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The standard Adaptive Data Rate (ADR) mechanism in Long Range Wide Area
Network (LoRaWAN) employs a static safety margin, which frequently results in
packet loss caused by collisions and energy waste in dense, time-varying environments.
To address this limitation, this paper proposes the Dynamic Margin ADR (DM-ADR)
algorithm. This method adaptively determines the optimal safety margin based on the
standard deviation derived from the twenty most recent uplink Signal-to-Noise Ratio
(SNR) samples. We evaluated the performance of DM-ADR against the standard ADR
baseline using the Network Simulator 3 (NS-3) network simulator under diverse
shadowing conditions and node densities. Simulation results demonstrate that the
proposed method significantly enhances both network reliability and energy efficiency.
Specifically, in a dense network comprising 700 nodes, DM-ADR improved the packet
delivery ratio (PDR) by 23.10 percentage points and reduced average energy
consumption by approximately 52%. Furthermore, under severe channel variability (¢
= 6), the algorithm maintained its robustness, achieving a PDR improvement of 37.93
percentage points compared to the baseline. These findings indicate that Dynamic
Margin adaptation offers a scalable and energy-efficient solution for massive

LoRaWAN deployments.

1. INTRODUCTION

Long Range Wide Area Network (LoRaWAN) is widely
recognized as a leading solution within the Low Power Wide
Area Network (LPWAN) landscape, offering a scalable and
energy-efficient framework for long-range communication [1,
2]. However, in dense network scenarios, its performance is
often compromised by high contention and stochastic channel
variations, which lead to reduced packet delivery ratios
(PDRs) and increased energy consumption [3, 4].

The performance and longevity of LoRaWAN devices are
fundamentally governed by transmission parameters. Key
among these is the Spreading Factor (SF), which defines the
chips-per-symbol ratio, effectively balancing data throughput
against signal robustness. Transmission Power (TP) dictates
signal intensity, directly influencing both coverage range and
energy consumption. Furthermore, Bandwidth (BW)
determines channel capacity and data rate, while the Coding
Rate (CR) enhances error correction capabilities to mitigate
interference. Therefore, the optimal configuration of these
parameters is critical to achieving a balanced trade-off
between communication range, reliability, and energy
efficiency [5-7].

The dynamic optimization of transmission parameters based
on Channel State Information (CSI) has become a primary
focus in various modern wireless communication systems [8].
However, in the context of LoRaWAN, the standard Adaptive
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Data Rate (ADR) mechanism often relies on static parameters
that fail to adapt to rapid channel fluctuations. The LoRaWAN
specification defines the ADR mechanism to optimize
transmission ~ parameters. While standard ~ ADR
implementations ~ demonstrate  robustness in  stable
environments, they suffer from a critical rigidity due to the use
of a fixed 10 dB safety margin, which often leads to
suboptimal resource allocation in dynamic conditions [9, 10].
This reliance on a static margin creates a fundamental trade-
off that standard ADR fails to resolve.

In stable channel conditions, the fixed 10 dB margin is often
excessively conservative, compelling devices to utilize higher
SF or TP than required, which results in unnecessary energy
consumption and airtime wastage [11]. Conversely, in volatile
channels prone to bursty interference or shadowing, this fixed
margin may prove inadequate, leading to link instability and
significant packet loss [12]. Consequently, the lack of an
adaptive safety margin mechanism in standard ADR
constitutes a critical deficiency in optimizing dense, stationary
LoRaWAN deployments.

In this context, this paper proposes the Dynamic Margin
Adaptive Data Rate (DM-ADR). This mechanism replaces the
fixed safety margin with a bounded dynamic margin derived
directly from the standard deviation of recent uplink Signal-
to-Noise Ratio (SNR) samples. This approach allows the
network server to explicitly capture fluctuations caused by the
environment by expanding the margin during volatile periods
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to prevent packet loss and reducing it during stable periods to
conserve energy. We implemented DM-ADR in the Network
Simulator 3 (NS-3) network simulator and evaluated it against
standard ADR and representative schemes. The results
demonstrate that alignment of the safety margin with observed
SNR variability significantly improves the trade-off between
reliability and energy efficiency in large-scale deployments.

The remainder of this paper is organized as follows: Section
2 reviews the related work, while Section 3 provides an
overview of the standard ADR in LoRaWAN. Section 4 details
the proposed DM-ADR method, followed by the description
of the simulation configuration in Section 5. Section 6 presents
the results and discussion, and Section 7 concludes the paper
and outlines future work.

2. RELATED WORK

Several enhancements have been proposed to improve ADR
stability by refining how the network estimates channel
quality. Many of these approaches, such as ADR+ [11],
ADRmin [13], and G-ADR [14], primarily modify the SNR
processing stage. For instance, ADR+ replaces the maximum
SNR with an average value, while lightweight variants like
ADR Lite [15] add control factors to balance reliability and
energy consumption. Although these modifications can
successfully reduce parameter oscillations and improve
convergence behavior, the majority of existing schemes still
retain the conventional assumption of a fixed safety margin.
This margin is typically set as a constant value applied
uniformly across time and devices, regardless of actual
channel conditions. As a result, even with improved SNR
estimation, the underlying link budget decision remains
constrained by a static margin that does not explicitly adapt to
the time-varying uncertainty of the channel. This rigidity can
limit performance gains in dense networks characterized by
fluctuating interference and stochastic propagation [16].

The limitations associated with using a static margin, which
often result in energy waste on stable links or connectivity loss
on poor links, have driven the development of dynamic margin
adaptation methods. To address this issue, de Jesus et al. [17]
proposed ADRx. This algorithm automatically tunes the link
margin at runtime based on a target Data Extraction Rate
(DER) without requiring prior network knowledge. The
mechanism operates reactively by increasing the margin by 5
dB if reliability falls below the target to restore connectivity
and decreases it by 2.5 dB if performance exceeds
expectations. Meanwhile, specifically for mobile scenarios,
Wang et al. [18] introduced the mobile ADR algorithm. This
method dynamically calculates the margin based on physical
parameters rather than a fixed constant. By integrating the
distance of the node to the gateway, the movement speed, and
the trend of SNR fluctuations, this approach successfully
improves DER values and reduces energy consumption in
variable environments.

Despite these advancements, there remains a distinct lack of
a server-side mechanism with low complexity designed
specifically for stationary nodes that adapts the safety margin
explicitly based on environmental signal volatility. Existing
dynamic methods often rely on reactive packet loss metrics,
which may introduce latency or require complex mobility
parameters that are unnecessary for static deployments. This
paper addresses this gap by proposing a statistical approach
that aligns the safety margin directly with the observed
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channel variance to optimize the trade off between reliability
and energy efficiency.

3. STANDARD ADAPTIVE DATA RATE

LoRaWAN is a standard LPWAN protocol designed to
support long-range communication with low power
consumption for IoT applications. The network architecture
operates on a star-of-stars topology composed of three main
elements: end-devices, gateways, and back-end servers [19].
Unlike simple point-to-point configurations, LoRaWAN
utilizes a star topology where the gateway centrally receives
chirp signals, relieving sensor nodes from the burden of
routing processes. This architecture not only ensures superior
energy efficiency but also facilitates end-to-end data security
mechanisms (such as Advanced Encryption Standard (AES))
and centralized network management using platforms like
Chirpstack, making it an ideal standard for disaster mitigation
in remote regions [20].

The physical layer of LoRaWAN utilizes LoRa modulation,
a proprietary spread spectrum technology developed by
Semtech [21]. The performance of a LoRa link is governed by
critical transmission parameters, primarily the SF, TP, and
BW. The SF ranges from 7 to 12, while TP typically varies
between 2 dBm and 14 dBm. There is an inherent trade-off in
configuring these parameters: utilizing a high SF and high TP
extends the transmission range up to 15 km in suburban areas
but results in a decreased data rate and significantly higher
energy consumption. Conversely, lower SF and TP settings
yield higher data rates and reduced power consumption but
shorten the effective communication range [22].

ADR is a critical mechanism within the LoRaWAN
protocol designed to optimize network capacity and energy
efficiency by dynamically adjusting transmission parameters,
primarily the SF and TP. In the standard LoRaWAN ADR
mechanism, the process of adjusting the SF and TP is based on
the maximum SNR value of the uplink packets received by the
gateway. The network server then compares this maximum
SNR value with the minimum required SNR for a specific SF,
according to the sensitivity table for the LoRa module. The
standard ADR algorithm can be seen in the following
Algorithm 1 [11]:

Algorithm 1: Standard Adaptive Data Rate (ADR)
1: Initialize: SF [7,12], TP [2 dBm,14 dBm], Margin = 10
dB

: SNR,..4: demodulation floor (current data rate)

: SNR,4x: max (SNR of last 20 frames)
SNRpargin = SNRypgx — SNRoq — Margin

i Nstep = interger[SNRmargin/3]

: while Ngipp, > 1and SF > SFp;y do
:SF=SF-1

: Nstep = Nstep — 1

9: end while

: while Nyt > 0and TP > TPy, do

11: TP =TP -3

12: Ngtep = Nstep — 1

13: end while

14: while Nz, < 0and TP < TByq, do
15:TP=TP + 3

16: end while

17: Output: TP and SF




SNR 4y 1s the maximum value of the last 20 SNR values
received by the gateway from a LoORaWAN device. This value
represents the best signal quality achieved within a specific
timeframe, typically during the last 20 uplink transmissions.
On the other hand, the SNR requirement (SNR,.q) is the
minimum SNR value needed for a LoRa signal to be received
and demodulated correctly at a specific SF. This value
indicates the receiver's sensitivity threshold. The larger the SF,
the lower the SNR,.., indicating the system is more resistant
to noise but has a slower data rate. The required SNR values
are usually already defined based on the results of physical
LoRaWAN testing, as follows (for 125 kHz BW) in Table 1.
The resulting margin is translated into an integer number of
adaptation steps, Ngop = int[SNRmargm / 3], following the
ADR convention that approximately 3 dB corresponds to one
control step. When Ny, is positive, the link has excess
margin, and the algorithm first increases the data rate by
decrementing the SF step by step until the minimum SF is
reached or the steps are exhausted. Any remaining positive
steps are then applied to reduce TP in 3 dB decrements to
improve energy efficiency. When N, is negative, the link
margin is insufficient, and the algorithm increases TP in 3 dB
increments, up to TP, to restore reliability. The algorithm
outputs the updated SF and TP wvalues for subsequent
transmissions.

Table 1. Required Signal-to-Noise Ratio (SNR) of each
Spreading Factor (SF) [23]

SF SNR,.4(dB)
7 =15
8 -10
9 —-12.5
10 -15
11 -17.5
12 —20

In the standard ADR mechanism in LoRaWAN, the margin
value is fixed at 10 dB as part of the link budget calculation to
maintain communication reliability. This margin serves as a
buffer or safety factor against various conditions that can
degrade signal quality, such as fading, inter-device
interference, environmental variations, or differences in
receiver sensitivity in the real world compared to theoretical
values. In other words, even though the device's SNR is
already high enough to support a certain SF, the system still
reduces it by 10 dB to allow for tolerance if channel conditions
suddenly worsen.

4. THE PROPOSED DYNAMIC MARGIN ADAPTIVE
DATA RATE METHOD

To address the limitations of fixed-margin ADR under
density-driven interference and channel variability, we
propose DM-ADR, which adapts the safety margin online
based on recent SNR fluctuations.

In the DM-ADR method, the dynamic margin value plays
an important role as an adaptive component, replacing the
fixed 10 dB margin in the standard ADR algorithm. This
margin is no longer constant but rather changes according to
the communication channel conditions experienced by the
device. The calculation is based on the variation in the quality
of the received signal, using the formula:
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Dynamic Margin = SNRtq4ev @9)]

In that formula, SNRg; g4, 1S the standard deviation of the
last 20 SNR values received by the gateway from a single
device. Specifically, for each end device, the network server
maintains a buffer containing the last 20 uplink SNR samples
reported by the gateway (N = 20). From these samples, the
server computes the mean p and the standard deviation
SNRstddev as:

1 N
i =NZ SNR;, N
i=1

20 )

N
1
SNRstddev = NZ(SNRL _#)2’ N = 20 (3)
i=1

This provides a lightweight yet informative estimate of
short-term fluctuations, low SNR;q4., cOrresponds to stable
uplink conditions, whereas high SNRg; 40, Suggests bursty
interference and/or propagation uncertainty. The resulting
SNRiqqev 1 used as an input to dynamically adjust the ADR
safety margin. To keep the system stable, the dynamic margin
value is limited to the range of 2 to 10 dB. The lower limit of
2 dB is applied to prevent the system from becoming overly
sensitive to small changes in the actual stable channel, while
the upper limit of 10 dB is used to prevent excessive margin
growth, which would reduce energy efficiency. With these
limitations, DM-ADR can adapt in a balanced way between
efficiency and reliability. Overall, the DM-ADR algorithm,
which is the proposed method in this study, can be seen in the
following Algorithm 2:

Algorithm 2: Dynamic Margin Adaptive Data Rate (DM-
ADR)

: Initialize: SF [7,12], TP [2 dBm,14 dBm]

: Initialize: DM,,;, = 2, DM, = 10

: SNR;..q: demodulation floor (current data rate)
SNRg,4: average (SNR of last 20 frames)

: SNRg;qqe1: Deviation of last 20 SNR frames
:DM = SNRq4ev

: while DM < DM,,;,, do

: DM = DM,,;,,

: end while

: while DM > DM,,,, do

:DM = DM,

: end while

:SNRpmargin = SNRqyg — SNRyoq — DM

: Ngtep = interger[SNRmargm/B]

: while Nggopy > 1 and SF > SFp;, do
:SF=SF—-1

: Nstep = Nstep — 1

: end while

: while Ngipp, > 0and TP > TPy, do
:TP=TP -3

: Nstep = Nstep — 1

: end while

: while Ny, < 0and TP < TPy, do
:TP=TP +3

: end while

: Output: TP and SF

NN RN NN — — = = = = \O
NN B LW —m) O 000 N LNt h W~ O




DM-ADR extends the standard LoRaWAN ADR procedure
by replacing the fixed safety margin with a bounded dynamic
margin that reflects short-term link variability. At
initialization, the end device operates within the allowed
configuration ranges, with the SF constrained to 7 through 12
and the transmit power TP constrained to 2 dBm through 14
dBm. The algorithm also defines lower and upper bounds for
the dynamic margin, DM,,,;,, set to 2 dB and DM,,,,,, set to 10
dB, to prevent overly aggressive or overly conservative
behaviour. For each ADR update, the network server
processes the most recent uplink history and computes the
average SNR over the last 20 successfully received frames,
denoted SNRg,, 4, together with the corresponding standard
deviation SNR; 440, The standard deviation is used as the
dynamic margin candidate, DM = SNR44ev, Since it directly
captures the short-term fluctuation level of the link. The
margin is then clipped to the interval between DM,,;, and
DM, to ensure stability across a wide range of channel
conditions. The available link budget is quantified using
SNRmargin = SNRayg — SNRyeq — DM, where SNR,., is the
demodulation threshold required by the current data rate.

5. SIMULATION CONFIGURATION

A comparative evaluation of the proposed DM-ADR
against the baseline Standard ADR was conducted within a
discrete-event simulation environment using NS-3. The
implementation was realized through custom C++ simulation
scripts built on top of the widely used LoORaWAN module for
NS-3, which provides an end-to-end LoRaWAN stack (PHY,
MAC, and network-side control) suitable for reproducible
ADR studies. These simulations employed a standard
LoRaWAN network module [24, 25].

The simulation parameters used can be seen in Table 2,
which includes physical configuration aspects and MAC, as
well as simulation environment parameters such as the number
of devices, data transmission period, and simulation duration.
All experiments were conducted in the EU868 band over a
5000 x 5000 m deployment with a single gateway and 100 to
700 end devices. Uplink traffic is generated periodically every
10 minutes using a 20-byte payload, and each run lasts 2 days
to capture steady-state ADR behaviour under sustained
channel contention.

Table 2. Simulation setup

Parameter

Value / Setting

Frequency Band
Number of End Devices
Number of Gateways
Simulation Area
Transmission Power (TP)
Spreading Factor (SF)
Traffic Model
Bandwidth (BW)
Coding Rate (CR)
Packet Interval
Payload Size (PL)
Duty Cycle
Simulation Duration
Number of Iterations
Channel Model
PL(d,)

Path Loss Exponent (n)
Shadowing Std. Dev. (o)

868 MHz
100, 300, 500, 700
1
5000 x 5000 m
2-14 dBm
7-12
Periodic
125 kHz
4/5
10 minutes
20 bytes
1%

2 days
5

Log-Distance with Log-Normal Shadowing

128.95
2.32
0to6

To validate the proposed method's adaptiveness to realistic
channel variations, the simulation environment utilizes the
Log-Normal Shadowing model, with parameters rigorously
aligned with the benchmark study by Slabicki et al. [11]. By
adopting the propagation configuration and stochastic
parameters defined in this established framework, we ensure
that the simulated SNR fluctuations are statistically consistent
with actual field environments. This approach confirms the
method's robustness against realistic channel impairments
without the need for a separate physical measurement
campaign. This composite model accounts for both the
deterministic signal attenuation due to distance and the
stochastic variations caused by obstacles in the propagation
path. The path loss PL(d) at a distance d from the gateway is
expressed as:

d
PL(d) = PL(dy) + 10 1 logy (—) + X,

i @

where, PL(d,) represents the path loss at a reference distance
d, and n denotes the path loss exponent, which characterizes
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the signal decay rate specific to the environment (e.g., urban
or rural). To simulate the irregularity of the wireless channel
and the presence of obstacles (shadowing), a zero-mean
Gaussian random variable X, with standard deviation ¢ (in
dB) is introduced. The parameters are set to n = 2.32 and
PL(dy) = 12895 [11], consistent with the log-distance
formulation available in NS-3 propagation-loss modelling.
Finally, to reduce randomness and improve statistical
confidence, each scenario is repeated for 5 independent
iterations, and the reported results are averaged across runs.
The energy consumption of LoRaWAN end devices in this
study is modelled by considering the three main operational
states of the radio transceiver: transmission (TX), reception
(RX), and standby or sleep. The energy consumed in each state
is defined as the product of the supply voltage, the current
drawn, and the duration of the state, expressed as:
E=VXIXt %)
where, V is the supply voltage, I is the current in amperes, and
t is the duration in seconds. The total energy consumed by a



node over the course of the simulation is therefore given by:

Etotat = Erx + Erx + Estanany (6)

Transmission energy is primarily determined by the
configured TP and the time-on-air (ToA) of each packet. The
ToA is computed according to the LoRa physical layer
parameters, specifically the SF, BW, CR, and payload size
(PL). The symbol duration is defined as

ZSF
Tsym = W (7)
ToA = (Npreampie + 4-25) X Toym ®

+Npayload X Tsym

where, Npreampie = 8 (default in LoORaWAN), and Npgyi0aq
is the number of payload symbols derived from the LoRa
specification. Thus, the energy consumed during transmission
can be calculated as:

Ery =V X Ipx X ToA )

This formulation ensures that higher SFs (longer ToA) and
higher transmit powers both result in higher energy costs,
reflecting the reliability—lifetime trade-off in LoRaWAN.
After each uplink, a Class A LoRaWAN end device opens two
receive windows (RX1 and RX2). Even if no downlink packet
is received, the device remains in reception mode, consuming
a constant current for the duration of these windows. The
reception energy is therefore modeled as:

Erx =V X Ipyx X (tpyy + trx) (10)
where, Iy is the current consumption in reception mode, and
trx1 trx2 are the durations of the two windows. When not
transmitting or receiving, the device remains in standby or
sleep mode, drawing a minimal current /4,41y - Although this
contribution is small in high-traffic scenarios, it becomes
dominant when devices send packets infrequently. The
standby energy is given by:
Estandby =V X Istandby X tstandby (1 1)
At the beginning of the simulation, each device is initialized
with a fixed energy budget of 10,000 J. During runtime, the
simulator continuously subtracts the consumed energy from
this budget according to the device state. From this, we derive
the average energy consumption per device, the total energy
consumed by the network, and the percentage of energy
depletion. This framework allows us to evaluate the trade-offs

between link reliability and energy efficiency across different
ADR algorithms.

6. RESULTS AND DISCUSSION

To evaluate the reliability of uplink communication under
varying network densities, we analyze the PDR for all
considered ADR algorithms.

Figure 1 presents the PDR performance as the network size
scales from 100 to 700 end devices under different shadowing
conditions. The results reveal a significant performance
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divergence between the baseline and the proposed method.
The Standard ADR, depicted by the dashed lines, exhibits high
sensitivity to both network density and channel variability. As
shown in the data, the performance of Standard ADR degrades
significantly as the number of nodes increases. Moreover, it
displays a wide dispersion in reliability depending on the
environmental shadowing. For instance, at 700 nodes, the PDR
drops to 63.81% in a static channel where ¢ = 0 but remains at
78.99% under higher shadowing variability where ¢ = 2. This
large gap of approximately 15 percentage points indicates that
the fixed margin mechanism fails to provide consistent
reliability across diverse channel conditions. In contrast, the
proposed DM-ADR demonstrates superior robustness and
stability, represented by the tightly clustered solid lines.
Regardless of the shadowing intensity, the performance of
DM-ADR remains highly consistent with minimal variance
between scenarios. Even at the highest density of 700 nodes,
DM-ADR maintains a high PDR ranging from 86.91% for o =
0 to 89.31% for ¢ 2. This represents a substantial
improvement over the baseline. Specifically, in the static
channel scenario, DM-ADR outperforms Standard ADR by
23.10 percentage points. These results confirm that replacing
the fixed margin with a dynamic calculation based on signal
deviation effectively mitigates interference caused by high
density while ensuring predictable network behaviour.

---#--- Standard ADR (0=0)
Standard ADR (o=1)
—---x¢--- Standard ADR (0=2)

—=e&— DM-ADR (g=0)
—#— DM-ADR (0=1)
——— DM-ADR (0=2)

100
95
80
85

80

PDR (%)

75

70

65

60

300 500
Number of End Devices

Figure 1. Packet Delivery Ratio (PDR) versus nodes for
Standard Adaptive Data Rate (ADR) and Dynamic Margin
ADR (DM-ADR)

----+--——- Standard ADR (g=0)
Standard ADR (o=1)
Standard ADR (0=2)

— = DM-ADR (5=0)
——=—— DM-ADR (5=1)
———— DM-ADR (5=2)

e

o~
o

35 4

w
(=]

N
v

-
w

PLR due to Interference (%)
b ~
(=] o

w

300 500
Number of End Devices

700

Figure 2. Packet Loss Ratio (PLR) due to interference versus
nodes for Standard Adaptive Data Rate (ADR) and Dynamic
Margin ADR (DM-ADR)
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Standard ADR (0=2)

——=—— DM-ADR (g=0)
—=—— DM-ADR (0=1)
——— DM-ADR (0=2)
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(=]
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Energy Consumption (J)
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Figure 3. Energy consumption versus nodes for Standard
Adaptive Data Rate (ADR) and Dynamic Margin ADR (DM-

ADR)
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100
P
e .
________ [ Ny
goq ¥
.
g 601 \\’
o4
[a]
o 40
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4]
0 1 2 3 4 5 6

Standard Deviation (o)

Figure 4. Packet Delivery Ratio (PDR) versus log-normal
shadowing standard deviation (o) for Standard Adaptive Data
Rate (ADR) and Dynamic Margin ADR (DM-ADR)

Standard ADR DM-ADR

250

= - N
(=) w (=]
o (=] (=]

Energy Consumption (J}

[0
o
¢

0 1 2 3 4 5 6
Standard Deviation (o)

Figure 5. Energy consumption of end device versus log-
normal shadowing standard deviation (o) for Standard
Adaptive Data Rate (ADR) and Dynamic Margin ADR (DM-
ADR)

Packet Loss Ratio (PLR) complements PDR by measuring
the percentage of transmitted uplink packets that are not
successfully received at the gateway. A lower PLR indicates
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more reliable communication with fewer collisions and
interference-related losses. Figure 2 compares the PLR
performance of Standard ADR and the proposed DM-ADR
under different shadowing standard deviation values (o),
representing different levels of environmental variability.

Figure 2 highlights the impact of network scale on
interference loss. While both schemes show an upward trend,
Standard ADR suffers from a steep increase in PLR due to its
inability to cope with rising contention. Specifically, at ¢ = 0,
the PLR of the standard protocol surges from 5.10% to 35.67%
as the network grows to 700 nodes. Conversely, DM-ADR
demonstrates superior resilience by keeping the interference
PLR consistently below 9% across all tested scenarios. The
proposed method significantly outperforms the baseline at
high density, reducing the PLR by approximately 26.81
percentage points in static channels and 11.99 percentage
points in environments with moderate shadowing. This
confirms that the dynamic margin strategy effectively
mitigates packet loss caused by density and maintains network
stability even under heavy traffic loads.

Energy consumption is a critical metric for battery-limited
LoRaWAN devices. Efficient adaptation minimizes energy
use by reducing time on air and preventing retransmissions
caused by packet loss. Figure 3 compares the average energy
consumption of Standard ADR and DM-ADR across varying
shadowing intensities (o).

As shown in Figure 3, DM-ADR achieves superior energy
efficiency compared to Standard ADR regardless of network
size or shadowing intensity. The proposed method delivers
substantial energy savings at 700 nodes, reducing
consumption by 51.90% in static channels where o = 0 and by
45.26% in variable channels where o = 2. Similar performance
gains are evident at 100 nodes, with reductions ranging from
47.76% to 52.95%. While higher shadowing variability
naturally decreases energy metrics for both protocols, DM-
ADR maintains a more stable profile, dropping by only
11.83% compared to the 22.53% drop observed in Standard
ADR as o shifts from 0 to 2. In summary, by mitigating the
need for excessive safety margins and minimizing time on air,
DM-ADR effectively reduces overall energy consumption by
roughly 45% to 53% relative to the standard protocol.

To further examine how environmental variability affects
reliability beyond network density, we next analyze the
sensitivity of PDR to log-normal shadowing intensity. Figure
4 shows the PDR of Standard ADR and DM-ADR as a
function of the shadowing standard deviation (o) for a network
size of 300 end devices, where o captures the degree of channel
fluctuation in the propagation environment.

As illustrated in Figure 4, Standard ADR exhibits high
sensitivity to the shadowing standard deviation (o). The
baseline performance follows a nonlinear trend where the PDR
initially rises from 82.27% at o = 0 to a peak of 94.51% at o =
3 but subsequently suffers a drastic reduction under severe
conditions. Specifically, as variability intensifies, the PDR
drops to 72.52% at o = 5 and reaches a critical low of 53.04%
at 0 = 6. This rapid decline indicates that the fixed margin
mechanism fails to cope with extreme channel fluctuations. In
contrast, DM-ADR demonstrates exceptional stability by
sustaining a PDR above 90% across the entire range of tested
o values. Even at the highest uncertainty level of ¢ = 6, DM-
ADR maintains 90.97%, which results in a substantial
performance gap of 37.93 percentage points compared to the
baseline. These results confirm that adapting the margin based
on short-term SNR variability significantly enhances



robustness and stabilizes reliability as channel uncertainty
increases.

To explicitly quantify how environmental uncertainty
affects power efficiency, we analyzed the energy consumption
of end devices as a function of the log-normal shadowing
standard deviation. The results of this evaluation are presented
in Figure 5.

Figure 5 presents a comparative analysis of energy
consumption between Standard ADR and the proposed DM-
ADR across varying shadowing standard deviations. In stable
channel conditions where o ranges from 0 to 2, Standard ADR
exhibits excessive energy usage, peaking at 242.73 Joules at ¢
= 0. This inefficiency stems from the fixed 10 dB safety
margin, which forces nodes to utilize higher TP or SFs than
necessary for the prevailing channel quality. In contrast, DM-
ADR significantly optimizes resource utilization by
dynamically reducing the margin in stable environments.
Consequently, at o = 0, the proposed method consumes only
117.08 Joules, representing a reduction of approximately
51.7% compared to the baseline. As the channel volatility
increases to ¢ = 6, a distinct trend emerges. The energy
consumption of Standard ADR drops drastically to 31.21
Joules. However, this reduction must be interpreted in
conjunction with the poor reliability observed in Figure 4,
where the PDR falls to 53.04%. This indicates that the low
energy consumption of Standard ADR in severe shadowing is
not a sign of efficiency but rather a symptom of link failure
and packet loss. Conversely, DM-ADR adapts to high
uncertainty by expanding the safety margin, which results in a
slight increase in energy consumption to 128.21 Joules at o =
6. This additional energy investment is critical and justified as
it allows DM-ADR to sustain a PDR above 90%, thereby
ensuring continuous connectivity where the standard protocol
fails. Thus, DM-ADR achieves a superior trade-off by
conserving energy in stable conditions while allocating
necessary resources to maintain reliability in volatile
scenarios.

7. CONCLUSIONS

This study presented DM-ADR, a dynamic margin
adaptation scheme designed to overcome the rigidity of the
fixed safety margin inherent in the Standard LoRaWAN ADR.
By leveraging short-term SNR variability to adjust the link
budget proactively, the proposed method balances reliability
and energy efficiency in high-density scenarios. Our
simulation-based evaluation using the NS-3 framework
demonstrates that DM-ADR delivers significant performance
gains under the conditions tested. In a dense network
comprising 700 nodes, the proposed algorithm improved the
PDR by up to 23.10 percentage points and reduced the average
energy consumption per node by approximately 52%
compared to the Standard ADR baseline. These improvements
are particularly evident in environments characterized by high
shadowing variability, where (¢ = 6). In such scenarios, DM-
ADR maintained a PDR above 90%, whereas the performance
of Standard ADR degraded significantly.

Future work will focus on extending the DM-ADR
framework to multi-gateway architectures and mobile
LoRaWAN nodes. Additionally, we intend to validate the
algorithm's  performance through real-world testbed
experiments to confirm its robustness under heterogeneous
traffic patterns and unpredictable physical-layer impairments.
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