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Abstract— In this work, performance analysis
of Random Forest (RF) with Particle Swarm
Optimization (PSO) model employed in LoRa
sensor energy consumption optimization is
presented. The transmission distance is selected
first and then, the RF model is trained to select the
set of LoRa transceiver parameters values that
can be used to transmit the data packet over that
selected distance with minimal energy. The output
from the RF model is the baseline solution. The
search result from the RF model is further fine-
tuned by applying PSO algorithm which is termed
RF+PSO model. The results showed that the
baseline RF solution requires more energy to
transmit over a given TD than the RF+PSO based
option. At TD of 886.98 m, the RF baseline
solution has energy consumption of 3.4736 mJ
while the RF+PSO has energy consumption of
3.11 mJ which is 10.47% reduction in energy
consumption. Also, the RF + PSO model
maintained higher packet deliver ratio (PDR)
value from 96 % at TD of 10.85 m to 56 % at TD
value of 886.98 m. In the same TD range, the

baseline RF model has PDR value from 95 % at TD
of 10.85 m to 7 % at TD value of 886.98 m. The
results showed that the enhance RF+PSO model
maintained overall better performance than the
baseline RF model. As such, the enhance RF+PSO
model is recommended for LoRa sensor energy
consumption optimization for all the TD values.
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1. Introduction

In wireless sensor networks, energy consumption
of the sensor nodes is one of the critical factors that are
considered during the network design [1,2,3]. This is due to
the resource constrained nature of the sensor nodes [4,5]. In
most cases, the sensors are powered using battery with
finite capacity which means that as the sensors operate and
deplete the energy stored in the battery, there comes a time
when the stored energy is exhausted and the node dies or
goes out of operation [6,7,8]. In view of this, wireless
sensor network designers seek to extend the battery lifespan
by adopting energy efficient techniques [9,10,11]. One of
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such approaches is to control the sensor energy
consumption [12].

Accordingly, this work presents an optimal energy
consumption model for the sensor node. The solution
presented in this work is combination of Random Forest
(RF) and Particle Swarm Optimization (PSO) model. The
RF provides the baseline solution that selects the sensor
node parameters that will give the lowest energy
consumption based on the available dataset used in the
model training [13,14]. The PSO algorithm is then used to
fine tune the solution provided by the RF model. In this
way a more accurate optimal solution is realized. The
solution presented in this work is essential since in practice
the sensor may be deployed in remote locations that are
very difficult to access. Hence, extending the battery
lifetime through efficient energy consumption model can
reduce the cost of replacing the sensor battery.

2. Methodology

In the present study, Random Forest (RF) model is
used in optimizing the energy that can be used by the LoRa
sensor to transmit data packets over a given transmission
distance. The transmission distance is selected first and
then, the RF model is trained to select the set of LoRa
transceiver parameters values that can be used to transmit
the data packet over that selected distance with minimal
energy. The output from the RF model is the baseline
solution. The search result from the RF model is further
fine-tuned by applying particle swarm optimization (PSO)

algorithm, as shown in Figure 1. T
In this research work, the PSO is identified as a
multi-agent search scheme which carries along swarm of
particles where each particle represents a potential solution

which denotes the combination of parameters such as
spreading factor, coding rate, bandwidth, and duty cycle.
Each of the particles is allowed to traverse through a
manifold search space while they updates their position
based on previous experience. Each particle is initialized
with value obtained from the RF model; these values are
further evaluated to obtain the fitness of the function, the
local optimal of each particle, and the global optimal of
each particle. Once the optimal solution is obtained, the
algorithm computes the optimal solution by modifying the
velocity of the leading particle based on its local optimal
and global optimal, then updating the trailing particles
based on the active velocity. The position of the particles
are denoted by the current values of the parameters
(spreading factor denoted as SF, coding rate denoted as CR,
bandwidth denoted as BW, and duty cycle denoted as DC),
while the velocity is represented by the rate of change of
these values; in other words, the rate at which these values
are modified by the algorithm.

Notably two major considerations are given while
using the PSO algorithm to select the optimal parameter
configuration for optimal energy consumption in the LoRa
network. These are: constraint handling and convergence
check. For constraints handling, care is taken to ensure that
the parameter values remain within their valid ranges by
applying suitable boundary conditions. The iteration count
is selected such that the iteration converges to a solution.
The number of iteration can be dynamically adjusted to suit
this. Two criteria which are used to check for optimal
parameter configuration when using the PSO algorithm are:
minimal changes in global best position, and reaching the
maximum number of iterations.
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Figure 1 The flow diagram of the research procedure

3. Results and discussion
The results obtained using only the RF model is the
baseline result which is compared with the results obtained
after the application of the PSO algorithm. The graph of the
energy that is used by the LoRa sensor to transmit data
packets over the given transmission distance (TD) is
presented in Figure 2 for both the RF baseline solution and

the RF+PSO based option. The results showed that the
baseline RF solution requires more energy to transmit over
a given TD than the RF+PSO based option. At TD of
886.98 m, the RF baseline solution has energy consumption
of 3.4736 mJ while the RF+PSO has energy consumption
of 3.11 mJ which is 10.47% reduction in energy
consumption.
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Figure 2 The graph of the energy that is used by the LoRa sensor to transmit data packets over the given transmission distance

The line graph of the packet deliver ratio (PDR)
achieved by the LoRa sensor when it transmits data packets
over the given transmission distance (TD) is presented in
Figure 3. It shows that the PDR is highest at low
transmission distance but the PDR drops as the distance
increases. In any case, the RF + PSO model maintained

(TD)
higher PDR value from 96 % at TD of 10.85 m to 56 % at
TD value of 886.98 m. In the same TD range, the baseline
RF model has PDR value from 95 % at TD of 10.85 m to
7 % at TD value of 886.98 m. There is therefore, over 49
% improvement in the PDR at the higher TD when the RF
+ PSO model is applied.
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Figure 3 The packet deliver ratio (PDR) achieved by the LoRa sensor when it transmits data packets over the given
transmission distance (TD)
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The packet time on air (ToA) achieved by the stable ToA in the range of 0.132 ms to 0.2 ms while the RF
LoRa sensor when it transmits data packets over the given model ToA swings over a range of 0.372 ms to 0.02 ms.
TD is given in Figure 4. The RF+PSO model maintained
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Figure 4 The packet time on air (ToA) achieved by the LoRa sensor when it transmits data packets over the given transmission
distance (TD)

The transmission efficiency achieved by the LoRa 416.39 m , the RF model performance dropped significantly
sensor when it transmits data packets over the given TD is reducing to a value of 18,39% at TD of 792.60 m whereas
presented in Figure 5. The RF and the PSO enhanced RF the RF + PSO model maintained high transmission
model performed well at low TD with both models having efficiency that is above 77 % even at the TD of 792.60 m.
transmission efficiency above 77 %. However, above TD of
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Figure 5 The transmission efficiency achieved by the LoRa sensor when it transmits data packets over the given transmission
distance (TD)
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The SNR achieved by the LoRa sensor when it
transmits data packets over the given TD is presented in
Figure 6. It shows that for both RF and RF + PSO models,
the received signal SNR drops as TD increases. Also, the
SNR values are in the range of 100.92 dB at TD value of
10.85 mto 58.21 dB at TD value of 886.98 m for the RF +
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PSO model whereas, the SNR values are in the range of
96.88 dB at TD value of 10.85 m to 53.68 dB at TD value
of 886.98 m for the RF + PSO model. Essentially, the RF
and RF + PSO model has better SNR performance at all the
TD values than the RF baseline model.
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Figure 6 The SNR achieved by the LoRa sensor when it transmits data packets over the given transmission distance (TD)
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Figure 7 The number of rounds before death achieved by the LoRa sensor when it transmits data packets over the given
transmission distance (TD)

The number of rounds before death achieved by
the LoRa sensor when it transmits data packets over the
given TD is presented in Figure 7. It shows that for the RF
model performed bather than the RF + PSO model at the
TD values less than 105.82 m. However, from TD of
105.82 m and above, the RF + PSO model performed better

than the baseline model. Essentially, based on the number
of rounds before death results, the baseline RF model can
be recommended for TD values less than 105.82 m whereas
the enhance RF+PSO model can be recommended for TD
values above 105.82 m.
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In any case, the number of rounds before death is
not the only parameter to be considered when selecting the
model to be employed. The overall results showed that the
enhance RF+PSO model should be recommended for all
TD.

4. Conclusion

In this work, two LoRa sensor energy consumption
optimization model options are presented, namely; the
Random Forest (RF) model baseline solution and the hybrid
RF with particle swarm optimization (PSO) algorithm
termed RF + PSO. The performance of the two options are
evaluated at different transmission distances. The results
showed that the enhance RF+PSO model maintained
overall better performance than the baseline RF model. As
such, the enhance RF+PSO model is recommended for
LoRa sensor energy consumption optimization for all the
TD values.
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