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Abstract—In this paper simple temporal compression
algorithms’ efficiency to reduce LoRa-based sensor node energy
consumption has been evaluated and measured. It is known that
radio transmission is the most energy consuming operation in a
wireless sensor mnode. In this paper three lightweight
compression algorithms are implemented in an embedded LoRa
platform to compress sensor data in on-line mode and the
overall energy consumption is measured. Energy consumption
is compared to the situation without implementing any
compression algorithm. The results show that a simple
compression algorithm is an effective method to improve the
battery powered sensor node lifetime. Despite the radio
transmission’s high energy consumption, the sleep current
consumption is a significant factor for the device overall lifetime
if the measurement interval is long.

Keywords—Internet of Things, edge computing, sensor data,
compression, energy efficiency

I INTRODUCTION

It is known that the most significant single energy
consumer of wireless sensor node is the radio transmitter. A
well-known method to reduce wireless sensor node energy
consumption is to compress the data and thus reduce the radio
transmitting periods. In this paper, three simple temporal
compression algorithms are implemented in a LoRa-based
sensor node, and the overall energy consumption is measured.
The effect of the compression algorithm in battery lifetime has
been evaluated. In this paper it has been demonstrated that if
the measurement interval is rather long, then the most
effective method to lengthen the battery lifetime is to
minimize the sensor node sleep current consumption between
the measurement and transmission periods. Minimizing the
sleep current also improves the effectivity of the powerful
compression algorithm to lengthen battery lifetime. Thus, the
combination of very low sleep current consumption together
with light temporal compression algorithm has been
demonstrated to be an effective method to lengthen the battery
lifetime of the LoRa sensor node. This kind of application
could be useful for example in agricultural applications for
measuring some environmental magnitudes. In different smart
farming applications typical measured magnitudes are for
example temperature and humidity. These magnitudes behave
rather linearly, and thus the measurement interval can be
rather long. In agricultural applications the sensor nodes are
often located in the fields, thus requiring wireless transmission
and a battery powered supply. Suitable applications could be
also different smart city applications. Temporal compression

algorithms used in this research are very effective for linearly
behaving data.
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II. RELATED WORK

There are some research papers about the energy
consumption of wireless sensor nodes. In [1]. many myths
related to energy models of wireless sensor networks have
been busted. For example, it is generally known that the radio
transmission (sending data packets) is the most energy
consuming operation, but actually keeping the radio in idle
mode listening is in total a more consuming operation. This is
because the transmitting and receiving last a very short time
compared to the time that the radio is listening for incoming
packets. It is also demonstrated that generic energy models do
not fit for all devices even if the devices use a similar
technology [1]. Thus, measurements need to be made to gain
reliable results for certain devices used. The energy
consumption models and battery lifetime experiments of
different wireless sensor node technologies are published for
example in [2][3].

LoRa technology has been developed to be used in the
Internet of Things applications. LoRa is a low-energy wide
area network especially suitable for transmitting sensor data.
There are several published research papers regarding energy
consumption modelling for LoRa based sensor nodes, such as
[41[51[6][7].- In [8] the energy consumption of different
wireless sensor network technologies is compared. Papers
have demonstrated that LoRa and SIGFOX offer the best
lifetime for low intensity traffic. It is also demonstrated that
the sleep power consumption is a significant factor for the
device lifetime if the transmission period frequency is low [8].

In [6] the effect of LoRa parameters on the LoRa node
energy consumption has been researched and measured.
Higher spreading factor (SF) increases the time on air and thus
increases the power consumption of transmission. But to
achieve long range, high SF value needs to be used. In fact,
the overall LoRa transmission energy consumption is
dependent on different LoRa/LoRaWAN parameters such as
spreading factor, coding rate, payload size, and bandwidth [6].

One well known method to reduce wireless sensor node
energy consumption is to use data compression. Temporal
lossy compression algorithms are often light and simple. If the
wireless transmission periods could be reduced using data
compression, it would reduce the overall energy consumption
as the radio could be a longer time period on sleep mode.

For example, with LoRaWAN Class A the device is not
listening to downlink messages except after uplink
transmission for two short downlink windows. Thus, it can
remain in sleep mode until the data needs to be transmitted [9].



Thus, there are many research papers dealing with LoRa
device energy consumption and other papers dealing with
compression algorithms efficiency to reduce energy
consumption. But not many experiments have been published
on how the simple compression algorithm can reduce LoRa-
sensor node energy consumption and thus lengthen the battery
lifetime. In this paper the effectiveness of simple temporal
compression algorithms to reduce overall energy consumption
of the LoRa sensor node is evaluated and measured.

III. TEMPORAL COMPRESSION METHODS FOR SENSOR
DAta

Compression algorithms implemented and tested in this
paper are simple temporal compression methods based on data
linearity. Many environmental magnitudes behave rather
linearly, and simple linearity-based algorithms utilize that
behavior. The methods are very simple, easy to understand
and easy to implement in an embedded platform. IoT wireless
sensor nodes are often computationally constrained, and thus
simple and light compression algorithms suit these devices
well. Wireless sensor nodes are also often battery powered or
even harvesting the energy from the environment. Thus,
minimizing the energy consumption is important for
lengthening the device lifetime.

The implemented algorithms are Lightweight Temporal
Compression (LTC) and Real-Time Linear Regression based
Temporal Compression (RT-LRbTC). LTC is originally
presented in [10]. RT-LRbTC is a modification of other linear
regression-based compression algorithms, and it is originally
presented by the authors of this paper in [11]. These
algorithms are lossy methods meaning that reconstructed data
after compression is not exactly the same as the original data.
The maximum reconstruction error is determined by the error
bound (g) used.

A. Lightweight Temporal Compression

Lightweight Temporal Compression (LTC) is a well-
known temporal compression method. It was first presented in
2004 in [10]. and several modifications on that algorithm have
been presented since then. It has proved to be a very effective
compression algorithm, especially for environmental
magnitudes [12]. As a disadvantage, the LTC has
unpredictable latency, and thus it is not well suited for real-
time or near real-time applications [13]. In this paper the LTC
is used as it is in its original version and transformed and
implemented for embedded Arduino board from MATLAB
version used in [11] and [12]. The LTC algorithm itself is
computationally very light. With every new measured value,
comparisons need to be made between the new value with
error bound extremes to the previously calculated upper and
lower limit lines. As a result of the comparisons in maximum
two new lines are calculated. Calculating line parameters
(slope and y-intercept) requires one division, one
multiplication, one summation and subtractions. Thus, the
compression algorithm is computationally very light.

B. Real-Time Linear Regression based Temporal
Compression

Real-Time Linear Regression based Temporal
Compression (RT-LRbTC) is also a very simple temporal
compression algorithm. It is a modification from other linear
regression-based algorithms, and it is developed especially for
compressing the on-line sensor data stream. The algorithm’s
suitability for compressing on-line data stream is based on

minimizing the algorithm’s inherent latency. In general, this
algorithm’s inherent latency is one measurement interval (Af)
long. The basic form of the algorithm uses 3 previous data
values (V= 3) to calculate the regression line and uses it to
predict future values with certain error bound. The algorithm
is explained in detail in [11]. For every new measured value
its value needs to be compared to the previously calculated
regression line value in that time stamp. If the difference
between the new value and regression line is more than error
bound, then a new regression line is calculated. Calculating
the regression line requires the sum of N times xg, X’ Vi, XV
and the square of the sum of x;. x; is the time stamp and yx is
the measured value. In this paper also N = 4 version is tested
to see if calculating regression line with 4 values has any effect
on the complexity and energy consumption of the
compression algorithm calculation. The implemented version
is derived to Arduino from MATLAB version used in [11].

IV. ENERGY CONSUMPTION OF IMPLEMENTED COMPRESSION
METHODS WITH LORA CONNECTION

Embedded LoRa-based sensor node used in this
experiment was Arduino MKR WAN 1310 board. It has a
Microchip SAM D21 32-bit Arm Cortex-M0+ based low
power microcontroller and Murata CMWX1ZZABZ LoRa
module. It also has a crypto chip ATECC508 by Microchip
[14]. Arduino boards are widely used by hobbyists but also in
research and in the industry due to their simplicity and ease of
use.

DHT22 sensor was used to measure temperature. DHT22
is a low-cost temperature and humidity sensor with a digital
output [15]. It is widely used by hobbyists for its low cost, and
there are many project examples available on the internet
where DHT22 sensor is used. There are also support libraries
available for most used embedded development boards. The
sensor has measurement resolution 0.1 Celsius degrees for
temperature, and its accuracy is <+0.5 Celsius degrees for
temperature measurement [15].

Arduino MKR WAN 1310 was powered by Lithium-
Polymer (Li-Po) battery. The Li-Po battery used had 2 000
mAh capacity with 3.7 V nominal voltage. Thus, its energy
capacity was 7.4 Wh which is 26 640 Ws. The Arduino board
supports Li-Po battery with JST-PH connector, and it has a
built-in battery charger. Arduino board can also be powered
from the USB port, but the energy consumption is lower if
powered from the battery.

A. Measurement Sefup

The compression algorithms implemented were set to
measure the temperature with DHT22 sensor at regular
intervals. The embedded board was set to go to deep sleep
mode between the measurements. After every measurement
the algorithm compressed the data, and the compressed data
was stored and sent via LoRa network if needed. The LoRa
network used was a commercial network in Finland.

The board’s cumrent consumption was measured with
oscilloscope current probe from the battery plus-wire, except
that the deep sleep current consumption was measured with a
digital multimeter (DMM), which was set in series with the
battery. The other possibility would be to use a so called shunt
resistor in series with the battery and measure the voltage over
the resistor with oscilloscope voltage probe. The current probe
was chosen to be used because of its simplicity and ease of use



even though its accuracy is not very good when measuring
very low-level current values.

The measurement devices used were Tektronix MSO 4104
Mixed Signal Oscilloscope with 1 GHz measurement
bandwidth, and the probes used were Tektronix TCP0030
Current Probe and TAP1500 Active Voltage Probe. The
current probe has 1 mA sensitivity and 1 % DC accuracy [16].
The DMM used was Tenma RS232C TrueRMS model.

B. Deep Sleep Current Consumption

Deep Sleep current consumption was measured with the
algorithms implemented on the board. The board was set to
deep sleep mode between measurements. The DMM was set
in series with battery wire. The measured deep sleep current
was not dependent on the algorithm used, as the measurement
result was the same with every algorithm tested and also
without compression algorithm implemented. The measured
deep sleep current was 116 pA — 117 pA. After the
measurement instant and possibly LoRa-transmission, when
the Arduino board went to deep sleep mode, the current
dropped down immediately to 150 pA - 160 pA level, and
continued going down quickly to 120 — 130 pA level and then
more slowly to stabilize to 116 pA — 117 pA level. It took
about 20 seconds to gain the 117 pA level. The battery voltage
was measured at the same time with the oscilloscope’s voltage
probe connected to the board’s battery connection. The battery
voltage was 3.99 V while measuring the deep sleep current.
Thus, the power consumption in deep sleep mode was: Py =
Upart X I1s = 3.99 Vx 117-10% A = 4.6683-10* W = 0.46683
mW.

The 117 pA current consumption in deep sleep mode is
not very low for a modern microcontroller development
board, and with some other boards it could be possible to
achieve lower levels.

C. Sensor Measurement and Algorithm Current
Consumption

On a regular basis the embedded board wakes up from the
deep sleep mode and makes the measurement. The real-time
clock (RTC) is running even when the board is in deep sleep
mode, and it wakes up the board. After the wake up, the board
measures the temperature from DHT22 sensor and applies the
compression algorithm implemented. As a result of algorithm
calculations, the board either sends the compressed value via
LoRa-connection or falls into deep sleep mode to wait for the
next measurement period.

The current/energy consumption during sensor
measurement and compression algorithm period was
measured with oscilloscope current probe, and oscilloscope
automatic measurement functions were used to show the mean
values. The battery voltage was measured at the same time
with voltage probe, and the oscilloscope MATH-function was
used to multiply the measured values to get the power value.
The oscilloscope measurement function “area” was used to
calculate the power graph area to get the energy consumption.
In Fig. 1. one measurement result can be seen. The deep sleep
energy consumption with the same oscilloscope settings was
also measured to be subtracted from the measurement period
result. Thus, only sensor measurement and algorithm
calculation period consumption were achieved. The sensor
measurement, data compression and board shut down to deep
sleep takes about 60 ms time (the high pulse in Fig. 1.). After
the measurement and algorithm calculations, the current

consumption did not go directly to the deep sleep level but
remained slightly higher for 390 ms due to DHT22 sensor.
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Fig. 1. RT-LRbTC: sensor measurement and algorithm period.

The oscilloscope measurement settings were: current
probe 5 mA/div, voltage probe 1 V/div and horizontal scale
100 ms/div. Each measurement was repeated ten times, and
the average values of the measurements were used for better
measurement reliability. The measurement results can be seen
in TABLE I. Each value in TABLE I is an average value of
the ten separated measurements in one second measurement
window (oscilloscope screen scale 100ms/div = total 1
second, as seen in Fig. 1.).

TABLEL SENSOR MEASUREMENT AND ALGORITHM MEASUREMENT
RESULTS
No RT- RT-
compression LTC LRbTC, LRbTC,
pre N=3 N4
Current (mA) 1.3977 1.4247 1.4016 1.4500
Battery voltage 39949 39925 3.9906 39963
Power (mW) 5.5802 56836 | 5.6208 5.7814
Energy (mWs) 55775 5.6836 5.6208 5.7814
Deep sleep 1.0003 0.9013 0.8428 0.9492
energy (mWs)
Measurement + 45772 47823 47780 48322
algorithm
(mWs)

The last line of TABLE I shows the results for the energy
consumed for sensor measurement and algorithm calculations
for each algorithm and also without any compression
algorithm for comparison. The result is achieved by
subtracting the deep sleep energy value (second last row) from
energy value (third last row). It can be seen from the results
that the values are on the same level for each algorithm and
even without compression algorithm implemented, this means
that the algorithm calculations do not affect at all the board’s
energy consumption, or the effect is so small that it is not
possible to recognize it with this measurement setup. As can
be seen from the results, there is no significant difference
between the algorithms. The results between the algorithms
and without an algorithm are within measurement uncertainty.
The measured differences are negligible.



D. LoRa Transmission Energy Consumption

LoRa node used the spreading factor SF10 for
transmitting, and the network sent the confirmation with SF9
or SF12. During the whole testing period the network
confirmation was sent with SF9 for 49.2 % of all occasions
and with SF12 for 50.8 % for all occasions. TABLE II shows
the energy consumption measurement results when LoRa
node is sending the data packets with SF10, and the network
sends the confirmation with SF9. In TABLE III are the results
when the data up is with SF10 and data down with SF12.
Every measurement is repeated ten times, and the results are
the average values of the measurements. In Fig. 2. one result
for the SF10 uplink and SF9 downlink situation can be seen.
It seems that the LoRa sensor node is not receiving the
confirmation from the network even though the network has
sent the confirmation. Two 10 mA pulses, the first
approximately one second after the transmit, and the second
one two seconds after transmit are the two receive windows
that follow the uplink. Because the downlink is not received
during the first window, then the second receive window
opens two seconds after the transmit. In Fig. 3. there is the
result of SF10 uplink, SF12 downlink situation. In this case it
seems that the LoRa node has received the downlink
confirmation because the receive window is rather long and
not followed by the second receive window.

In TABLE II and TABLE III, the last row transmission
energy is calculated by subtracting the deep sleep energy and
previously measured sensor measurement and algorithm
energy consumptions (TABLE I) from the measured
transmission energy value (third last row in TABLE II and
III). The deep sleep energy was measured with the same setup
and measurement equipment seftings while the LoRa-sensor
node was in deep sleep mode. In Fig. 2. and Fig 3. the current
measurement with the current probe is the blue line (probe 1),
battery voltage is the light blue line (probe 2), and power is
the red M-line which is voltage multiplied with current. The
results in Fig. 3. include the sensor measurement and
algorithm calculations, but Fig. 2. includes only the sensor
measurement as the compression algorithm was not
implemented in this case. The transmission period is
approximately 400 ms long, and it is followed by the network
confirmation time window one second after the transmission.

As can be seen in the transmission energy values (last row
in TABLE II and TABLE III) there is not a big difference
between the algorithms and taking into account the
measurement uncertainty of low current values measured with
current probe, the differences are negligible. The results with
no compression algorithm implemented are even higher than
with LTC algorithm. The results of LTC algorithm
compression are the temperature value (float number) and
time stamp (which is only a sequence number, integer), thus
the transmitted data is 8 bytes. With RT-LRbTC algorithms
the regression line parameters (slope and base, both float
numbers) with time stamp (sequence number, integer) are sent
in total 12 bytes. Thus, the amount of data sent is bigger with
RT-LRbTC algorithms, and thus this could explain a slightly
higher energy consumption in the transmission. In general,
these results can be regarded to be approximately the same for
each algorithm. The differences are negligible and can be
explained by measurement uncertainty.

TABLEIL UrLINK SF10, DOWNLINK SF9
N RT- RT-
CB . LTC LRbTC, LRbTC,
ompression N=3 N—4
Current (mA) 49736 47976 5.1049 5.2293
Battery 390928 39924 30887 39897
voltage (V)
Power (mW) 19.842 19.143 20323 20.652
Energy 79.372 76.565 81289 82.605
(mWs)
Deep  sleep 35636 4.0993 4971 4632
enerey (mWs)
Transnmitting 71.2312 67.6834 71.54 73.1408
(mWs)
TABLE III. UrLINK SF10, DOWNLINK SF12
No RT- RT-
C . LTC LRbTC, LRbTC,
ompression N=3 N—4

Current (mA) 74714 73759 7.7266 7.598
Battery 39919 39918 39879 39851
voltage (V)
Power (mW) 29807 20425 30.791 30.061
Energy 119.21 11768 12315 12026
(mWs)
Deep  sleep 35636 4.0993 4971 4632
enerey (mWs)
Transmitting 111.0692 108.7984 113401 110.7958
(mWs)

The oscilloscope settings were 10 mA/div for current
probe, 1 V/div for voltage probe, and the horizontal scale was
400 ms/div. The values were measured using oscilloscope
mean value measurement function from the oscilloscope
screen area which was 4 seconds in total. The settings can be
seen in Fig. 2. and Fig. 3.
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Fig. 2. Measurement and LoRa transmission period with SF10 uplink and
SF9 downlink. No compression algorithm implemented
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Fig. 3. RT-LRbTC (N=3). Measurement, algorithm and LoRa transmission
period with SF10 uplink and SF12 downlink

V. OVERALL ENERGY CONSUMPTION AND BATTERY
LIFETIME

The overall energy consumption of the LoRa sensor node
with the compression algorithm implemented is combined
from the measurement event and algorithm consumption
(W), which happens on a regular basis (measurement interval
Af), the LoRa transmission event consumption (Ws) which
frequency of occurrence depends on the measurement interval
(Af), and the compression ratio (CR). The overall time is f.
Between the measurement events the device is in deep sleep
mode and its power consumption is Ps. The total energy
consumption (Wror) can be calculated approximately by (1):

ty t,
Weor = Pasty +—Wpy + 4 ey
tot dstx At M CR % At 5

Where Pt is the energy that the device uses in deep sleep
mode during the whole time f#. This value includes the
measurement and transmission periods as well as the deep
sleep values were subtracted from the other energy values in
TABLESs I-I11. #,/At is the number of the measurement periods.
t/(CR x Af) is the number of transmission periods.

As the DHT22 temperature sensor has the accuracy of 0.5
Celsius degrees, it is reasonable to use error bound value & =
0.5 Celsius degrees for compression algorithms as an
example. In [11] the LTC and RT-LRbTC (&N = 3) have
achieved the compression ratios CR =9.5-10.2 (LTC) and CR
= 5.5-6.0 (RT-LRbTC) for real temperature data with a 10-
minute measurement interval (Af), when the error bound used
has been £0.5 Celsius degrees. RT-LRbTC with N =4 has not
been tested with available temperature data set. The
temperature data sets used in [11] were real temperature data
sets achieved from Finnish Meteorological Institute’s open
data service. The data sets were Salla Naruska measurement
station data from whole years 2018 and 2019. The temperature
data used was measured and presented with 0.1 Celsius
degrees resolution.

As an example, the 2 000 mAh battery lifetime can be
calculated with 10-minute measurement intervals and with
measurement results from TABLEs I, IT and III. The equation
(1) solved for overall time #,is (2):

Wror

War
Rf.-' + Y +

t, =

@

Wy
CR-Al

With a 10-minute measurement interval, the A7 = 600 s.
The 2 000 mAh Li-Po battery total energy is Wror=7.4 Wh=
26 640 Ws. This amount of available energy was used even
though it is a rather optimistic estimation. For example, if the
battery powered sensor node is located outside, the
temperature can be as low as -30 Celsius degrees in Finland.
It is well known that the capacity of lithium-based batteries
can drop significantly in cold conditions.

The battery lifetime without any compression algorithm
can be estimated by using CR = 1 value. For other parameters
the no compression measurement values from TABLEs I-I1T
can be used. The values used (no compression): Ps; = 0.46683
mW, Wyr=4.5772 mWs, Ws=91.4689 mWs. The Wsvalue is
calculated from TABLE II and TABLE III values by taking
into account that 49.2 % of transmitting periods were SF10,
SF9 events and 50.8 % were SF10, SF12 events. The
estimated battery lifetime without any compression algorithm
used by equation (2) is: 42 494 353 s =491.8 days

The battery lifetime with LTC algorithm implemented was
calculated with compression ratio CR = 10. Thus, overall
battery lifetime with LTC algorithm if the whole battery
capacity can be used is: 54 415 973 s = 629.8 days. The battery
lifetime is 28.1 % longer than without compression.

In TABLE IV are the results for all tested algorithms with
their measured energy consumption values. The compression
ratio used for RT-LRbTC algorithms was CR = 6.

TABLEIV. BATTERY LIFETIME WITH DIFFERENT ALGORITHMS
N RI- RI-
i:gm esion | LTC | LROTC, | LRbTC,

pres N=3 N=4
CR 1 10 6 6
Battery lifetime 49138 6298 6159 616.0
(days)

With RT-LRbTC algorithms the battery lifetime is
lengthened by 124.2 days, which is 25.2 % longer lifetime
than without any compression.

The deep sleep energy consumption and measurement
intervals are very significant parameters for the LoRa-node
lifetime together with the compression ratio. In this example
the measurement interval is rather long as is often the case in
agricultural applications. Thus, the node’s deep sleep energy
consumption determines mostly the battery lifetime. The
Arduino MKR WAN 1310 deep sleep current (measured 117
1A) is not an especially low level for a modern embedded
sensor node. If the deep sleep power consumption could be
reduced by 50 %, then the battery lifetime without any
compression would be 783.6 days, with LTC algorithm
1203.7 days and with RT-LRbTC algorithms 1154 days. Thus,
the LTC algorithm would lengthen the lifetime by 420 days,
which is 53.6 % longer lifetime than without any compression.
The RT-LRbTC algorithms would lengthen the lifetime by
370 days, which is 47.2 % longer than without any
compression.

If a bigger reconstruction error is allowed, then the error
bound can be higher than 0.5 degrees. With bigger error bound



the compression ratio is better thus reducing the overall energy
consumption. In [11] the authors have simulated the same
compression algorithms with real temperature data with 10-
minute measurement interval. For those data sets the
compression ratio has been up to 20 for LTC with 1.0 degrees
error bound and up to 10 for RT-LRbTC algorithm with 1.0
degrees error bound. Fig. 4. presents the 2000 mAh battery
lifetime for LTC and RT-LRbTC (N=3) algorithms with
different error bound values. The CR values for different error
bounds are the same as in [11]. The battery lifetime
lengthening is rather limited if the error bound is increased
from 0.5 degrees to 1.0 degrees. The effect is only about 10
days. Thus, it should be considered if using higher error bound
is worth of having a significantly bigger reconstruction error.

Battery lifetime with different error bounds.

& RT-LRBTC, N=3
—+LTC

@
2]
=]

a

Battery lifetime in days
@

0.5 0.6 07 0.8 0.9 1
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Fig. 4. The effect of error bound on battery lifetime

In general, it is not possible to affect the energy
consumption that the measurement itself consumes and the
LoRa-transmission consumes a lot. LoRa radio can be set to
use certain spreading factor for lower energy consumption,
but it can shorter the range. Thus, the most effective ways to
reduce overall energy consumption in this kind of sensor node
is to choose the low energy consumption embedded platform,
which has very low sleep current consumption and to use an
effective compression algorithm suitable for low power sensor
node. If the measurement interval was shorter, then the data
would behave more linearly, and the linearity-based
compression algorithms would behave more effectively and
result in higher compression ratio. The effect in energy saving
achieved with data compression would be bigger because
there would be more data transmission periods if no
compression algorithm is used, and a higher compression ratio
would result in higher reduction in transmission periods. It
would underline the compression algorithm’s effect on
reducing the sensor node’s overall energy consumption. In
[11] the compression ratio values achieved with LTC and RT-
LRbTC (N=3) for air pressure data with 10-minute
measurement interval were almost CR = 30 (for LTC) and CR
= 15 (for RT-LRbTC) when the error bound was 0.5 hPa.
Thus, it can be estimated that the effect of these compression
methods on overall energy consumption would be bigger if the
air pressure was the measured magnitude.

VI. CONCLUSIONS

In this paper we implemented simple sensor data
compression algorithms on LoRa-based sensor node. The
overall energy consumption was measured with and without
implemented compression algorithm. The measurement
results demonstrated that the tested compression algorithms
are computationally so light that due to calculations they do
not have any effect on embedded device energy consumption.

The overall saving in energy consumption is due to the
reduced amount of radio transmission periods thanks to data
compression. The measurement interval was ten minutes,
which is rather long but can be typical in agricultural
applications measuring some environmental magnitudes. Due
to the long measurement interval, the device’s sleep energy
consumption was proved to be the most significant factor in
the device’s lifetime.
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