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Highlights

What are the main findings?

e  We experimentally characterized all operating states (startup, transmission, reception,
and sleep) of the Semtech SX1276 LoRa transceiver and built a parametric power
model validated against measurements.

o  The model captures the dependence on transmission power (RFO vs. PA_BOOST),
sleep strategy (VCC ON/OFF) and packetization effects, and it remains configurable
for the number of reception events.

What are the implications of the main findings?

e The model provides design guidelines for ultra-low power, harvested or battery-less
IoT nodes, where minimizing the RF energy budget is critical.

e A distributable Python simulator based on the model allows other researchers to
estimate system consumption and adapt the configuration to their own needs.

Abstract

Energy efficiency is a key requirement for Internet of Things (IoT) nodes, particularly in
applications powered by energy harvesting that operate without batteries. In this work, we
present a parametric power model of a LoRa transceiver (Semtech SX1276) aimed at ultra-
low power remote sensing scenarios. The transceiver was characterized in all relevant states
(startup, transmission, reception, and sleep), and the results were used to build a state-based
model that predicts average power consumption as a function of transmission power, sleep
strategy, packetization, and input data rate. Experimental validation confirmed that the
cubic fit for transmission peaks achieves a determination coefficient of 0.99, while reception
is added as a constant consumption. The model was implemented in a Python simulator
that provides mean, best-case, and worst-case estimates of system power consumption, and
it was validated in an ASIC-based sensor node demonstration, with predictions within 10%
of measured values. The framework highlights the trade-offs between energy efficiency and
robustness (e.g., minimal SF and no CRC vs. higher spreading factors and error-control)
and supports the design of custom controllers for ultra-low power IoT nodes as well as
more energy-permissive applications.

Keywords: LoRa; ultra-low power; energy harvesting; battery-less IoT nodes; power
consumption model; remote sensing; ASIC controller; Python simulator
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1. Introduction

As the Internet of Things (IoT) continues to expand across sectors [1-6], the growing
density of interconnected devices makes energy efficiency a key factor for ensuring the
sustainability and longevity of these systems.

In smart cities, IoT systems collect and process data to address urban challenges such
as traffic congestion, pollution, and resource management [7,8]. Networks of environmental
sensors monitor air quality [9], noise levels [10], and weather conditions [11], providing
valuable information to improve public health initiatives.

Home automation has been completely transformed by the incorporation of IoT tech-
nology into residential homes, which allows for intelligent control and connectivity of
domestic spaces. This allows users to monitor and control their homes remotely using
voice assistants or smartphones [12]. While these systems improve security with automated
door locks and real-time surveillance, they also improve convenience with features like
climate control and automated lighting [13]. In technical implementations, communication
protocols like Wi-Fi for high-bandwidth applications or Zigbee for low-power mesh net-
works are frequently combined with inexpensive hardware (such as the Raspberry Pi and
ESP32). Despite these advantages, interoperability, data privacy, and security issues still
exist, requiring strong frameworks to safeguard private user information [14].

One key challenge of IoT solutions is the power consumption of connected devices.
Many systems operate in remote or inaccessible locations [15-17], making it difficult or cost-
expensive to replace and/or charge batteries frequently. Consequently, the development of
low-power devices is imperative to extend the operational lifespan of these devices and
reduce the environmental impact associated with frequent battery replacement. Moreover,
some common applications such as wearables demand a small-sized system, leaving no
space for large batteries.

Achieving low power in IoT devices involves a coordinated development of hard-
ware, software, and communication protocols. Hardware optimization aims to minimize
energy consumption during active and standby mode. Application-Specific Integrated
Circuits (ASIC) allow for full control of the active circuits at every moment, giving results
in the range of micro-Watts [18]. In addition, the hardware must include an efficient sensor
working at the same micro-Watts level [19]. Likewise, software optimizations, including
efficient algorithms, sleep modes, and duty cycling techniques, enable devices to save
energy without compromising functionality or responsiveness.

Furthermore, an appropriate selection of the wireless communications protocol used
in the system is crucial; it must allow the user to integrate the device into the ecosystem
while maintaining a compromise between power consumption and range. Among the vast
variety of existing protocols, we can highlight some of the most popular:

e  Bluetooth Low Energy (BLE): is a protocol designed for short-range applications that
require low latency and high data bandwidth. With its low energy consumption and
compatibility with smartphones and other consumer devices, BLE finds its place in
wearable devices, smart home appliances, and proximity-based applications such as
indoor navigation.

e Long Range (LoRa): is a long-range and low-power protocol optimized for IoT appli-
cations requiring extended coverage and minimal power consumption. Operating in
the sub-GHz frequency bands, LoRa enables communication over several kilometers
in rural and urban environments [20,21], making it ideal for applications such as
smart agriculture, environmental monitoring, and smart city infrastructure. LoRa’s
robustness in challenging radio environments and its support for bidirectional com-
munication further enhance its suitability for different IoT scenarios.

https://doi.org/10.3390/526010301


https://doi.org/10.3390/s26010301

Sensors 2026, 26, 301

30f17

e  Zigbee: is a low-power, low-data-rate protocol designed for short-range mesh net-
working applications. It offers reliable communication, low latency, and support
for large-scale applications. Commonly used in smart home automation, industrial
control systems, and building management, Zigbee facilitates interoperability among
multiple devices and enables advanced features such as network routing and self-
healing capabilities.

o  Wi-Fi: While traditionally associated with high-speed internet access, Wi-Fi technolo-
gies have evolved to address the requirements of IoT applications. Wi-Fi HaLow (IEEE
802.11ah [22]) extends the range and lowers the power consumption of traditional
Wi-Fi networks, making it suitable for IoT deployments in large-scale environments
such as smart cities and industrial facilities. Wi-Fi’s ubiquity, interoperability, and high
data throughput make it an attractive option for applications demanding real-time
data streaming and high-bandwidth communication.

e  NB-IoT (Narrowband IoT) and LTE-M (Long-Term Evolution for Machines): NB-IoT
and LTE-M are cellular-based IoT technologies designed to provide low-power, wide-
area connectivity for IoT devices. Leveraging existing cellular infrastructure, NB-IoT
and LTE-M offer extensive coverage, reliable connectivity, and support for mobility,
making them suitable for applications such as asset tracking, smart metering, and
remote monitoring in areas where other wireless technologies may be impractical
or unavailable.

Each wireless protocol presents advantages and disadvantages in terms of range,
power consumption, data rate, scalability, and deployment cost. A careful evaluation of
the requirements and constraints of a specific IoT application will decide the selection
of the most appropriate protocol to optimize performance, energy efficiency, and overall
system reliability.

To help system designers choose the most appropriate protocol in each situation,
models of the wireless device are used to have a first approach of performance and energy
consumption under different configurations and scenarios. Power models are used in
the design phase, offering predictive results into how a device behaves under varying
operational conditions. These models enable designers to estimate critical parameters, such
as battery life, energy usage during transmission and reception, and the impact of duty
cycles on power efficiency. By simulating real-world conditions, power models allow for
the fine-tuning of hardware and software configurations before physical prototypes are
built, significantly reducing development time and costs. They also help identify optimal
trade-offs between communication range, data rate, and energy consumption, ensuring the
final system meets the intended application’s requirements.

Furthermore, these models are crucial when developing custom ASICs, where achiev-
ing maximum energy efficiency is crucial. In such cases, power models guide the design
decisions, ensuring the ASIC integrates seamlessly with the wireless device while adhering
to the constraints of low power IoT applications.

Energy efficiency is the primary constraint for IoT nodes that harvest energy or operate
battery-less [23]. Among LPWAN options, LoRa is attractive for its long range at modest
power, yet end-node energy depends on radio states, transmit power path, packetization,
and sleep strategy [24]. Existing studies often report time-on-air or average currents under
specific settings, but few provide an experimentally parameterized, state-resolved model
that designers can reuse across applications. Here we characterize all operating states of
a LoRa transceiver (Semtech SX1276, Semtech Corporation, Camarillo, CA, USA), show
that only the transmission peak current scales with output power, and fit this dependence
with a compact polynomial. We integrate these data into a parametric model and release
a Python (version 3.12.0 and run in Windows 10 version 10.0.19045.6456) simulator that
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predicts average power versus input data rate, transmit period, packet size, output path,
and sleep strategy.

We validate the framework on an ASIC-based sensor node developed by our group,
using it as a realistic platform to assess the model and discuss design rules that minimize
energy while preserving link reliability. The ASIC implementation is not modeled itself;
rather, it serves as a demonstration to validate the LoRa power model at the system level.
The goal of the model is to provide ASIC designers with a predictive understanding of the
wireless transceiver’s power behavior, so that system-level optimizations (e.g., duty-cycling,
supply control, and data aggregation) can be defined early in the design process.

In this paper we present the PHY-level power model we used to develop a controller
for the LoRa transceiver (Semtech SX1276) [25] device used in the development board,
which we connected to an ultra-low power system-on-chip for IoT sensing nodes [18]. This
model allows us to study the relation between the power consumption of the transceiver
and its performance in terms of distance, packet size, etc. It is validated using performance
data extracted from lab instruments for designing a custom controller and applying it to
real-world applications in a sensor node. The model does not have into account possible
regulations or legal limitations such as the 1% duty cycle limitation in the EU in the
433 MHz band.

The methodology here presented as well as the software implementation is not
only limited to LoRa applications, but also extensible to other transceivers operating
other wireless communication protocols as long as the current consumption of the device
is characterized.

2. Materials and Methods

Our goal is to model the power consumption of a LoRa transceiver in the context of
ultra-low-power remote sensing applications powered by harvested or scavenged energy,
including battery-less scenarios. In such cases, the ability to transmit acquired data over
RF links for as long as possible with a minimal energy budget is critical. To maximize
efficiency, we configured the Semtech 5X1276 device in its lowest-power operating mode,
working in the 433 MHz band, disabling error-control features such as CRC and selecting
the minimum spreading factor (SF). This configuration minimizes transmission energy, at
the cost of discarding corrupted packets if channel conditions degrade. Based on these
constraints, we designed a dedicated controller to operate the transceiver in the lowest-
power configuration. At the same time, because other IoT applications may tolerate higher
energy consumption in exchange for improved robustness, our model is kept general and
parameterizable, allowing system designers to adapt it to their own requirements.

The experimental characterization used the minimal SF and with CRC disabled to
minimize energy consumption. These settings define the scope of the experimental vali-
dation but do not restrict the model. Since the model computes energy as a combination
of state durations and average currents, any change in SF or CRC modifies the duration
of the transmission state. Therefore, users can adapt the model to other configurations by
changing the data rate or the packet size parameters.

To quantify the transceiver consumption, we follow a state-based methodology, which
sums up the contributions of its main operating states (e.g., startup, transmission, reception,
and sleep) to determine the total energy needed by the transceiver. This method provides
an intuitive framework for predicting average node power consumption because each
state’s duration and current draw can be measured independently, then combined to yield
an average power consumption.
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For the characterization we used a SX1276MB1LAS_e311v02a development board
powered by an Agilent B2912A source meter unit, which allows us to measure the current
consumption of the board with a sampling rate of 10 us.

Figure 1 shows a record of the transceiver current draw for an 8-packet transmission
and reception. We can identify multiple sections in the whole routine, coming from sleep
mode in starts with a current peak “startup peak” and is followed by the “txStart” section, in
which the transceiver prepares itself for a transmission. Then it starts sending the packets
(“txPeak”) with a wait time between them (“txWait”), necessary to comply with the LoRa
protocol. It ends with a fixed reception time window and goes back to sleep to start again
in the future.

15 txStart txPeak
Startup peak

Supply Current (Icc) [mA]

SLEEP tWait TRANSMISSION RECEPTION

T T T T T T

0.0 0.5 1.0 1.5 2.0 2.5
Time () [ms]

Figure 1. Semtech SX1276 current consumption. General view of an 8-packet transmission and
reception in a 2 s window. Details of the different states are highlighted.

Current curves in Figure 1 shows the transceiver has four operation states with each
one having a time duration and an average power consumption associated:

1. Startup: the power supply is enabled for the transceiver to boot up. tstartup, Pstartup
2.  Transmission (tx):

e  Start: Wake up from sleep mode to transmission mode. tix,,.., Prxon
e  Peak: Data transmission peak. iy, P

e  Wait: time between packet transmission to ensure a proper reception. ty ., Ptx,.;
3. Reception (rx): the device is set to work as a receiver. t,x, prx

4. Sleep: time interval in which the radio is doing nothing. tgeep, Psteep

In these operating states, the transceiver’s behaviour across different scenarios can be
characterized using five parameters:

1. Radio transmission power: low-power (0-14 dBm) RFO output mode but lower
range or high-power PABOOST (2-20 dBm) output for long range.

2. Sleep strategy: power supply enabled during sleep periods (VCC ON) or power
supply disabled during sleep periods (VCC OFF).

3. Transmission period.

-

Data rate.
5. Number of packets per measurement interval.

To evaluate each contribution to the final power consumption value we studied
each variable independently from the others for the different states. We can differentiate
two possible situations, using the low-power RFO output or the high-power PABOOST,
and in both cases we can sweep the antenna power. The characterization covered the
programmable power range of the transceiver in both output paths: RFO mode from
0 dBm to +14 dBm, and PABOOST mode from +2 dBm to +20 dBm.
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Figure 2 shows the only section that is affected by the antenna transmission power
sweep is the txPeak (Figure 2e,f); all other transmission states only depend on whether the
RFO or the PABOOST is used. As expected, the low-power RFO output has a much lower
power consumption.
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Figure 2. Transceiver average current consumption in all transceiver states for different antenna
power values. Each point was measured 1000 times under same experimental conditions. The error
bars correspond to one sigma deviation around the average. (a) txStartup, RFO. (b) Startup PABOOST.
(c) txWait RFO. (d) txWait PABOOST. (e) txPeak RFO. (f) txPeak PABOOST.

To construct the model, we fitted the measured data using a cubic polynomial function,
using only the odd data points for fitting while reserving the even points for later validation.
After obtaining the average current consumption for each operating state, we developed
a parametric model that calculates the average LoRa power over one complete operating
cycle. A cycle includes (i) one startup event depending on the selected sleep strategy,
(ii) transmission of the configured number of packets (kpucrets), (iii) optional reception
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intervals, and (iv) a sleep phase. This process yields the total energy budget per cycle,
normalized by the cycle duration.

After each transmission sequence, the model includes an optional reception period
that depends on the application requirements. This reception window is defined as a
fixed duration long enough for the receiver node to send short reconfiguration data to
the transmitter. Once this period ends, the system transitions to the sleep state. Not all
applications require down-link communication; many energy-harvested IoT nodes operate
in one-way transmission mode, such as environmental monitoring (e.g., air-quality sensors
using LoRa in rural or urban deployments [26,27]) or structural-health monitoring systems
where data is sent from sensors on infrastructure to a gateway without expecting frequent
acknowledgements [28]. For those cases, the parameter can be set to zero in the model.

Each state power contribution is computed as

P = I;-Vee. ()

where I; represents the average current of a given state i and V¢ is the supply voltage
that is assumed to always be 3.3 V. All characterization measurements have been taken at
this voltage.

During all measurements, although a receiver was connected listening to the trans-
mitter, it can be considered transparent from the point of view of the transmitter power
consumption because the receiver configuration will not affect the energy or timing of the
transmission process.

The average power is then calculated for two possible sleep strategies, VCC ON and
VCC OFF, which represents the power supply during the sleep time. ON means that the
supply is kept active and the device is set to its own sleep, and OFF means that the power
supply is completely shut off during the sleep intervals.

In the VCC OFF strategy, the transceiver supply line is disabled during the sleep time,
meaning the device is fully powered down and its current consumption becomes negligible
(=0). When the supply is restored, the radio has a startup peak before the next transmission,
increasing the startup time and slightly raising the energy per cycle.

In contrast, the VCC ON strategy keeps the transceiver’s supply active while setting
the device into its internal sleep mode. This configuration maintains a small residual
current consumption but avoids the startup peak.

These two approaches define a design trade-off: VCC OFF minimizes average energy
usage over long sleep intervals, whereas VCC ON is advantageous when frequent wakeups
are required.

VCC ON:

Pstartuptstartup + Pixttx + Pratrx + psleeptsleep
tsturtup +tix e + tsleep

()

Pyccon =

where the transmission contribution py, is calculated as the average power over all trans-
mission subsections during a transmission sequence. The transmission state consists of
three parts: a single start phase followed by ky;crets repetitions of the packet transmission
peak and inter-packet wait period:

ptxstarfttxstart + kPﬂCkEtS- (Ptxpeak ttxpeﬂk + Ptxwaitttxwait>

ttxstart + kPﬂCkﬂ’ts ’ (ttxpeak + ttxwaif)

Ptx =

VCC OFF:
Pstartuptstartup + Prxtix + Pratrx

(4)
tstartup + fix + brx

Pycc orr =

https://doi.org/10.3390/526010301
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In this scenario, the module is shut off in the sleep time, effectively reducing the power
in this state (psjeep) to zero.

The model is developed in Python to implement the aforementioned equations and
states characterization. The user inputs the parameters presented in Table 1, the script takes
the inputs and calculates the number of packets (kcets) from the values of DRin, Bytes
and T; e.g., a system capturing a 16 bit measurement every second (DRin = 16) for 15 min
would send a total of 1800 bytes, with a number of bytes per packet of 255, k ;. would
result in 8 packets.

Table 1. Python simulator parameters list.

Symbol Parameter Description
VCC Sleep strategy gan. be ‘ON’ or OFF Jt selec.ts whether the power supply is turned on or off
uring sleep periods, respectively.
- Startup If true, startup current peak is included. If false, it is not.
If ‘RFQO’, the transmitter uses the lower power configuration (from 0 dBm to
RFO RFO 14 dBm. If 'PABOOST’, the transmitter uses the power amplifier configuration
(2 dBm to 20 dBm).
Antenna power output. It must be inside the range of the RFO parameter
Pant Antenna power . .
configuration.
T Transmission period Period between two consecutive transmissions in minutes.
DRjn Data rate input Data bits captured per second from the system.
- Bytes Number of bytes per packet.

The Python simulator calculates the mean, best-case, and worst-case power con-
sumption by considering the observed variation in the measured current values for each
operating state and then plots the corresponding curves.

3. Results and Validation

As shown before, fxPeak is the only state with a strong dependence on the transmission
power, for this reason we characterized it and validated it independently. All points have
been captured 1000 times to have a statistical variation. We fitted a cubic polynomial
function to the even measurements and validated the interpolation with the odd values.
Results are presented in Figure 3 for both output cases, RFO and PA_BOOST; the fitting
predictions align well with the measured data (all points lie within the standard deviation
error bars) with an R? of 0.99, thus confirming the model’s ability to capture the txPeak
current for any power setting between the measured boundaries.

In addition to transmission, we also characterized the reception (PHY-only) state which
revealed that the transmission antenna power has no effects in the power consumption of
the reception side and it keeps constant current consumption the whole time the radio is set
to receiver. For this reason, we have a constant current for the RX time of 13.2 mA (average
across the reception window) that lasts for 350 ms after each transmission (as shown in
Figure 1). The time window that the reception is active can be modified in the model to
suit other applications requirements, in our case this time was the minimum necessary to
receive information that the system can process.

With the model written we started studying the transceiver behavior with the goal
of developing a custom controller for an ASIC [29] with all the optimal values to reduce
power consumption while maintaining functionality.

https://doi.org/10.3390/526010301


https://doi.org/10.3390/s26010301

Sensors 2026, 26, 301

9of 17

txPeak Current () [mA]

Power Consumption (P) [uW]

New packet - ]

New packet

VccON

VccOF

VccOFF

1234567891011121314

Transmission Period (7)) [min]

HLAARL! LA L T
12345678910111213

T
14

PA_BOOST

®)

140 7
© txPeak measurements < 130 3 I,);W[mA] ~ —0.02P3,,+0.74P3,, — 0.63Paw +45.11
1|— Prediction interval é 120 _ R"=0.995
¥ txPeak validation "13 110 _
< 100
=90 3
o E
g 80 3
&: 70 E L *  txPeak measurements
L1y [mA] % 0.02P2,, +0.42P 4, +13.71 S 60 - —— Prediction interval
R2=0.989 % 50 E i ¥ txPeak validation
LA L L L AL LR LN B 40 1T
2 4 6 8 10 12 14 o 2 4 6 &8 10 12 14 16 18 20
RFO - Antenna Power (Pa,) [dBm] PABOOST - Antenna Power (Pa,,) [dBm]
() (b)
Figure 3. txPeak characterization and polynomial fitting extraction validation. (a) RFO output.
(b) PABOOST output.
In Figure 4 we present an example of usage, where we study the effects of varying
the transmission period T under different transmission powers, output powers (RFO vs.
PA_BOOST), data rates, and sleep strategies. For a fixed input data rate (DR;y), the payload
accumulated over T is packetized into k packets, with
- DR;,-T
Kpackets = cezlzng<255 .
Antenna Power (Pan,)
—— 20dBm —— 14dBm 10 dBm —— 2dBm 0 dBm
DRin =1 bps DRin =5 bps DRin =10 bps
4 ER

Figure 4. Multiple configurations example results of the power model. Each graph is evaluated for

multiple antenna power and swept over the transmission period. Different sleep strategies are also
embedded in the curves (triangles for VCC ON and circles for VCC OFF) with a supply voltage of
3.3 V. Upper curves: PA_BOOST output. Lower curves: RFO output.
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The combination of values that generate a new packet in the transmission stream
are marked with an arrow and, with a closer look, a step up in power consumption is
generated, giving us higher power consumption for less data.

In Figure 4, the “antenna power” values in dBm correspond to the RF output power
generated by the transceiver’s internal amplifier. This value represents the signal power
applied to the antenna rather than the effective radiated power, and it is set through
the device’s two available output paths: the RFO output, and the PA_BOOST output
(high-power mode). Since the radiation pattern and antenna gain depend on the external
antenna design and do not affect the electrical consumption of the transceiver, they were
not included in the power model. These parameters influence only the link efficiency and
received signal level, not the transmitter’s internal energy behavior.

With the characterization of all relevant states (startup, transmission, reception, and
sleep), we integrated the results into a parametric model of the SX1276 transceiver. To
make this model easily accessible, we developed a distributable LoRa Power Consumption
Simulator to share the model of the LoRa module with the community [30]. It enables the
user to have an approximate value of the overall system consumption in IoT environments.

The simulator uses a command-controlled application runnable in a Python envi-
ronment. To use it, you only need the Python script “LoRa_power_model.py” and a
custom dataset which includes all experimental parameters ready to work. As inputs, the
simulator needs the use conditions and free variables described in the model. It returns
the predicted mean power consumption as well as the best and worst cases with their
related uncertainties.

We used all this data to design a custom controller incorporated into an ASIC
(Figure 5) [29] intended for ultra-low power sensor monitoring. The system acquires sensor
measurements every second (i.e., 1 Hz frequency) and transmits aggregated data packets
every 15 min to a receiver node. From the transceiver perspective, it is translated to sending
900 measurements per transmission cycle, equivalent to 1800 bytes payload (2 bytes per
measurement), at 15-min intervals.

&
g‘
=
¥
=
&

E
0

Figure 5. (Top) microphotograph of the whole ASIC that includes the custom Semtech SX1276 LoRa
controller. (Bottom) layout of the controller section with a total area of 1000 um x 150 pum.

To minimize power consumption, the controller implements three key optimizations
extracted from the simulator:

https://doi.org/10.3390/526010301
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1.  Transmit Power Reduction: Antenna output power is configured at the minimum vi-
able level within the characterized range (0 dBm) to maintain reliable communication,

2. Timing Optimization: Transmission dead time is minimized, and a 0.3 s reception
window is enforced after each transmission for system reconfiguration,

3.  Sleep Strategy: The transceiver’s power supply (VCC) is completely switched off
between transmission cycles. For extended 15 min sleep intervals, this approach,
despite forcing periodic startup current peaks, proves more efficient than maintaining
VCC ON, as it eliminates standby leakage current that would otherwise dominate the
power budget (Figure 4).

The ASIC was set up to measure a controlled voltage signal over time while sending
all the data recollected every 15 min. It was supplied with a 470 mF super-capacitor at
a maximum voltage of 4.2 V with a regulator to generate the 3.3 V supply, the capacitor
voltage was tracked to see the overall power consumption of the system. Results are
presented in Figure 6 where we can see the effects of each transmission, resulting in a
(21 £ 2) mV voltage drop (averaged over the full discharge) from the super-capacitor.
With the voltage drop we can measure the energy usage per transmission (Etx) and the
weighted power per transmission (Prx), where At corresponds to the time interval between
transmissions which corresponds to the parameter Transmission period (T) in the model:

Erx = %c(vﬁ - sz) (6)

Erx
Pry = —= 7
TX = 5 (7)

--3:80-7
3.78 4
3.76
3.74 4
3.72 4
3.70
3.68
3.66 7
3.64
; — Data received| | ‘31;62-5
'I":"I'"'I""I""l'"'I""I"" 3.60 e
0 5 10 15 20 25 30 35 40 45
Time (7) [h] Elapsed time (Af) [min]

== SuperCap Avuvemge =Q21+2)m VI

— Supply
-- Signal In

Voltage (V) [V]
COOO—=—=NNNWWWL A
SLWALVNUN—=REAJOWARALON

Lol bbb b b b b b b b |

(=)
[
N
w
B
W
(o)}
N
ee]

Figure 6. Super-capacitor discharge (green) as a function of time with a transmission every 15 min of
1800 bytes (packets of 255 bytes) for an antenna power of 0 dBm. The gray dashed line delimits a
zoom in of the whole curve to capture the voltage steps of each transmission.

For a 470 mF capacitor, this results in a total measured weighted power consumption
of (40 £ 3) uW.

We previously entered the test conditions into the model. Figure 7 presents the Python
simulator showing the command-line interface in which the user sets the variables needed
to run the model and it returns the predicted power consumption for those conditions in
which resulted to 44.33 uW typical power. The predicted value differs with the measure-
ments in less than 1 uW considering the errors involved in both cases. The slight variations
with the real-world measurements in the system come from the incompleteness of the
eighth packet, which is counted as a full 255-bytes packet, although it only sends the last
15 bytes.
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>python LoRa_power_model.py —-startup True --vcc OFF —-rfo RFO —-power © —-DRin 16 --T 15 --Bytes 255
STARTING SIMULATION...

Simulation conditions:

Startup = True
Vece = OFF
Mode = RFO
Antenna power = ©

DRin = 16.0
T = 15

Bytes/packet = 255

RESULTS

Typical case power: u4.33 uw
Best case power: 44.17 pW
Worst case power: 44.49 uW

Figure 7. Python command-line interface simulator for the conditions of the deployment test of the
ASIC with an antenna power of 0 dBm.

The predicted results show a narrow difference between the best and worst cases due
to the static currents in each state in which there are almost no transient currents for most
of the time.

In order to widen the verification of the model, we tried the same test but changed the
antenna output power to 14 dBm in RFO mode; the model results are presented in Figure 8
and the real-world measurements are shown in Figure 9. The (26 & 2) mV drop corresponds
with a weighted power consumption of (48 =+ 2) uW; as in the previous validation case,
both results are well within useful range for a prediction scenario, and the slight variation
again comes from the incompleteness of the last packet Also, the “alive” time is shorter
due to the higher power consumption of the communications (as the rest of the circuits are
the same).

>python LoRa_power_model.py --startup True --vcc OFF --rfo RFO —-power 14 --DRin 16 —-T 15 —-Bytes 255
STARTING SIMULATION...

Simulation conditions:

Startup = True
Vece = OFF
Mode = RFO
Antenna power = 14
DRin = 16.0
T = 15
Bytes/packet = 255

RESULTS

Typical case power: 50.29 uW
Best case power: 50.02 uW
Worst case power: 50.57 uW

Voltage (V) [V]

Figure 8. Python command-line interface simulator for the conditions of the deployment test of the
ASIC with an antenna power of 14 dBm.
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Figure 9. Super-capacitor discharge (green) as a function of time with a transmission every 15 min of
1800 bytes (packets of 255 bytes) for an antenna power of 14 dBm. The gray dashed line delimits a
zoom in of the whole curve to capture the voltage steps of each transmission.
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4. Discussion

The proposed state-based model replicates the transceiver’s behavior by decomposing
a transmission cycle into startup, transmission (txStart/txPeak/txWait), optional reception,
and sleep. The only state that varies strongly with antenna power is fxPeak, as experimen-
tally characterized for both RFO and PA_BOOST paths; a cubic fit captures this dependence
with R? ~ 0.99 and the validation points fall within the measured standard-deviation
bars, supporting the use of this fit inside the model’s valid power ranges. The remaining
states depend primarily on the selected output path (RFO vs. PA_BOOST) and the sleep
strategy (VCC ON/OFF), which the model treats explicitly. All results assume a regulated
VCC=33V.

Building on this basis, sweeping the transmission period T reveals two competing
effects. Increasing T amortizes startup, lowering average power. However, as data accu-
mulates between transmissions, the packet count k,crets increases in steps whenever the
aggregated payload exceeds the packet size, introducing discrete rises in energy per cycle.
In our curves, this yields the familiar decrease-then-rise pattern in average power; the
minima occur just before a kpgekets increment, especially when VCC is OFF, because startup
is then fully amortized across a longer sleep. Conversely, when VCC is ON the optimum
shifts depending on the sleep current.

These effects manifest differently depending on the output stage. With RFO, per-packet
energy is low, so the staircase caused by ksckers increments is mild and the curves appear
smooth, trending toward a shallow minimum as T increases. With PA_BOOST, per-packet
energy is higher, so each kjuckts increment has a larger impact and the non-monotonic
behavior becomes pronounced: at higher data acquisition rates (DR;;, =~ 5 — 10 bps in our
examples), waiting longer can increase average power if the longer period triggers one
extra packet. This explains why the PA_BOOST curves in Figure 4 exhibit step-ups while
the RFO curves look nearly monotonic.

From these observations, several design implications follow. First, RFO should be
preferred whenever the link budget allows, since the energy penalty of PA_BOOST is
visible at the cycle level. Second, for a given DRin and packet size, it is beneficial to select
a period T just below the next packetization threshold to avoid stepping from k to k + 1.
Third, VCC-OFF is advantageous when T is long enough to amortize startup; otherwise,
VCC-ON can be competitive due to avoided re-initialization.

While reception has a fixed and relatively small energy contribution in our configura-
tion (one packet per cycle), in other deployments where multiple downlink messages are
expected, its effect can accumulate. The model allows this parameter to be scaled, so de-
signers can explore the trade-off between robustness (more receptions) and energy budget.

Finally, to validate the model at the system level, we compared its predictions with
field data. Deploying the controller ASIC with an SX1276 node that acquires one 2-byte
reading per second and transmits 1800 bytes every 15 min (=8 packets at 255 bytes each), we
observed ~35 m] per transmission event (=21 mV drop on 470 mF), which corresponds to
~41 pW weighted over a 15-min cycle. Under those same conditions, the Python simulator
predicted 44.3 pW. Increasing the antenna power to 14 dBm produced a larger voltage
drop of (26 & 2) mV, equivalent to (48 & 2) uW. Under these same conditions, the Python
simulator predicted ~249 pW. The higher estimate is small and consistent with measurement
variability and unmodeled system elements (e.g., DC/DC conversion behavior over light
loads, temperature drift, or exact packetization overhead of the last remaining bytes that
are counted as a full packet), supporting the use of the model for early-stage design
and scheduling.

The comparison with the ASIC prototype closes the validation loop between the
modeled transceiver behavior and the real integrated system. Although the ASIC itself is
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not part of the power model, it provides a representative implementation context to verify
that the predicted transceiver energy aligns with full-system measurements. This validates
the model as a design aid for ASIC and embedded system engineers who must anticipate
wireless energy costs before hardware integration.

These observations are especially relevant for battery-less sensor nodes, where the
entire RF budget must be supplied by intermittent sources. Under such constraints, our
minimal LoRa configuration (no CRC, lowest SF) favors energy efficiency over link ro-
bustness, accepting the loss of some packets to extend node lifetime. While this trade-off
is appropriate for our use case, the model remains flexible; users with more generous
energy budgets can increase the SF, which effectively raises the number of bits per message
and thus the required DRin, and the state-based framework will still provide reliable
power estimates.

To emphasize, while the measurements reported here were taken with CRC disabled
and the minimum SF to represent the most energy-efficient case, the model remains valid
for other configurations. Adjusting the Data Rate or the packet size parameter, to increase
the transmission time, allows the same framework to estimate power consumption for
CRC-enabled or higher-SF modes.

In the context of energy-harvesting operation, the supercapacitor is used as a short-
term energy buffer rather than as a long-term storage element. Its function is to temporarily
accumulate the harvested energy and supply the instantaneous power required for high-
current events such as LoRa transmissions, even when the harvester output fluctuates.
Although supercapacitors are less common than rechargeable batteries in IoT nodes, studies
have employed them in energy-harvested wireless systems where fast charge/discharge
capability and high endurance are critical [31]. Compared with batteries, supercapacitors
exhibit lower energy density and higher self-discharge, but they provide fast response,
long cycle life, and maintenance-free operation, while using materials with lower environ-
mental impact [32]. In addition, their nearly ideal capacitive behavior simplifies the energy
consumption measurements, allowing more accurate and repeatable power profiling than
with electrochemical batteries, whose internal voltage and efficiency vary with state of
charge. These characteristics make supercapacitors a suitable choice for autonomous and
hard-to-access sensor nodes where energy is harvested intermittently and burst-type power
delivery is required.

Naturally, there are limitations. The presented model focuses on LoRa PHY device
states and excludes protocol-level events such as join procedures, adaptive data rate (ADR)
adjustments, or downlink windows, which can add further reception phases. Measure-
ments were conducted under regulated lab conditions at 3.3 V; factors such as temperature
variation, supply fluctuations, or DC/DC efficiency at ultra-light loads may shift the ob-
served optima. Characterizing the device under real environment conditions, including
harvested power profiles, would further refine the model’s accuracy. Looking ahead, future
work may extend the framework to newer LoRa transceiver families (e.g., SX126x) and
integrate these environmental and protocol-level factors, broadening the applicability of
the model to real-world IoT deployments.

5. Conclusions

We presented a state-based power model for a LoRa transceiver (5X1276), experi-
mentally characterized in all operating states and validated with measurements. The
model, implemented in a distributable Python simulator, enables accurate estimation of
average consumption under different configurations and guides the design of ultra-low
power or battery-less IoT nodes. Validation in an ASIC-based sensor node confirmed
predictions within ~10% of measured values, supporting its use for early-stage design and
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energy budgeting. Future work (along with the community) may extend the approach to
newer LoRa families and to protocol-level events such as LoORaWAN downlink windows.
Also, temperature dependance would be an interesting addition, especially for outdoor
applications where the day is much warmer than the night.
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ASIC  Application Specific Integrated Circuit
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Rx Reception
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Tx Transmission
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