNR intervals. 
1000 iterations were run at each SNR point to gain statistical significance. The parameters of the LoRa 
PHY configurations that we used are given in Table 2, employing a frame size of 100 bytes and a carrier 
frequency of 868 MHz. It was assumed that the feedback channel was perfect: perfect reporting between 
the sources and transceiver with no delay, no error, and no noise. All simulations were conducted with 
MATLAB R2023a. No Doppler spread or mobility-related factors were considered at this stage, which is 
left as a topic of our future work.

3.6.2. ACM control algorithm flowchart
Figure 3 illustrates that the decision tree tests the SNR thresholds in a sequence (>7 dB, >4 dB, >0 dB, 
>–3 dB, >–7 dB) to find the best configuration out of the six pre-defined levels. These go from SF7/ 
CR4:5/BW250 for good channels to SF12/CR4:8/BW125 for dirty links. Every decision path dynamically 
reconfigures the transmission parameters for the trade-off between throughput and reliability. This 
dynamic reconfiguration allows ACM to achieve as much as 103 times the throughput gain over static 
configurations under dynamic maritime environments.

3.6.2.1. Threshold selection rationale. The SNR thresholds were determined via offline calibration using 
the PER-versus-SNR behaviour of each candidate PHY mode under the assumed maritime fading model. 
Specifically, for each mode m 2 f1, . . . , Mg; the PER (c) curve was obtained (simulation-based), and 
switching points were set such that the selected mode maximizes expected throughput while satisfying 
a target reliability constraint (e.g. PDR � PDRtarget or equivalently PER � PERtarget). We used five levels 
primarily to (i) align with the practical LoRaWAN SF7–SF12 operating set and (ii) keep the decision logic 
and feedback overhead lightweight, which reduces mode oscillation risk in rapidly varying channels. 
More levels (finer quantization) are possible; however, they increase switching sensitivity and typically 
require stronger hysteresis/hold-time logic, while providing diminishing performance gains beyond a 
moderate number of modes.

3.6.3. Pseudocode
The pseudocode in Table 3 gives the logic of the decision-making procedure employed by the ACM 
scheme in choosing the best LoRaWAN physical layer configuration in real-time, given instantaneous 
SNR feedback. The current SNR is then classified under one out of six known ranges: each range implies 
a specific triple combination of SF, CR, and BW. The objective is to maximize throughput by maintaining 
a target PER under time-varying maritime channel conditions.

COGENT ENGINEERING 9



3.6.4. Graphical framework of the proposed ACM scheme
Figure 4 presents the graphical framework of the proposed adaptive coding and modulation (ACM) 
scheme for maritime LoRaWAN. In the uplink, the end device (boat node) transmits a LoRa packet that 
is subject to marine fading and noise. At the gateway, the received signal quality is estimated (SNR and, 
optionally, RSSI) and a smoothing filter (e.g. a window average or an exponential moving average) is 
applied to mitigate short-term fluctuations. The ACM decision block then maps the filtered SNR to a 
PHY mode index using pre-defined thresholds (with hysteresis and/or a minimum hold time to avoid 
rapid toggling). The selected mode (SF, BW, CR) is communicated back to the end device (e.g. using a 

Figure 3. LoRa SNR-based parameter selection flowchart.
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compact mode index in a downlink/ACK or MAC command) and the device applies the new PHY config
uration for subsequent transmissions.

3.7. Application scenario: Adaptive LoRaWAN in boat tracking

One practical application of the proposed ACM scheme is in coastal boat surveillance systems, where 
fishing boats and small transport ships are equipped with GPS units based on LoRaWAN devices to 
report their location and speed to a shore-based gateway periodically. Unlike the traditional systems 
with fixed transmit parameters, the proposed ACM scheme makes each boat dynamically select its phys
ical layer settings based on the received signal quality.

The tracker (when the boat is onshore and under good channel conditions) can transmit with a high- 
throughput setting, which in turn reduces airtime. As the boat enters heavy sea states or disruptions 
such as increased range and environment, the system automatically switches to more robust configura
tions to maintain link availability. This adaptation mechanism will guarantee continuous tracking of 
boats at various distances and sea states while maintaining low retransmissions and power consumption. 
This technique permits robust maritime visibility and operational safety with neither manual reintroduc
tion nor a priori knowledge of the environment.

3.8. Real-time feasibility and computational complexity

The proposed ACM decision mechanism is lightweight: it performs (i) optional SNR smoothing (one 
multiplication and addition per packet for EMA for a small fixed window), followed by (ii) a threshold 
comparison and a table lookup to obtain the next PHY mode. For K thresholds (here K ¼ 5), the decision 
cost is O(K), which is effectively constant time for embedded operation. Memory requirements are 

Table 3. SNR-based ACM switching algorithm.
Step Description

1 Input: Receive the measured SNR value c from receiver feedback
2 Initialize configuration levels L1 to L6 as: L1 ¼ (SF7, CR4/5, BW250), L2 ¼ (SF8, CR4/6, BW125), L3 ¼ (SF9, 

CR4/6, BW125), L4 ¼ (SF10, CR4/7, BW125), L5 ¼ (SF11, CR4/8, BW125), L6 ¼ (SF12, CR4/8, BW125).
3 Initialize SNR thresholds: c1 ¼ 7 dB, c2 ¼ 4 dB, c3 ¼ 0 dB, c4 ¼ –3 dB, c5 ¼ –7 dB.
4 If c> c1, select configuration level L1.
5 Else if c> c2, select configuration level L2.
6 Else if c> c3, select configuration level L3.
7 Else if c> c4, select configuration level L4.
8 Else if c> c5, select configuration level L5.
9 Otherwise, select configuration level L6.
10 Output: Selected configuration level L for the current SNR.
11 Update transmitter parameters according to the selected configuration and proceed with packet transmission.

Figure 4. ACM-LoRaWAN framework: uplink transmission, SNR-based mode selection with hysteresis, and feedback to 
the end device.
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minimal, consisting of a small PHY mode table (SF, BW, CR, ToA) and a few state variables, such as c, 
the last mode index, and the hold-time counter.

From a timing perspective, LoRa packet time-on-air is typically on the order of tens to thousands of 
milliseconds, depending on SF/BW/payload, whereas the ACM computation requires only a few arith
metic operations and comparisons; therefore, the decision can be computed well within the inter-packet 
interval, supporting real-time adaptation at the packet timescale. Future work will include implementa
tion-level benchmarking on representative LoRaWAN microcontrollers to report measured execution 
time and energy overhead.

4. Results and discussion

This section provides results to verify the performance of the ACM scheme proposed in comparison with 
a fixed LoRaWAN configuration over the maritime channel model. The analysis begins with PER under 
Rayleigh fading, continues with throughput evaluation for fixed configurations and lastly, performance 
assessment of the ACM scheme.

4.1. Performance metrics

In addition to throughput, we report reliability, energy, and latency metrics. Packet delivery ratio (PDR) 
is defined as

PDR ¼ 1 − PER (16) 

where PER is obtained per PHY mode under the channel model. Effective throughput accounts for suc
cessful delivery and is computed in Equation (15).

Energy consumption is evaluated using energy-per-successful-bit, Esucc
b ; approximated as

Esucc
b �

Pt � ToA� E½Ntx�

L
(17) 

where Pt is transmitting power and E½Ntx� is the expected number of transmissions for success (derived 
from PDR). Latency is reported as the expected delivery time, approximated as

E½Tlat� � ToA� E½Ntx� þ Tack (18) 

where Tack accounts for ACK/receive window timing if confirmed messages are assumed (set Tack ¼ 0 for 
unconfirmed traffic). These metrics jointly characterize the trade-off between throughput, reliability, 
energy, and timeliness in maritime LoRaWAN links.

4.2. Per under Rayleigh fading

Figure 5 shows the PER versus SNR for LoRa SF7–SF12 under Rayleigh fading. The curves have a sig
moidal shape, showing that each step up in SF improves sensitivity by about 2–3 dB. For instance, SF7 
needs roughly þ8 dB to achieve reliable performance (PER < 0.1), while SF12 can operate effectively at 
SNRs as low as –12 dB. The broader transition regions of �5 dB from PER ¼ 0.9 to 0.1 are characteristic 
of Rayleigh fading, in contrast to sharper transitions in AWGN channels. These behaviors define critical 
operational thresholds for selecting optimal spreading factors in adaptive modulation strategies under 
dynamic wireless conditions.

4.3. Throughput for fixed configurations

Figure 6 represents throughput versus SNR for constant LoRa settings (SF7–SF12) with a 100-byte pay
load. For SNR > 5 dB, SF7 provides the highest throughput (27 kbps), and for the other SFs, the range 
increases by 2–3 dB for the previous SFs at the cost of a worse throughput. The waterfall curve reveals 
the trade-off between data rate and robustness. Hence, adaptive system designs are essential to keep 
the performance at a satisfactory level over different channel characteristics.
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4.4. Adaptive coding and modulation performance

4.4.1. ACM performance envelope
Figure 7 shows the ACM throughput envelope (black line) mapped over fixed SF performance (dashed). 
The envelope relates to the maximum achievable throughput at each SNR as a result of dynamic SF 
selection. Shaded areas represent optimal SFs, ranging from below –10 to 5 dB (SF12 to SF7). The step- 
wise pattern accentuates throughput transitions as ACM adjusts over a 40 dB SNR span, ensuring the 
reliability of the link down to –20 dB and achieving �27 kbps at high SNR.

4.4.2. Throughput gain of ACM vs. fixed SF7
Figure 8 illustrates the throughput gain obtained by ACM over a fixed SF7 configuration over a variety 
of SNRs. At high SNR (over 8 dB), the gain is 1 since both the ACM and fixed schemes choose SF7, which 
is optimal for good channel conditions. However, ACM improves over fixed SF7 by a large margin as the 
SNR becomes lower with 100 at −2dB and up to 1000(103) at –5 dB and beyond by selecting more 
robust spreading factors. SF7 by itself, on the other hand, is unusable under low SNR due to large error 
rates. The results show that ACM can achieve quality of service and link reliability even in a harsh wire
less environment where a fixed configuration cannot succeed.

Figure 5. PER vs. SNR for LoRaWAN configurations under Rayleigh fading.

Figure 6. Throughput vs. SNR for fixed LoRaWAN configurations.
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The real-world implications of this gain are vital for maritime IoT deployments. At –5 dB SNR, which 
often happens in rough maritime conditions or storms, a fixed SF7 setup would lose connection, require 
multiple retransmissions or possibly fail entirely. The ACM system, on the other hand, switches automat
ically to SF10 or SF11, keeping the data flowing even in tough conditions. This kind of flexibility helps 
maritime monitoring systems keep running when fixed setups would fail, avoiding data loss during 
emergencies or sudden weather changes.

4.4.3. Energy efficiency and spectral efficiency
Figure 9 shows the energy per bit (mJ/bit) comparison over constant LoRa SFs (SF7–SF12) with the ACM 
scheme. For fixed configurations, the energy costs are found to increase rapidly at low SNR, primarily 
due to retransmissions. In contrast, ACM can maintain a very low energy usage by choosing the best 
operating configuration at all SNR levels. Such energy-aware trade-offs are of great interest in IoT sce
narios relying on battery-operated devices in non-ideal or time-varying channel conditions (Sarkar et al., 
2021).

We plot the spectral efficiency (in bits/s/Hz) when applying fixed LoRa settings and the proposed 
adaptive ACM scheme in Figure 10. The ACM envelope (black) has a stair-step shape that reflects its 
preference for more spectrally efficient spreading factors as the SNR increases. At high SNR, SF7 is 
chosen by the system, and the spectral efficiency achieves close to 0.11 bits/s/Hz. For low SNRs (up to 
–15 dB), less efficient but more reliable SFs are selected  to satisfy connectivity. This adaptive behavior 

Figure 8. Throughput gain achieved by ACM vs. fixed SF7.

Figure 7. ACM throughput envelope with optimal SF regions.
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allows for the efficient use of bandwidth resources as well as the reliability of links over various and 
changing propagation environments.

4.4.3.1. Measurement frequency and smoothing. In this study, the gateway updates the link-quality 
estimate once per received uplink packet (i.e. per transmission opportunity). To improve robustness 
against short fades, the instantaneous SNR estimate can be smoothed using a window of the last M 
packets or an exponentially weighted moving average (EMA),

c½n� ¼ ac½n� þ ð1 − aÞc½n − 1� (19) 

where a 2 ð0, 1�: The ACM decision is then made using c½n� and applied for subsequent transmissions. 
To prevent rapid toggling in fast-varying maritime conditions, hysteresis margins and/or a minimum 
hold time (minimum number of packets before switching again) can be enforced.

4.4.3.2. Energy implication. The decision step is computationally trivial (a few comparisons and a table 
lookup). The dominant energy cost for LoRaWAN nodes is radio ToA and retransmissions; therefore, ACM 
generally reduces energy consumption by avoiding repeated failed transmissions in poor channel states 
and by selecting shorter-ToA modes when channel quality permits.

Figure 10. Variation of spectral efficiency to SNR for LoRa configurations.

Figure 9. Variation of energy efficiency to SNR for LoRa configurations.
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4.4.4. Baseline comparison with ADR-family schemes
The proposed ACM scheme is compared with standard LoRaWAN ADR, in which only the SF is adjusted 
based on the long-term average SNR, while bandwidth and coding rate remain fixed. Because ADR relies 
on averaged channel conditions, it responds slowly to rapid fading and short-term variations. In this 
study, ADR performance is evaluated by selecting the steady-state SF corresponding to each average 
SNR and computing metrics using the same PER and ToA models as ACM. An ADR-Enhanced variant 
with a shorter averaging window is also included, but its steady-state performance is identical under the 
assumed channel model. Figures 11–13 show effective throughput, PDR, and energy per successful bit 
for fixed PHY settings, ADR-based schemes, and ACM. While ADR improves reliability relative to fixed 
configurations, its SF only adaptation limits performance. In contrast, ACM jointly adapts SF, BW, and CR 
based on instantaneous link quality, achieving higher throughput and better energy efficiency across a 
wider SNR range while maintaining the target reliability.

It should be noted that ADR and ADR-Enhanced results represent steady-state behaviour under aver
age SNR conditions, whereas the proposed ACM operates on instantaneous link quality. The presented 
results, therefore, quantify performance limits rather than protocol-level convergence dynamics. 
Furthermore, the analysis focuses on physical-layer performance and does not include MAC-layer effects 
such as retransmissions, duty-cycle constraints, or network-level contention.

Figure 11. Effective throughput versus SNR for fixed PHY, ADR/ADR-Enhanced, and ACM.

Figure 12. Packet delivery ratio versus SNR for fixed PHY, ADR/ADR-Enhanced, and ACM.
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4.4.4.1. Robustness definition and limits. In this article, robustness is assessed quantitatively as the abil
ity of the scheme to sustain a target reliability level (e.g. PDR � PDRtarget or PER � PERtarget) across a wide 
SNR range while maximizing throughput. The proposed ACM improves robustness by switching to more 
resilient PHY modes (higher processing gain) when SNR degrades, thereby reducing packet failures and 
retransmissions. The limits of the method arise from (i) imperfect or delayed feedback in practical 
LoRaWAN downlinks, (ii) estimation error in SNR (especially with sparse traffic), (iii) threshold quantization 
and potential mode oscillation (mitigated via hysteresis/hold time), and (iv) the scope of the channel/noise 
model used in simulations. Incorporating additional maritime propagation effects such as two-ray sea 
reflection, evaporation ducting and non-Gaussian interference is left as future work.

5. Future work

In future work, experiments will be carried out to validate the ACM mechanism in a real maritime envi
ronment, while energy-aware and mobility-policy-aware, combined to achieve a better performance. The 
next step is to adapt the ACM framework to better reflect real maritime conditions, such as reflections 
off the sea surface and ducting effects, and then test it in real-world experiments. The study could also 
examine more complex noise and interference, such as impulsive noise (Middleton Class A or a-stable) 
and co-channel interference, to assess how ACM performs under realistic conditions. The methodology 
of cross-layer design utilizing Media Access Control (MAC) layer mechanisms, including acknowledge
ments, duty cycle control, and dynamic data rate, will be applied to achieve a complete network solu
tion. The study will explore using AI techniques, such as Reinforcement Learning to predict channel 
conditions and Neural Networks to optimize system parameters. These methods could help the system 
adapt in advance by learning from past channel behavior and environmental factors. Applying AI in this 
way may also improve throughput and energy efficiency in maritime IoT networks. The standardization 
impact of these adaptive mechanisms will also be investigated and analyzed to ensure greater dissemin
ation of such mechanisms in future commercial maritime IoT systems.

6. Conclusion

This article has proposed an ACM scheme to enhance LoRaWAN communication in maritime environ
ments where the presence of slowly time-variant Rayleigh fading creates a major challenge to relation
ship reliability and effectiveness. Contrary to typical static LoRaWAN parameters, the advised approach 
rapidly changes core PHY configuration factors (SF, CR and BW) according to instantaneous receiver 
feedback to guarantee efficient communication practices in varying channel scenarios.

Figure 13. Energy per successful bit versus SNR for fixed PHY, ADR/ADR-Enhanced, and ACM.
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Through extensive Monte Carlo simulations, it was shown that the ACM system, as proposed in this 
article, can select more robust spreading factors dynamically to preserve communication reliability and 
achieve a maximum throughput gain of the order of 103� for low-SNR when fixed SF7 settings are inef
fective. This achievement demonstrates the necessity of physical layer adaptability for reliable and effi
cient communication for IoT applications in the maritime environment.

6.1. Limitations

The proposed ACM framework assumes an ideal feedback channel (error-free and delay-free reporting). 
In operational LoRaWAN, downlink duty-cycle constraints, ACK loss, and feedback delay may reduce the 
timeliness and accuracy of the adaptation decision. Practical implementations can mitigate this by using 
quantized mode indices, conservative switching margins, hysteresis and minimum hold time, and fall
back default PHY modes when feedback is unavailable.
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