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The deployment of long-term autonomous Internet of Things (IoT) sensor networks is constrained by the finite
energy budget of battery-powered nodes. Although Synchronous Duty Cycling (SDC) is widely used to reduce
idle-listening energy, its scalability is limited by synchronization overhead and packet collisions. This study
quantitatively compares Wake-up Radio (WuR)-assisted communication with SDC and Always-On baselines
using a discrete-event simulation framework. The model incorporates long-term battery depletion, stochastic
packet generation, collision-induced packet loss, and channel loss over a 365-day horizon. Results from a
simulated 50-node network show that, although SDC extends network lifetime to approximately 45 days, its
packet loss increases superlinearly and reaches approximately 16% under high-density conditions because of
contention within synchronized active windows. In contrast, the WuR-assisted approach maintains packet loss
below 1.2% across load levels and retains 34.6% of battery capacity after one year, corresponding to a projected
lifetime of more than 1.5 years. With an energy cost of 30.6 m] per successful packet, WuR achieves a 13.5-fold
improvement over SDC. These results indicate that WuR-assisted communication is a more suitable architecture
for scalable, latency-sensitive, and ultra-long-lived IoT deployments.
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1. Introduction

The rapid expansion of the IoT has led to the massive de-
ployment of smart sensors for environmental monitoring,
industrial automation, and healthcare applications [1, 2]. A
fundamental challenge in these deployments is the energy-
latency-reliability trade-off. Battery-powered nodes must
often operate for years without maintenance [3], yet tradi-
tional radio transceivers consume significant power during
idle listening, which can account for up to 99% of total
energy usage in low-traffic applications [4, 5].

To mitigate idle-listening energy consumption, SDC is
widely used to periodically sleep the radio. While SDC
reduces energy compared to Always-On baselines [6], it

introduces inherent latency and requires strict network-
wide time synchronization, which consumes additional
energy [7]. Critically, as network density increases, SDC
forces nodes to contend for the medium during narrow
active windows, leading to collision clusters and scalability
bottlenecks.

WuR technology offers a hardware-based solution by
employing a secondary, ultra-low-power receiver to mon-
itor the channel continuously, allowing the main radio to
sleep until triggered [8]. While WuR hardware is maturing
with standards such as IEEE 802.11ba [9], existing litera-
ture often lacks rigorous comparisons of WuR against SDC
under realistic network impairments and long-term battery
depletion dynamics [10].
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To address these gaps, this study presents a compre-
hensive simulation that compares the Always-On, SDC,
and WuR strategies. A discrete-event framework modeling
stochastic packet generation, collision-induced packet loss,
and battery depletion over a 365-day horizon is employed.

This study is motivated by the practical need to de-
sign battery-powered IoT sensor networks that can oper-
ate reliably for months or years without frequent main-
tenance. Although SDC can reduce idle-listening energy
consumption, its dependence on periodic wake-up sched-
ules introduces latency, synchronization overhead, and
collision clustering, especially under dense-network and
stochastic-traffic conditions. By contrast, many existing
WuR studies focus mainly on hardware characterization,
short-term performance evaluation, or simplified channel
assumptions. Therefore, a long-horizon, system-level simu-
lation framework is required to jointly evaluate battery de-
pletion, packet collisions, channel loss, latency, and energy
efficiency. Accordingly, this study compares Always-On,
SDC, and WuR-assisted communication strategies through
a 365-day discrete-event simulation to clarify their long-
term suitability for scalable and sustainable IoT deploy-
ments.

The key contributions of this study are:

¢ Quantification of long-term sustainability: The study
demonstrates that WuR enables multi-year operation,
whereas SDC fails within months because of synchro-
nization and idle-listening overhead.

¢ Analysis of scalability and reliability: The study iden-
tifies a superlinear increase in SDC packet loss at high
node densities due to collision clustering, in contrast
to the stable reliability of asynchronous WuR commu-
nication.

¢ Validation of energy-latency decoupling: The study
shows that WuR can provide the near-zero-latency per-
formance of Always-On operation while maintaining
energy efficiency superior to aggressive duty cycling.

2. Related studies

The minimization of energy consumption in battery-
constrained IoT networks remains a critical research focus,
particularly for applications requiring multi-year opera-
tional lifetimes. Traditional approaches have relied heavily
on SDC and sleep scheduling to mitigate the high cost of
idle listening. Park et al. [4] proposed mechanisms such as
down-clocking to reduce energy during idle states in Wi-
Fi, while Liu et al. [11] introduced concurrent low-power
listening paradigms to optimize duty-cycling communica-
tion. Comprehensive reviews of medium access control

(MAC) protocols, such as those by Amin et al. [6], highlight
that while SDC significantly reduces energy compared to
always-on baselines, it inherently introduces latency and
synchronization overhead. Furthermore, the approach pro-
posed by Kuaban et al. [3], which models battery-depletion
attacks, emphasizes that energy-constrained nodes remain
vulnerable to exhaustion if sleep schedules are not strictly
maintained. However, as network density increases, syn-
chronized approaches often struggle to scale while avoid-
ing packet collisions, creating bottlenecks in dense IoT de-
ployments.

To address the limitations of SDC, WuR technology has
emerged as a hardware-based solution to eliminate idle
listening. Recent surveys by Chen et al. [8] and Spohn
et al. [12] provide comprehensive analyses of WuR archi-
tectures, highlighting that while passive and semi-passive
front-ends can achieve nanowatt-level power consumption,
they face significant trade-offs regarding sensitivity and
noise resilience. The maturation of this technology is evi-
denced by recent standardization efforts; Wang et al. [13]
review the integration of wake-up signals into 4G/5G cel-
lular IoT, while Sanchez-Vital et al. [9] demonstrate that
the IEEE 802.11ba amendment can extend battery life by
500% in Wi-Fi mesh networks. On the hardware implemen-
tation side, Schulthess et al. [14] characterized WakeMod,
an open-source module that consumes only 6.9 yW, demon-
strating the feasibility of discrete WuR integration. Despite
these hardware advancements, these studies primarily fo-
cus on device-level characterization or single-hop links,
often neglecting the system-level complexities of multi-hop

interference and routing,.

Recent research has attempted to integrate WuR into
higher-layer network protocols. Shah et al. [10] proposed
DU-TSCH, a dual-mode MAC that separates low-delay
and best-effort traffic to improve reliability, while Ding and
Tatinian [15] developed a hierarchical simulation frame-
work to model realistic hardware behaviors, such as false
wake-ups. In specific application domains, Panga and
Borkotoky [16] and Shah et al. [17] utilized WuR for UAV-
assisted data collection, employing clustering techniques
to optimize energy efficiency. Similarly, Mosavat et al. [18]
explored WuR for batteryless, energy-harvesting nodes,
demonstrating significant goodput improvements. How-
ever, these solutions often rely on centralized scheduling or
specific topologies that do not generalize to autonomous,
distributed sensor networks. Furthermore, alternative long-
range approaches such as the preamble-sampling methods
for LoRa proposed by Leenders et al. [19] and Hong et
al. [20] show that while duty-cycling can be optimized, it
still incurs high airtime costs compared to dedicated WuR
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hardware.

A persistent gap in the literature is the lack of rigor-
ous, long-term comparative analyses that account for net-
work impairments. Deshpande et al. [21] noted that wake-
up messages are susceptible to channel erasure and in-
terference, yet few studies quantify the impact of these
collisions over long durations. While Rup and Bajic [22]
frame WuR as a key enabler for Green IoT, and older works
such as Ghribi and Meddeb [23] began exploring collision
avoidance, there is a scarcity of studies that simulate the
energy-latency-reliability trade-off under stochastic traffic
for extended periods. Most existing comparisons, such as
those in [15] or [24], rely on short-term metrics or idealized
channel models. This study addresses these deficiencies
by providing a side-by-side evaluation of SDC and WuR
strategies, specifically modeling the impact of collisions
and battery depletion in a realistic, long-term simulation
environment.

3. Materials and methods

3.1. Simulation Framework and Software Environment

To ensure a rigorous, reproducible, and unbiased com-
parison of power-management strategies in battery-
constrained IoT networks, a discrete-event simulation
framework in Python 3.10 was developed. The simula-
tion environment was built from first principles to avoid
introducing implicit assumptions from existing network
simulators. Core functionality was implemented using
SimPy 4.0.1 for discrete-event modeling, NumPy 1.24 for
stochastic process generation and numerical computation,
Pandas 2.0 for structured data aggregation and analysis,
and Matplotlib 3.7 with Seaborn 0.12 for statistical visual-
ization.

All simulations were executed under reproducible ran-
dom states to enable exact replication of results. To quantify
statistical robustness, each experimental configuration was
run across five independent random seeds, with aggre-
gated results reported as mean =+ standard deviation. This
multi-seed protocol accounts for the stochastic nature of
Poisson packet generation and ensures that observed per-
formance differences reflect system behavior rather than
sampling artifacts (Table 1).

3.2. Network Topology and Traffic Model

The simulated network consisted of N homogeneous sen-
sor nodes operating in a single-hop star topology, commu-
nicating with a central gateway. For the baseline config-
uration, N = 50 nodes were deployed, with sensitivity
analyses conducted at N € {20,100} to assess scalabil-
ity. All nodes were assumed to be within communication

Table 1. Main simulation parameters and assumptions

Purpose

Parameter Setting

Category

Software

Simulation environment

Randomization

Python 3.10, SimPy 4.0.1, NumPy 1.24, Pandas 2.0, Matplotlib 3.7  Reproducible discrete-event simulation

Statistical robustness

Number of seeds
Topology

5 independent seeds

Isolation of energy-management effects

Main comparative scenario

Scalability analysis

Single-hop star topology

50 nodes

Baseline nodes

Network topology

Network size

Sensitivity nodes 20 and 100 nodes

Network size

Stochastic IoT traffic modeling

Traffic-load analysis
Fixed packet length

600 s baseline; 300 s and 1200 s sensitivity
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Packet airtime calculation
Initial energy budget
Transmission energy
Idle-listening energy
Deep-sleep energy

Transmission rate
Battery type
TX power

Data rate

250 kbps

CR2032 coin cell, 3.0 V, 225 mAh

57 mW

Battery model
Radio power

RX/listening power 62.4 mW

Sleep power

Radio power

0.003 mW
50 yW
1%

Radio power

Secondary receiver energy

WuR listening power

Wake-up radio

Non-ideal transmission modeling

Channel model

Channel-loss probability
Collision condition

Shared-channel contention modeling

Baseline comparison

Collision model

Overlapping packet transmissions

7 days

Short-term simulation

Baseline horizon

Battery-lifetime evaluation

365 days

Sustainability simulation

Long-term horizon
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range of the gateway, abstracting away propagation and
multi-hop routing complexities to isolate the fundamental
energy-management trade-offs of interest.

Each node generated data packets independently ac-
cording to a Poisson process with rate parameter A = ﬁ
and At ~ Exp(A), where Tgen represents the mean inter-
packet interval. For the baseline configuration, Tgen = 600
seconds (10 minutes), reflecting typical low-rate environ-
mental monitoring applications. Sensitivity analyses ex-
plored Tgen € {300,600, 1200} seconds to examine behavior
under varying traffic intensities. Packets were fixed at 1024
bits and transmitted at 250 kbps, yielding a nominal air
time of Ty = 4.096 milliseconds per packet.

This stochastic traffic model captures the asynchronous,
event-driven nature of real-world IoT deployments where
sensor readings are triggered by environmental phenom-
ena or periodic sampling that does not align across nodes.

3.3. Energy Model and Battery Dynamics

Each sensor node was equipped with a virtual battery mod-
eled after a CR2032 coin cell: 3.0 V nominal voltage, 225
mAh capacity, yielding an initial energy budget of:

Ep = Vhom X Cpat X 3600 @

3600 3600
Eo—VXCXm—3.0X225Xm—Z430] (2)
Ei(t) = Eo — ZsPsTi4(t) ®)

where P; is the power consumption of state s, and T; 5 (¢)
is the cumulative time spent by node i in that state up to
time t. The considered states were transmission, recep-
tion/listening, deep sleep, and WuR listening. A node
was considered non-operational when E;(t) < 0. As
shown in Eq. (3), power consumption profiles were de-
rived from datasheets of representative low-power wireless
transceivers (such as Texas Instruments CC2420, Nordic
nRF52 series) and wake-up radio prototypes reported in
recent literature. The main transceiver power states were:
Transmit (TX) at Pry = 57.0 mW, Receive/Listen (RX) at
Prx = 62.4 mW, and Sleep at Pyeep, = 0.003 mW (deep
sleep, ~1 pA current draw). For the WuR-assisted scenario,
a secondary ultra-low-power receiver was active contin-
uously with Pyyur = 0.050 mW (50 uW, representative of
state-of-the-art WuR designs).

Energy consumption was computed by integrating
power over time for each operational state. For a node
spending time tTx, frx, tsleeps and fyyR in respective states,
the total energy consumed is given by Eq. (4):

Econs = pTXtTX + PRXtRX + Psleeptsleep + PWuRthR (4)

A node was declared non-operational when E(t) = Eg —
Econs(t) < 0. This deterministic energy model assumes

ideal battery behavior (no capacity fade, constant voltage)
to isolate the impact of radio power management from
electrochemical effects.

3.4. Communication Scenarios and Operational Logic

Three distinct power-management strategies, each repre-
senting a fundamental class of approaches used in practice,
were evaluated.

3.4.1. Scenario A: Always-On Baseline

In the Always-On configuration, the main radio transceiver
remains continuously in the receive (RX) state, ensur-
ing immediate packet reception capability. This repre-
sents the simplest but most energy-intensive approach,
with idle listening power dominating the energy budget.
Upon packet generation, the node transitions to TX for
Tix = % = 0.004096 s, then immediately returns to RX.
No sleep state is ever entered. This scenario serves as an
upper bound on responsiveness (zero latency) and a lower
bound on energy efficiency.

3.4.2. Scenario B: SDC

The SDC protocol implements periodic sleep-wake cycles
to reduce idle listening energy. Nodes operate on a fixed
duty cycle period Ty. = 1.0 s, remaining in deep sleep for
Tsieep = 0.99 s and waking to listen for Tjisren = 0.01's (1%
duty cycle). Packet transmissions are deferred until the next
active listening window, introducing latency proportional
to Tyc.

To account for the cost of maintaining network-wide
synchronization, periodic synchronization events was mod-
eled every Tsync = 3600 s (1 hour). Each synchronization
event involves a brief RX phase of Tsync, rx = 0.01 s to re-
ceive a beacon, followed by a TX phase of Tync, Tx = 0.005
s to acknowledge, consuming Eq. (5):

Esync = Prx Tsync, rx + Prx Tsync, TX 5)

This overhead, typically neglected in prior work, ac-
counts for the practical cost of time synchronization proto-
cols (such as TSCH, FTSP) and ensures completeness of the
SDC energy model.

3.4.3. Scenario C: WuR Assisted

The WuR-assisted system employs a heterogeneous dual-
radio architecture. The main transceiver remains in deep
sleep by default, while a secondary ultra-low-power WuR
continuously monitors for wake-up signals at Pyy,r. Upon
packet generation, the main radio is powered on only for
the duration of transmission Ty, then immediately returns
to sleep. This approach eliminates idle listening of the main
radio, replacing it with the microwatt-level power draw



Journal of Applied Science and Engineering 36 (2027) 27036045 5

of the WuR. Latency is effectively zero, as transmission
occurs immediately upon generation without waiting for
scheduled windows.

3.5. Channel Model and Packet Success Criteria

To account for network impairments, the baseline simu-
lation was extended with an explicit channel model that
captures two primary failure modes. The collision model
marks packets transmitted with overlapping time intervals
(i-e. fstarti < fend,j and fstart,j < fend,i for packets i and j) as
collisions, with all packets involved in a collision deemed
lost. This models contention on a shared single-channel
medium without CSMA /CA or other collision avoidance
mechanisms. The channel loss model subjects packets that
successfully avoided collisions to an independent Bernoulli
trial with failure probability pjyss = 0.01 (1%), representing
aggregate effects of fading, interference, and thermal noise.
This probability is consistent with typical packet error rates
in indoor IoT environments at moderate SNR.

A packet was classified as successfully delivered only
if it avoided both collision and channel loss. Performance
metrics (throughput, energy per successful packet) were
computed using only successfully delivered packets, pro-
viding a realistic lower bound on network performance.
Failed packets still incurred energy cost (transmission oc-
curred but was lost), accurately reflecting wasted energy
in lossy environments. This dual-failure model allows us
to quantify the interaction between MAC-layer contention
(higher under bursty Poisson traffic) and physical-layer
reliability. Accordingly, the delivery status of each packet
was determined through a two-step decision rule. First, the
simulator checked whether the packet transmission inter-
val overlapped with any other packet transmission interval
on the shared channel. If an overlap occurred, all involved
packets were marked as collision losses. Second, packets
that avoided collision were subjected to an independent
Bernoulli trial with a channel-loss probability of 1%. A
packet was counted as successfully delivered only when it
passed both the collision test and the channel-loss test.

3.6. Performance Metrics and Data Collection

For each node in each simulation run, detailed operational
logs at packet-level granularity were recorded, including
generation time, transmission start/end times, and success
status. From these logs, the following metrics were com-
puted: Node Lifetime (Lo4e), defined as total operational
time in hours until battery depletion, capped at simulation
duration for surviving nodes; Packets Attempted (Natt),
representing the total number of packets generated and
transmitted by a node; Packets Successful (Nsycc), defined

as the subset of attempted packets successfully delivered
(no collision, no channel loss); Packet Loss Rate, calcu-

lated as PLR = 1 — %j&c, Average Latency (7), measured
as the mean time from packet generation to transmission
start in seconds (for Always-On and WuR, latency is near-
zero with immediate transmission, while for SDC, latency
is due to waiting for the next listening window); Energy

per Successful Packet, quantified as Egycc = ffsi':i in milli-
joules, measuring the energetic cost of useful data delivery;
and Final Battery Level, expressed as a percentage of ini-
tial capacity remaining at simulation end, computed as
100 x Hpal =100 x Eopfeons

Scenario-level statistics were computed by aggregating
across all nodes and all seeds, reporting mean and stan-
dard deviation for each metric. This provides both central
tendency (expected performance) and dispersion (robust-
ness/variability). The packet loss rate was calculated as:

Nattempted — Nsuccessful

PLR = 6)

N, attempted

where Nyttempted 1S the total number of generated and trans-
mitted packets, and Ngyccesstul is the number of packets
successfully delivered. The average packet latency was
calculated as:

1
Lavg = N

successful

Y (Fexstart — tgen) 7)

where tgen is the packet-generation time and tix start is the
transmission start time. The energy cost per successful
packet was calculated as:
EO — Efinal
Eowe = — ®)
P Nsuccessful
where Ef) is the remaining battery energy at the end of
the simulation or at the time of node failure. This metric
normalizes the total energy consumption by the amount of
useful data successfully delivered.

3.7. Experimental Configurations

To ensure robustness, simulations were conducted across
multiple configurations. In addition to the baseline setup
defined in Sections 3.1 and 3.2 (50 nodes, 600 s interval,
7-day duration), sensitivity analyses to test scalability and
traffic load were performed. These included: Low Density
(20 nodes), High Density (100 nodes), and High Traffic (300
s interval). Finally, a Long-Horizon configuration extended
the simulation to 365 days for the Duty-Cycled and WuR-
Assisted scenarios to assess multi-year viability (Always-
On was excluded due to rapid failure). All configurations
used random seed replicates to ensure statistical validity.
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Table 2. Discrete-event simulation procedure

Algorithm 1. Discrete-event simulation procedure.

Step 1: Initialize the simulation environment, random seed, network size, battery

capacity, radio power states, traffic rate, and simulation horizon.

Step 2: For each node, generate packet-arrival events according to the Poisson traffic
model.

Step 3: For each packet event, determine the active communication scenario: Always-
On, SDC, or WuR-assisted operation.

Step 4: Update the node radio state according to the selected scenario and compute the
corresponding energy consumption.

Step 5: For SDC, defer packet transmission until the next active listening window and
include periodic synchronization overhead.

Step 6: For WuR-assisted communication, keep the main radio in sleep mode and
activate it only during packet transmission.

Step 7: Apply the channel model by checking collision overlap and stochastic channel
loss.

Step 8: Record packet status, latency, energy consumption, and remaining battery level.
Step 9: Repeat the simulation for all nodes, configurations, and random seeds.

Step 10: Aggregate the results and compute mean and standard deviation for lifetime,

packet loss rate, latency, energy per successful packet, throughput, and final battery

level.

3.8. Data Processing and Statistical Analysis

Raw simulation outputs (node-level logs, packet-level
events) were exported to CSV format for reproducibility
and post-processing. All analyses were performed us-
ing Pandas and NumPy, with visualizations generated us-
ing Matplotlib and Seaborn. Statistical summaries report
means =+ standard deviation across seeds, with individual
node distributions visualized using box plots to reveal both
central tendency and tail behavior.

Energy consumption breakdowns were computed by
multiplying time spent in each state by the corresponding
power level, aggregating across all nodes per scenario. This
state-level accounting provides mechanistic insight into the
sources of energy drain. For long-term simulations, sur-
vival curves (fraction of nodes remaining operational vs.
time) and projected multi-year battery lifetime by extrapo-
lating observed depletion rates were computed.

3.9. Methodological Assumptions and Scope

Several assumptions were adopted to keep the simulation
focused on the energy-management behavior of the com-
pared communication strategies. First, a single-hop star
topology was used to isolate the effects of radio duty cy-
cling, wake-up operation, packet collisions, and battery
depletion without introducing additional routing overhead.
Second, homogeneous sensor nodes were assumed so that
performance differences could be attributed to the com-
munication strategy rather than hardware heterogeneity.

Third, the battery model assumed constant nominal voltage
and did not include temperature-dependent capacity varia-
tion or electrochemical aging. Fourth, the channel model
considered packet collisions and independent stochastic
channel loss but did not include capture effects, retrans-
mission protocols, adaptive modulation, or multi-channel
access. These assumptions define the scope of the present
study and provide a controlled basis for comparing Always-
On, SDC, and WuR-assisted communication. Future exten-
sions can incorporate multi-hop routing, heterogeneous
hardware, adaptive medium-access control, and experi-
mental testbed validation.

4. Results and discussion

4.1. Baseline Network Performance: 7-Day, 50-Node Con-
figuration

The key performance indicators for the baseline configura-
tion are summarized in Table 3. The Always-On scenario
failed on average after 10.8 hours, confirming that contin-
uous idle listening is unsustainable for battery-powered
nodes. In contrast, both Duty-Cycled and WuR-Assisted
nodes survived the full 7-day simulation. However, effi-
ciency differences were stark: WuR nodes consumed 92%
less energy than SDC nodes, while maintaining 98.75% bat-
tery capacity, compared with SDC’s 84.38%. Furthermore,
WuR achieved a packet loss rate of only 1.1%, compared
with 8.7% for SDC, demonstrating superior reliability even
under standard load conditions.
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Table 3. Summary of Key Performance Indicators (Baseline Configuration)

Metric Always-On Duty-Cycled WuR-Assisted
Avg. Lifetime (Days) 0.45 £+ 0.00 7.00 £ 0.00 7.00 £ 0.00
Total Packets Successful (Network) 16,003 229,850 249,058
Avg. Final Battery (%) 0.00 £ 0.00 84.38 4+ 0.00 98.75 4+ 0.00
Energy per Successful Packet (m]) 38,560 + 4,953 4133+ 134 30.6 + 1.0
Packet Loss Rate 0.0099 £+ 0.012  0.0876 £ 0.0088  0.0111 £ 0.0031
Avg. Latency (ms) 0.0+0.0 5099 +£9.1 0.0+0.0

4.1.1. Network Lifetime and Battery Depletion

While the Always-On baseline proved non-viable, the sur-
vival curves of the remaining strategies diverged signifi-
cantly. Duty-Cycled nodes consumed approximately 380
J over the week, a linear drain driven by the fixed costs
of synchronization and the 1% duty cycle. WuR-Assisted
nodes, however, operated near-losslessly, consuming only
~30J. Fig. 1 (left) illustrates the final battery distribution,
showing tight clustering near 100% for WuR, whereas SDC
exhibits broader variance due to the stochastic nature of
packet waiting times. Fig. 1 (right) confirms that through-
put was nearly identical across viable strategies (~920-990
packets), meaning the 13-fold energy reduction achieved
by WuR comes without compromising data delivery. This
demonstrates that eliminating the main radio’s idle listen-
ing is far more effective than merely duty-cycling it.

Final Battery (7 days, 50 nodes) Packets per Node (7 days, 50 nodes)
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Fig. 1. Baseline network lifetime and throughput
distributions

4.1.2. Network Throughput and Packet Delivery

Despite the Always-On scenario’s energy failure, it trans-
mitted 16,003 packets network-wide before collapse, av-
eraging ~64 packets per node. However, this represents
less than 7% of the throughput achieved by the two viable
strategies. Duty-Cycled and WuR-Assisted scenarios deliv-
ered 229,850 and 249,058 successful packets, respectively,
over the 7 days, corresponding to approximately 920-996
packets per node. The slightly higher throughput for WuR
(+8.3% vs. Duty-Cycled) is attributable to lower packet

loss rather than higher generation rates. Both scenarios
generated similar numbers of packets (stochastic Poisson
process identical across scenarios), but WuR experienced
significantly lower loss.

4.1.3. Energy Efficiency: Cost per Successful Packet

Energy per successfully delivered packet provides a nor-
malized efficiency metric that accounts for both total en-
ergy consumption and useful work accomplished. Always-
On incurred an extraordinary cost of 38,560 + 4,953 mJ
per successful packet, reflecting massive wasted energy
during idle listening relative to the brief transmission du-
ration. High variance (£13%) arises from node-to-node
differences in the timing of battery depletion relative to
packet generation events. Duty-Cycled operation reduced
this cost by nearly two orders of magnitude to 413.3 &
13.4 m] per packet, confirming the well-established benefit
of duty cycling. However, WuR-Assisted achieved a fur-
ther order-of-magnitude improvement to 30.6 & 1.0 mJ per
packet, representing a 13.5x efficiency gain over SDC and
a1,260x gain over Always-On. Low variance (£3%) across
seeds demonstrates the robustness of this advantage.

Fig. 2 presents a multi-panel visualization of the trade-
offs among energy efficiency, packet loss, and latency. The
logarithmic scale on the energy axis clearly illustrates the
orders-of-magnitude differences. These results quantita-
tively validate the theoretical expectation that replacing
high-power idle listening with microwatt-level WuR moni-
toring fundamentally alters the system’s energy profile.

4.1.4. Reliability: Packet Loss Rates Under Network Impairments

The inclusion of collisions and channel loss revealed mean-
ingful differences in reliability across scenarios. Always-
On and WuR exhibited similar low loss rates (~1.0-1.1%),
consistent with the 1% channel-loss model and minimal col-
lision probability at low node density during the brief op-
erational window of Always-On nodes. In contrast, Duty-
Cycled nodes experienced 8.76 + 0.88% packet loss, an
8-fold increase compared to WuR. This elevated loss arises
from temporal clustering: since all nodes synchronize their
transmissions to narrow 10 ms listening windows, Poisson-
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Energy per Successful Packet
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Fig. 3. Sensitivity of energy efficiency and reliability to
network configuration

generated packets from multiple nodes frequently collide
within these windows. The collision rate scales with node
density and traffic intensity, a vulnerability inherent to syn-
chronous MAC protocols. WuR’s near-zero latency and
asynchronous transmission eliminate temporal clustering,
distributing transmissions uniformly over time and drasti-
cally reducing collision probability. This represents a previ-

ously under-appreciated advantage of the WuR paradigm:
superior reliability in addition to superior energy efficiency.

4.1.5. Latency Analysis

Average packet latency for Always-On and WuR scenarios
was effectively zero (within simulation time resolution), as
packets are transmitted immediately upon generation. For
Duty-Cycled nodes, mean latency was 509.9 £ 9.1 millisec-
onds, closely matching the theoretical expectation of 500 ms
for uniformly distributed packet arrivals within a 1-second
cycle. Low variance confirms consistent behavior across
seeds. This ~0.5-second delay is acceptable for many low-
rate IoT applications but problematic for latency-sensitive
use cases such as event-driven alarms or closed-loop con-
trol. WuR provides the latency profile of Always-On with
energy efficiency far surpassing Duty-Cycled, effectively
decoupling the traditional energy-latency trade-off.

4.2. Sensitivity Analysis: Robustness to Network Config-
uration

To assess the generalizability of baseline findings, node
density and traffic intensity across four configurations were
varied. Table 4 summarizes energy per successful packet
and packet loss rate for each configuration and scenario.
All configurations ran for 7 days with 5 seeds per scenario.

4.2.1. Impact of Node Density

Increasing node count from 20 to 100 while holding traffic
rate constant (600 s interval) revealed divergent trends.
WuR energy efficiency remained remarkably stable (~30.6
m]J /packet across all densities), as transmission timing is
independent of other nodes. WuR loss rate also remained
low and constant (~1.1%), constrained primarily by the 1%
channel-loss model.

In contrast, Duty-Cycled energy per packet increased
from 392.8 to 449.7 m] (+14.5%) with density, reflecting
higher collision rates that waste energy on unsuccessful
transmissions. More strikingly, the Duty-Cycled loss rate in-
creased dramatically from 3.98% (20 nodes) to 16.10% (100
nodes), a 4-fold increase. This super-linear growth confirms
that collision probability scales nonlinearly with the num-
ber of nodes contending within synchronized windows,
a fundamental scalability limitation of SDC. Always-On
energy per packet remained roughly constant across den-
sities (~38 k] / packet), as idle listening dominates energy
consumption regardless of contention. Its loss rate stayed
near the channel loss floor (~1%), but this seemingly high
reliability is meaningless given the scenario’s non-viability
due to energy exhaustion. Fig. 3 depicts trends in energy ef-
ficiency and loss rate across configurations. The diverging
trajectories of Duty-Cycled (degrading) vs. WuR (stable) as
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Table 4. Sensitivity of Energy Efficiency and Reliability to Network Load

Configuration Scenario Energy/Packet (m]J) Packet Loss Rate
Low Density (20 nodes) Always-On 38,148 + 4,959 0.0106 + 0.012
Duty-Cycled 392.8 +12.2 0.0398 £ 0.0066
WuR-Assisted  30.6 £+ 0.9 0.0099 + 0.0032
Baseline (50 nodes) Always-On 38,577 + 4,931 0.0104 £ 0.012
Duty-Cycled 413.2 +13.4 0.0876 + 0.0088
WuR-Assisted  30.6 £ 1.0 0.0109 + 0.0031
High Density (100 nodes) Always-On 38,406 + 4,802 0.0115 + 0.013
Duty-Cycled 449.7 + 145 0.1610 £ 0.011
WuR-Assisted 30.6 £ 1.0 0.0110 £ 0.0033
High Traffic (300 s) Always-On 19,099 £ 1,760 0.0115 £ 0.0089
Duty-Cycled 2244 +5.2 0.1586 + 0.0082
WuR-Assisted 154 £+ 04 0.0113 £ 0.0025

density increases underscore WuR's superior scalability.

4.2.2. Impact of Traffic Intensity

Doubling the traffic rate (halving the inter-packet interval
from 600 to 300 seconds) increased the offered load while
maintaining the node count at 50. Interestingly, energy per
successful packet decreased for all scenarios (Always-On:
19,099 mJ; Duty-Cycled: 224.4 m]; WuR: 15.4 m]), because
fixed idle/sleep power is now amortized over more use-
ful transmissions. This economy of scale effect is most
pronounced for WuR, which decreases from 30.6 to 15.4
m]J (—50%), indicating that WuR efficiency improves with
higher utilization. However, the duty-cycled loss rate re-
mained elevated at 15.86%, only marginally lower than
the high-density case, despite fewer nodes, because a dou-
bled traffic rate increases collision probability within each
listening window. WuR loss remained low (~1.13%), indi-
cating that even under doubled load, asynchronous trans-
mission avoids contention effectively. These trends suggest
that WuR'’s advantages strengthen rather than diminish un-
der realistic IoT deployment conditions (moderate-to-high
node counts, variable traffic patterns).

4.3. Long-Term Network Sustainability: 365-Day Simula-
tion

The simulation was extended to 365 days for the Duty-

Cycled and WuR-Assisted scenarios, while the Always-

On scenario was excluded because it fails within hours to

provide insights into multi-month and multi-year behavior.

Table 5 presents long-term performance metrics.

4.3.1. Duty-Cycled Long-Term Limitations

Duty-Cycled nodes survived an average of 44.8 days (~6.4
weeks) before battery exhaustion, well short of the desired
multi-year operational lifetime for autonomous IoT deploy-
ments. Linear extrapolation of the 7-day energy consump-
tion rate (84.4% remaining after 7 days — ~15.6% con-

sumed) predicts depletion around day 45, closely matching
observed results. This consistency confirms that the energy
model scales linearly over time under constant traffic condi-
tions. Despite lasting only 12.3% of the simulation period,
Duty-Cycled nodes delivered 882,469 successful packets
network-wide, demonstrating that substantial data can be
collected before failure. However, the network becomes
nonfunctional after 45 days, necessitating either costly bat-
tery replacement or energy-harvesting infrastructure.

4.3.2. WuR Long-Term Viability

In stark contrast, all WuR-Assisted nodes survived the full
365-day simulation, retaining 34.61 £ 0.002% of initial bat-
tery capacity. Remarkably low variance (+0.0006% relative)
across seeds indicates highly predictable long-term behav-
ior. At this depletion rate, nodes would last approximately
1.5 years before exhaustion (extrapolating linearly: 365
days consumed 65.4% — 100% consumed at ~558 days).
WuR nodes delivered 7.80 million successful packets over
the year, an 8.8 improvement over Duty-Cycled through-
put solely due to extended operational lifetime (packets
per day were similar across viable scenarios). Energy per
successful packet remained consistent at 30.6 m] across
7-day and 365-day horizons, confirming the scalability of
efficiency over time. Fig. 4 presents comparisons of long-
term lifetime and final battery performance. The dramatic
disparity (45 days vs. 365 days, 0% vs. 35% remaining) illus-
trates that WuR is not merely incrementally better, but cate-
gorically different in enabling truly long-term autonomous
operation.

4.4. Energy Consumption Breakdown by Operational
State

To elucidate the mechanistic origins of observed energy
differences, total energy consumption by node state (Trans-
mit, Receive, Sleep, WuR Listen) was decomposed. Table 6
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Table 5. Long-Term Network Sustainability (365-Day Simulation, 50 Nodes)

Metric

Duty-Cycled WuR-Assisted

Avg. Lifetime (Days)
Final Battery (%)

Total Packets Successful (Network)
Energy per Successful Packet (m])

Packet Loss Rate

0.0872 £ 0.0034

448 £0.0 365.0 £ 0.0
0.00 £ 0.00 34.61 £+ 0.002
882,469 7,797,497

4131+ 54 30.6 £0.1

0.0107 £ 0.0004
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Fig. 4. Long-term network sustainability (365-day
simulation, 50 nodes, 3 seeds)

presents state-level energy accounting for the 7-day base-
line configuration.

4.4.1. Energy Inefficiency of Always-On Operation

Always-On energy is 99.99% idle listening (RX), with negli-
gible transmission cost (<0.01%). This extreme imbalance
confirms that idle listening is the dominant energy drain,
consuming ~2430 J to deliver ~64 packets, an energetic
cost of 38 ] per packet. Given that actual packet transmis-
sion consumes only ~0.23 mJ (57 mW X 4.096 ms), the
efficiency loss is 160,000 x. This quantifies the fundamental
unsustainability of continuous idle listening.

4.4.2. Duty-Cycled Energy Distribution

Duty-cycling reduces RX energy by 85% (369.8 ] vs. 2429.5])
through periodic sleep, but RX still constitutes 97.5% of to-
tal consumption. Sleep energy (4.46 J) and TX energy (5.15
J) are negligible relative to the others. The persistence of
RX dominance reflects the 1% duty cycle: even at 10 ms per
second, RX power (62.4 mW) is 20,800 x higher than sleep
power (0.003 mW), so brief listening periods accumulate
substantial energy. Synchronization overhead contributes
an estimated 3-5 J over 7 days (168 sync events x ~0.02 ]
each), a minor but non-negligible cost that justifies explicit
modeling.

4.4.3. WuR Energy Transformation

WuR fundamentally restructures the energy profile: RX en-
ergy is eliminated entirely, replaced by WuR Listen energy

(25.33 J, 83% of total). TX energy (5.11 J, 17%) becomes
non-negligible, as the energy budget is now dominated
by productive work rather than idle overhead. The WuR
energy (25.33]) is 14.6 x lower than Duty-Cycled RX en-
ergy (369.8 J), despite being always on, because the WuR
power draw is three orders of magnitude lower than the
main radio’s RX power. This breakdown provides a mech-
anistic explanation for WuR’s efficiency: by substituting a
50 uW secondary receiver for a 62.4 mW primary receiver
during idle periods, the system achieves a three orders-of-
magnitude reduction in idle power, which directly trans-
lates into the observed order-of-magnitude reduction in
total energy.

4.5. Overall Discussion and Implications

The results provide a quantitative foundation for evaluat-
ing power-management strategies in battery-constrained
IoT deployments. The Always-On approach, while concep-
tually simple, is categorically unsuitable for autonomous
operation, exhibiting sub-day lifetimes and energy costs
that are three orders of magnitude higher than those of
viable alternatives. This finding, consistent with decades of
research on wireless sensor networks, underscores the fun-
damental necessity of power management. Synchronous
Duty Cycling emerges as a viable medium-term solution,
extending network lifetime to weeks or months with mod-
erate energy efficiency (413 mJ/packet). However, SDC
suffers from two critical limitations revealed by sensitivity
and long-term analyses. First, packet loss rates escalate
from ~4% (low density) to 16% (high density/traffic) due
to collision clustering within synchronized windows, fun-
damentally limiting scalability. Second, depletion within
45 days falls short of the multi-year operational lifetimes
required for economically viable autonomous sensing.
Wake-up Radio technology addresses both limita-
tions, achieving order-of-magnitude energy efficiency (30.6
m]J/packet, a 13.5x improvement over SDC), scalable re-
liability (loss rates bounded near 1%), and zero-latency
operation. These combined advantages position WuR as
a Pareto-optimal solution in the energy-latency-reliability
trade-off space, dominating both Always-On (lower en-
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Table 6. Average Energy Consumption Breakdown per Node (7-Day Baseline)

Scenario TX Energy (J) RX Energy (J) Sleep Energy (J) WuR Listen Energy (J) Total (J)

Always-On 0.21 £ 0.03 2429.5+ 0.0 0.0 £0.0 0.0 £0.0 2429.7 £ 0.0
Duty-Cycled 515+ 0.16 369.8 +11.3 4.46 £0.14 0.0+0.0 3794+ 11.6
WuR-Assisted 511 £0.16 0.0 £0.0 0.0 £0.0 25.33 £0.79 30.44 £0.95

ergy, equal latency) and Duty-Cycled (lower energy, lower
latency, higher reliability).

While the results strongly favor WuR, practical deploy-
ment requires consideration of trade-offs not captured in
this energy-centric analysis. Hardware cost and complex-
ity increase with the addition of a secondary receiver, al-
though integration into commercial SoCs is mitigating this
barrier. The range limitations of lower-sensitivity WuR
receivers may necessitate hybrid approaches in multi-hop
networks. Furthermore, while SDC incurs synchronization
overhead that scales with network size, WuR eliminates
this requirement, thereby providing robustness to node
mobility and intermittent connectivity. The findings align
with and extend prior WuR evaluations by providing quan-
titative validation of theoretical advantages over realistic
timescales and demonstrating robustness to network con-
ditions. The 365-day simulation specifically addresses a
gap in the literature by validating WuR as a pathway to
multi-year autonomous operation.

This study makes several simplifying assumptions that
suggest directions for future investigation. The collision
model assumes perfect capture and does not account for
successive interference cancellation. The idealized battery
model does not capture capacity fade or temperature de-
pendence. Multi-hop routing overhead and dynamic topol-
ogy changes were not considered, nor were heterogeneous
traffic patterns. Future work should extend this framework
to incorporate these factors, conduct experimental valida-
tion on physical testbeds, and integrate it with real-world
energy harvesting.

5. Conclusion

This study compared Always-On, SDC, and WuR-assisted
communication strategies for battery-powered IoT net-
works over a 365-day simulation horizon. The results in-
dicate that WuR provides a more effective architecture for
long-term autonomous operation. WuR nodes maintained
packet loss below 1.2% across network loads, whereas SDC
reliability degraded superlinearly and reached approxi-
mately 16% packet loss under high-contention conditions.
WuR also achieved an energy cost of 30.6 m]J per success-
ful packet, corresponding to a 13.5-fold improvement over
SDC, and supported a projected battery lifetime exceed-

ing 1.5 years, compared with approximately 45 days for
SDC. By decoupling energy efficiency from latency, WuR-
assisted communication can support scalable and sustain-
able IoT networks. Future work should extend the frame-
work to multi-hop routing, heterogeneous traffic, adaptive
medium-access control, and experimental validation.
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