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ABSTRACT

The creation of digital twins of experimental testbeds allows the val-
idation of novel wireless networking solutions and the evaluation
of their performance in realistic conditions, without the cost, com-
plexity and limited availability of experimental testbeds. Current
trace-based simulation approaches for ns-3 enable the repetition
and reproduction of the same exact conditions observed in past ex-
periments. However, they are limited by the fact that the simulation
setup must exactly match the original experimental setup, including
the network topology, the mobility patterns and the number of net-
work nodes. In this paper, we propose the Machine Learning based
Propagation Loss (MLPL) module for ns-3. Based on network traces
collected in an experimental testbed, the MLPL module estimates
the propagation loss as the sum of a deterministic path loss and a
stochastic fast-fading loss. The MLPL module is validated with unit
tests. Moreover, we test the MLPL module with real network traces,
and compare the results obtained with existing propagation loss
models in ns-3 and real experimental results. The results obtained
show that the MLPL module can accurately predict the propagation
loss observed in a real environment and reproduce the experimental
conditions of a given testbed, enabling the creation of digital twins
of wireless network environments in ns-3.
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1 INTRODUCTION

To develop novel solutions for next-generation wireless networks,
researchers need to evaluate the performance of their solutions in
realistic scenarios. Experimental testbeds are often the preferred
approach since they consider all natural physical phenomena char-
acterising the environment. However, the cost and complexity of
setting up experimental testbeds, as well as their limited availabil-
ity, bring up challenges to obtaining results with statistical confi-
dence. Even if the testbed is available, the variable conditions of
the environment, including external phenomena, limit the ability
to accurately repeat and reproduce experiments, which may lead
to results that differ from those originally obtained.

Network simulators, including ns-3 [8], provide the ability to
easily repeat and reproduce experiments, using the same exact con-
ditions specified in the simulation. The relative simplicity of setting
up a simulation and the availability of propagation loss models
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provide sufficiently accurate estimations of the solution’s perfor-
mance. However, in extreme scenarios with dynamic environment
conditions, the results obtained in simulation may significantly
differ from the experimental testbed. Existing models are generic
and do not capture the specific characteristics of a given physical
environment.

In order to overcome this problem, trace-based simulation ap-
proaches have been proposed to replicate the experimental condi-
tions of the environment in simulation, working at the application
layer [1, 12], at the physical layer [4, 6, 7, 9], or even considering
a combination of the medium access control and physical layers
[11]. In particular, the solutions proposed for the physical layer
enable ns-3 to accurately repeat and reproduce the physical con-
ditions of an environment, using network traces collected in past
experiments. Despite the increased accuracy and realism of these
solutions, the simulation setup must match exactly the experimen-
tal setup, since the data contained in the network traces, such as
the Signal-to-Noise Ratio (SNR) of the received packets, are directly
applied to the packets generated in ns-3 for the same exact node,
coordinates and time instant. The use of Machine Learning (ML)
techniques to predict the propagation loss in urban scenarios has
been explored in [3, 13-15]. Despite the interesting results, these
solutions are not integrated in network simulators. Additionally,
they only estimate the path loss component of the propagation loss,
and do not consider the stochastic fast-fading component affecting
the radio signal propagation.

In this paper, we propose the ML-based Propagation Loss
(MLPL) module for ns-3. The MLPL module is able to reproduce,
in simulation, the experimental conditions measured in a physical
environment, with the flexibility of allowing any network topology,
mobility pattern, offered traffic and duration of the simulation.
Based on network traces collected in an experimental testbed, the
ML model is able to estimate the radio propagation loss between two
nodes at any position and time instant. Therefore, the MLPL module
enables the creation of a digital twin of the original wireless network
environment, which allows the validation of novel solutions and
the evaluation of their performance in realistic conditions in ns-3,
provided that the network traces are representative of the dynamic
conditions of the environment.

The MLPL module is built upon a supervised learning model,
which is trained with network traces collected in the experimental
testbed (the physical twin). It is composed of two sub-models: 1)
the path loss model and 2) the fast-fading model. The path loss
model is deterministic and estimates the path loss for a given dis-
tance between two nodes. The fast-fading component is modelled
as a stochastic process that generates random samples according
to the Probability Distribution Function (PDF) characterising the
phenomena. This distribution may be defined as an empirical PDF
or as a well-known statistical distribution - e.g. Normal, Rayleigh
and Rician. Therefore, the final propagation loss suffered by the
radio signal travelling between two nodes is calculated as the sum
of the path loss and the fast-fading components. This value is then
used by ns-3 to calculate the received power at the destination node,
considering the transmission power and the antenna gains of both
nodes.

The MLPL module is validated with unit tests. Moreover, we
demonstrate the usage of the module in a specific experimental
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Figure 1: The MLPL Module and its Interactions with the
ns3-ai and the Deterministic Path Loss to Compute the Total
Propagation Loss Value

environment, using the corresponding network traces, and compare
the results obtained with the MLPL module, the existing propaga-
tion loss models in ns-3 and the real experimental results.

The rest of this paper is organised as follows. Section 2 explains
the proposed MLPL module and the unit tests. Section 3 presents
the validation of the MLPL module. Section 4 draws the conclusions
and future work.

2 MLPL MODULE

This section provides the details of the MLPL module and the unit
tests developed to validate its functionality.

2.1 Overview

The MLPL module is designed to allow dynamic generation of sce-
narios based on previously collected wireless network traces. A cus-
tom PropagationLossModel, similar in structure to existing propa-
gation loss models in ns-3, has been designed to ease the integration
of the MLPL module with general use in the simulator. The mod-
ule has two main components: 1) the M1PropagationLossModel
in ns-3 and 2) ns3-ai scripts to interact with external ML libraries.
This approach enables the use of any ML Python library - e.g.,
Tensorflow, PyTorch, SciPy — without integrating them directly in
ns-3.

The M1PropagationLossModel uses two values in determining
propagation loss: 1) a deterministic path loss component and 2) a
stochastic fast-fading component. When a new propagation loss
value is requested from the MLPL module, given the distance be-
tween the nodes, the path loss component is predicted by the ML
model after which a pseudo-random value from the fast-fading
distribution is added to get the total propagation loss value, as
depicted in Figure 1. This result is then combined with the trans-
mission power and antenna gains to get the actual received power.
On integrating the MLPL module with ns-3, it is possible to run
network simulations in conditions similar to a given recorded ex-
periment, even if the network topology differs from the experiment,
providing more realistic results than a pure simulation. However,
before the MLPL module can be used in ns-3, the ML models that
will be used by ns3-ai have to be prepared. These ML models will
be used to predict the path loss values for the incoming requests
by ns-3. For the ML models, the user can use the already available
Python scripts to generate trained ML models or choose to use their
own. These Python scripts preprocess the given trace data used
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PropagationLossModel

Ptr<PropagationLossModel> m_next;

double CalcRxPower (double txPowerDbm,
Ptr<MobilityModel> a,
Ptr<MobilityModel> b) const;

T

MIPropagationLossModel
std::string m_fastFadingCdfPath;
Ptr<EmpiricalRandomVariable> m_fastFadingErv;

Ptr<MIPropagationLossModeINs3AIDL> m_mlpINs3Aidl;

void SetFastFadingCdfPath(std::string path);
std::string GetFastFadingCdfPath();

Figure 2: Class Diagram for MIPropagationLossModel ns-3
Implementation

to train the ML models and also generate the fast fading distribu-
tion values, which will be used in the M1PropagationLossModel
component. The code for the MLPL module has been made openly
available on GitLab [2].

2.2 Design and Implementation

The MLPL module is implemented in ns-3 in a new class, named
M1PropagationLossModel, which 1is inherited from the
PropagationLossModel base class as shown in Figure 2. The
method SetFastFadingCdfPath() contains the implementation
in the new class for creating the fast-fading distribution through the
EmpiricalRandomVariable instance, m_fastFadingErv, to use
along with the ML model while calculating the propagation loss.
Further, the variable m_ml1plNs3Aidl is used as a pointer to the
shared memory for interacting with the Python process running
the ML model. In what follows, we refer to the two propagation
loss components considered by the MLPL module.

2.2.1 Deterministic Path Loss Component. The deterministic path
loss component calculates the signal power loss that occurs as the
distance increases. Two supervised learning models were trained
on this data, a gradient boosted decision tree (XGBoost) and Sup-
port Vector Regression (SVR), with the objective of predicting the
average path loss value as a function of the distance between the
transmitter and the receiver. The user can use a trained model
which is available by default in the MLPL module or use a custom
trained model. For the convenience of the users, the MLPL module
provides a set of scripts that can be used to generate custom trained
models. Figure 3 illustrates the process of generating the ML model.

2.2.2  Stochastic Fast-Fading Component. In order to model the
fast-fading component of the trace data, each trace’s propagation
loss value is subtracted by the average propagation loss value per
metre. Normal, Rician and Rayleigh distributions are fitted to the
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data, the probability density function is calculated and the sum of
the squared error is measured. The distribution with the minimum
sum of squared error is selected as the fast-fading model to be
used. The distribution fitting is done using the SciPy distribution
fit function, which estimates the distribution parameters that best
adapt to the provided data. This generated distribution is saved as a
collection of fast fading loss — Cumulative Distribution Probability
(CDF) pairs.

Since the fast-fading component is stochastic and dependent on
the simulation seed, we chose to generate these samples in ns-3
using a Random Number Generator (RNG) rather than through
ns3-ai. This allows the RNG to be controlled by the same ns-3
seed and makes the simulations repeatable. When an instance of
the M1PropagationLossModel is created, the pairs are read us-
ing the SetFastFadingCdfPath() function, which configures an
instance of the EmpiricalRandomVariable according to this dis-
tribution. When a fast-fading loss value is requested from the
EmpiricalRandomVariable, a pseudo-random sample is chosen
from the generated distribution.

2.3 ML Trace-Based Dataset

The MLPL module allows the user to use two different formats for
the dataset as explained below.

2.3.1 Simple Data Format. The user can provide a simple dataset
consisting of the distances and their respective path loss values.
We only use the path loss component to train the ML model, so
it is fundamental to isolate this component from the fast-fading.
This leads to a conjecture that the fast-fading component can be
modelled as a Gaussian distribution with a mean of zero, as we are
assuming that the average of the complete propagation loss values
will counterbalance the fast-fading aspect. Figure 3 shows the flow
of the model when a simple data format is used.

2.3.2  Raw Data Format. The ML trace-based dataset is a raw dataset
which is composed of the transmission power, the SNR, the sender
/ receiver node coordinates, and other configuration details of the
dataset such as the antenna gain and channel frequency. To make
the prediction model independent of the transmission power, the
collected SNR value is not used directly as training data. Instead, a
pre-processing step is performed. The distance is calculated using
the nodes’ coordinates noted in its simulation environment, which
is reproducing the waypoints of the real experiment. Figure 3 also
shows the flow of the model when raw data format is used.

2.4 Preliminary Validation with Unit Tests

To validate the functionality of the MLPL module, a new test suite
named M1PropagationLossModelTest has been developed. This
test suite contains one fundamental test comprising four
TestVectors for checking distance — path loss values.

This test suite is primarily targeted at validating the working of
the shared memory via ns3-ai in the M1PropagationLossModel for
expected prediction of path loss values using the trained ML model.
Additionally, it also validates the creation of the
EmpiricalRandomVariable using the CDF distribution for obtain-
ing pseudo-random fast-fading values.
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Figure 3: ML Model Generation for Predicting Path Loss

3 VALIDATION OF THE MLPL MODULE

We validate the MLPL module by following a two-step approach.
Firstly, we validate the performance of the ML models by compar-
ing the predicted path loss values in dB to those obtained from real
experiments conducted on a live wireless network, and comparing
these results with those obtained with Friis and Log-distance prop-
agation loss models, available in ns-3. Subsequently, we use the ML
models in ns-3 and validate the effectiveness of the MLPL module by
comparing the goodput obtained in a specific scenario when using
existing propagation loss models in ns-3, such as Friis and Log-
distance. At every step of validation, we discuss the experimental
setup, parameters, scenarios and analyse the results.

3.1 Accuracy of the ML Models

In this section, we validate the accuracy of the ML models in several
experimental scenarios by comparing the path loss values obtained
with the ML models to those observed in the real experiments.

3.1.1 Experimental Set-Up. The set-up is based on an experiment
performed in the SIMBED project [10], consisting of data collected
using Fed4FIRE+ testbeds [5], in a warehouse environment. We
consider two nodes - one fixed and one mobile — which provides us
with continuous distance values as the mobile node moves through
the environment. Figure 4 presents the fixed node as the "AP", and
also the trajectory of the mobile node. The collected traces in the
project registered multiple metrics, such as the distance, the SNR
and the goodput. Each experiment consists of multiple runs, varying
the node’s transmission power from 0 dBm to 12 dBm.

3.1.2  Experimental Scenarios. The ML models are trained on either
complete or partial data from an experiment run and evaluated
on the respective data as explained in the scenarios below. These
ML models are measured against other path loss models like Friis
and various Log-distance models by comparing the propagation
loss predicted by each of them with the real measurements. The
following are the scenarios considered:

o Extrapolation Scenario: In this scenario, the ML models
are trained on shorter distances and tested on longer dis-
tances, to evaluate its extrapolation capabilities. Only data
within 10 m between the nodes is available for training, the
models are evaluated on all other data.

¢ Interpolation Scenario: In this scenario, the distances are
split into bins from which the models could learn. The train-
ing data consists of data from distances below 5 m, between
10 and 15 m, and finally above 20 m, effectively training on
data with knowledge gaps.

e Full-Set Scenario: In this final scenario, the models are
trained on all available data from a particular run of the
experiment.

The training data originated from run ©8022019_11.04.35 [10],
which is characterised by a transmission power of 1 dBm. The test
data comes from run 07022019_02.49.27 [10], where a transmis-
sion power of 7 dBm was used. Both these data runs share the same
channel centre frequency (5220 MHz) and bandwidth (20 MHz). A
gain of -7 dBi was used for each antenna. The gain of the antennas
is represented as a negative value since signal attenuators of 10
dB were used in-line with the 3 dBi antennas, to limit the signal’s
range in the warehouse.

3.1.3  Results and Analysis. The results obtained for the three ex-
perimental scenarios are analysed in the following subsections.

Extrapolation Scenario. As mentioned in Section 3.1.2, this sce-
nario captures only the data under 10 metres for training. The
behaviour of the ML models can be seen in Figure 5 given below.

In Figure 5(a), the thick blue dashed line represents the me-
dian values, while the shadow boundaries represent the 25th and
75th percentiles. When the fast-fading component is removed, the
25th and 75th percentiles are not shown on the plots of Friis and
Log-distance models since these models are deterministic. While
predicting propagation loss for known distance values (< 10m), the
SVR and XGBoost predictions follow the real data values closely.
However, when dealing with unseen data - i.e., data not included
in the training set — both ML trace-based models predict virtually
a constant value. As expected, the Friis and Log-distance models’
behaviour does not change.

Figure 5(b) shows us the absolute difference between the 25th,
50th (median) and 75th percentiles for each model and the real
data. The perfect scenario would be a horizontal line through 0 on
the Y-axis, where both models’ percentiles have the same value.
Here, we see a similar situation, where the difference curve for
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Figure 4: Trajectory of the Mobile Node in Environment

unseen values follows the real data one, as the predicted values are
constant.

The boxplot in Figure 5(c) represents the propagation loss dis-
tribution for each model, highlighting the median, the 25th and
the 75th percentiles. The whiskers depict the full distribution, ex-
cluding some points considered to be outliers, shown individually.
The points are considered outliers if they fall outside of the area
defined by multiplying the interquartile range, 75th Percentile —
25th Percentile, by 1.5, subtracting it to the 25th Percentile and
adding it to the 75th Percentile. When comparing the propagation
loss values distribution as shown in Figure 5(c), the results are again
similar, with XGBoost providing the most accurate represen-
tation of the data. With all the above information, it is possible
to infer that the extrapolation capabilities of the ML trace-based
propagation loss model are limited and other training strategies
should be preferentially used.

Interpolation Scenario. For this scenario, a different strategy is
employed. The training data for the models have some gaps. It
consists of data from distances shorter than 5 m, between 10 m and
15 m and larger than 20 m. The results are shown in Figure 6.

As can be seen in Figure 6(a), both SVR and XGBoost curves
are essentially contained in the real data shadow, except on the
local spikes excluded from train data, where both models follow
the overall tendency on that spot. This indicates that this approach
still allows us to achieve good performance while using less data.

Looking at the absolute difference between the 25th, 50th (me-
dian) and 75th percentiles for each model and the real data in
Figure 6(b), it is possible to infer that the knowledge gaps were not
a problem for the ML models, as they were able to learn from the
previous and following values for all the missing values.

The propagation loss distribution for each model is similar to
the extrapolation scenario, where SVR and XGBoost distributions
are more identical to the real one than the Friis and Log-distance
distributions, as can be observed in Figure 6(c).

Full-Set Scenario. Figure 7 shows the results of the full set sce-
nario. When all data is used to train the ML model, SVR and XG-
Boost have been shown to better modulate the propagation loss
when compared to either Friis or multiple Log-distance path loss
models.

As in Figure 7(a), the SVR and XGBoost predictions follow the
real data values closely. SVR predictions give a smoother curve in
predicting the values, while XGBoost is able to replicate the local
spikes along the experiment. In this context, Friis and Log-distance
are too optimistic.

Comparing the absolute difference between the 25th, 50th (me-
dian), and 75th percentiles for each model and the real data, the
results follow the Figure 7(b) findings, where SVR and XGBoost
have a smaller error. The XGBoost difference is slightly smaller than
the SVR one. The Friis and Log-distance models show a maximum
error around 15 dB, while ML models have errors below 5 dB.

When comparing the propagation loss distribution for each
model, in Figure 7(c), SVR and XGBoost present similar results,
being both able to accurately model the real data. The analysis of
the boxplot, in conjunction with the rest of the data, shows that
the ML trace-based propagation loss model can correctly learn and
represent the real experiment data when trained on the full dataset.

3.2 Effectiveness of the MLPL Module in ns-3

In this section, we validate the effectiveness of the proposed MLPL
module in ns-3. We study the goodput values obtained from sim-
ulations in ns-3 by varying the distance between nodes, and then
compare these values to those obtained from the real experiments.

3.2.1 Simulation Set-Up and Parameters. To evaluate the impact
of using the MLPL module on a specific wireless network scenario,
the network performance using Friis, Log-distance and MLPL is
measured and compared. The simulation set-up is in line with the
experimental set-up described in Section 3.1.1, involving two nodes
- one fixed and one mobile - as shown in Figure 4. The simulation
is configured to use the same values of the parameters considered
in the real experiment, which are described in Table 1.

The position of both nodes simulated in ns-3 is consistent with
the data collected from real experiments. The moving node position
is updated once a second, based on the resolution of the distance
data. The fixed node generates a UDP flow with a constant bitrate of
54 Mbit/s to ensure that the connection is fully loaded, as the offered
load is always above the link capacity. Since we use the IEEE 802.11a
standard, the Minstrel rate adaptation algorithm is used to auto-
matically adjust the data rate based on the channel condition. The
traffic is generated in the simulation using the OnOf fApplication,
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Table 1: ns-3 Simulation Parameters

Parameter Value
ns-3 version 3.35
Wi-Fi standard IEEE 802.11a
Tx power 7 dBm
Antenna gains -7 dBi
Channel frequency 5220 MHz
Channel bandwidth 20 MHz
Preamble detection threshold -90 dBm
Generated traffic 54 Mbit/s UDP constant bitrate
Packet size 1400 bytes

Distance range
Simulation duration

[2.07m, 24.09m]
404 seconds

which is configured to be always ON and transmitting packets of
size 1400 bytes. All unspecified parameters use ns-3 default values.

3.2.2  Results and Analysis. To study the impact of the MLPL mod-
ule in simulated wireless environments, it is compared against exist-
ing propagation loss models in ns-3, such as Friis and Log-distance.
The Log-distance model is wused in conjunction with
JakesPropagationLossModel, in order to reproduce the fast-fading
component of the propagation loss. The training approach followed
the "Full Set" scenario explained in Section 3.1.2, as this model has
the best performance. The propagation loss models are compared
using the goodput measured on the receiving node, that is the num-
ber of bits of useful information delivered to the application layer
of the receiving node per second.

The results are presented in Figure 8. Figure 8(a) shows the
distance over time and the goodput over distance for the real ex-
perimental run. From Figure 8(b), we observe that neither Friis nor
Log-distance models are able to accurately reproduce the observed
goodput, the predictions being condensed and lacking the spread of
the real data. Friis is too optimistic, saturating the channel when the
node distance is smaller, resulting in higher than expected goodput
values during all experiments.

SVR, while not completely replicating the original results, gen-
erally is able to follow the trend in the real data. XGBoost, while
being able to replicate some of the observed real values, is not able
to accurately reproduce the goodput when the distance increases.
However, it is the only model that can accurately reproduce the
spread of the real data. Both ML models do not achieve as low good-
put values as the real experiment, however, for higher values they
tend to be more accurate. This data indicates that both ML models
lead to more accurate representations of the real-world scenario
than the pure simulation models.

4 CONCLUSIONS AND FUTURE WORK

In this paper, we proposed the ML-based Propagation Loss (MLPL)
module for ns-3. The MLPL module reproduces, in simulation, the
experimental conditions of a physical environment, with the flexi-
bility of allowing any network topology, offered traffic and duration
of the simulation. The MLPL module provides the ability to train a
supervised ML model to learn and predict deterministic path losses
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Figure 8: Results using Different Propagation Loss Models

and the stochastic fast-fading losses using network traces collected
in the environment. Therefore, the MLPL enables the creation of ac-
curate digital twins of experimental wireless network environments
in ns-3. The MLPL module was validated with unit tests. Further,
we validated its effectiveness by comparing the results obtained
with propagation loss models in ns-3 and experimental results. The
results obtained show that the MLPL module proved to be more
accurate than their counterparts when estimating the propagation
loss and goodput in scenarios replicating a real experiment. As
future work, we plan to submit the MLPL module to the ns-3 App
Store. Additionally, we plan to improve the accuracy of the ML
models to consider more parameters collected in the experimental
environment.
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