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ABSTRACT
In this case study we show how four topography-independent
radio models (models not regarding individual obstacles in
the operations area) can be “tuned” such that the outcomes
of an event-driven network simulator come as close as possi-
ble to reference data obtained in a real-world radio network
experiment. An evolutionary optimization process was ap-
plied to find near optimal parameter values four these mod-
els. We describe the optimization process, the error function
that guides it and discuss the results.

Categories and Subject Descriptors
I.6.4 [Computing Methodologies ]: Simulation and Mod-
eling—Model Validation and Analysis

Keywords
Radio Model, Comparison, Real World, Optimization, Cal-
ibration, Simulation Model Validation

1. INTRODUCTION
It is a commonly accepted assumption that the accuracy

of radio network simulation depends to a large degree on the
quality of the underlying radio model. The network appli-
cation designer has to choose from a great variety of such
models, ranging from a “simple range model”, assuming con-
stant radio signal strength in a sharp-edged circular area, to
very elaborate models that may also take into account the
respective area’s topography, including descriptions of indi-
vidual obstacles in that area and formulas for the related
radio signal attenuation. Each of these models brings with
it a set of parameters for which values need to be provided—
in the above mentioned simple range model e.g. the range,
i.e. the diameter of the implied disc. After having overcome
the burden to choose an appropriate radio model, the net-
work application designer may thus feel trapped for a second
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time: What are appropriate parameter values? We call the
process of identifying “appropriate” parameter values also
“calibrating the model”.

In this paper, we present some preliminary results that re-
veal that simulation results of nearly equal accuracy can be
obtained for a set of topography-independent radio models if
the per-model required parameter set values are chosen care-
fully. By the term “topography-independent radio models”
we denote models that do not encompass a detailed knowl-
edge of individual obstacles in the intended radio network
operations area. In contrast to these models, topography-
oriented models come with a very high degree of complexity
and have their value e.g. in mobile network planning. This
is beyond the scope that we have in mind; we are interested
in general purpose simulation for e.g. the pre-deployment
analysis of wireless sensor networks (WSN).

An important question in the raised context is: How to
define and to determine the“accuracy of simulation results”?
In our case study, we decided for an approach that compares
event traces generated by an event-driven network simulator
with event traces measured during a real-world experiment
of a dedicated simple radio network. We equipped the net-
work simulator in sequence with four different topography-
independent radio models, and each time tried to system-
atically determine the “best” parameter values for the re-
spective radio modes, i.e. parameter values that produced a
replay of the real-world experiment as close to perfection as
possible.

In our approach, traces are not compared in total (“event-
by-event”), but according to a focus that can be chosen by
the network application designer. This focus is defined by a
so-called error function. The error function expresses some
functional interrelation between sets of events. A simplis-
tic example for this could be: the duration between related
start and stop events. For systematic variation of parameter
values we employed evolutionary algorithms. The search of
the parameter value space conducted by these algorithms is
guided by the error function.

The paper is organized as follows: In the following sec-
tion we introduce the pre-requisites needed for the applied
method for comparison which is described in section 3. Sec-
tion 4 presents the found results and comprises an according
interpretation before section 5 points out some related work.
Section 6 concludes the contribution.



2. PRE-REQUISITES

2.1 Simulator
For this case study we use the OMNeT++ simulator [16]

accompanied by the INET framework [1] and the SEE frame-
work [6] (Simulator Extension for Operations Environment
Models). While OMNeT++ provides basic distributed event
simulation the INET Framework adds node mobility and
radio simulation. The SEE approach adds a hardware ab-
straction layer which enables us to use identical implemen-
tations of the application software on real hardware and in
the simulation. To replay node movements captured during
a real-world experiment in the simulator, we use a graph
based mobility model as presented in [7].

2.2 Reference Data Acquisition
As common baseline for comparing the four different ra-

dio models introduced below, we acquired reference data
from a small-scale, real-world WSN deployment. This net-
work consisted of four nodes, which are based on modified
Linksys WRT WiFi-Routers running OpenWRT [12]. To
make this platform usable for WSN applications it was ex-
tended by a GPS-module and a sensor interface. The WRT
provides enough resources to record communication and mo-
tion events. The nodes were attached to cars, bicycles or car-
ried by pedestrians which moved inside a defined urban area
of about 1km2, following arbitrary routes. The recorded
GPS positions are used to create the graphs for node mobil-
ity in the simulator.

The “application” software for reference data acquisition
running on these nodes periodically emits beacons with a
certain frequency and records every beacon received from
other nodes. The mentioned SEE framework allowed a seam-
less portage of the application software from the simulator
to the real world device and back.

2.3 Radio Models
We chose to study four radio models with different levels

of complexity. They actually differ in the way the attenu-
ation of radio signal power, i.e. the path loss, is modeled
and if bit errors regarding potentially received packets are
calculated or not. Note that these are models for physical
phenomenons. Related models e.g. regarding the MAC layer
are protocol issues and are left unstudied since we suppose
that these might be identical in the real world and in the
simulation.

Right from the beginning, the reader should note that
this paper does not try to contribute to the design of en-
hanced and more accurate radio models, e.g. according to
[13]; instead it focusses on the question, what level of accu-
racy with respect to the network behavior in total can be
achieved by simulation, when some simple radio models are
equipped with parameter values that are carefully estimated
by an optimization procedure. To put it to an extreme: As
soon as we can define a parameter configuration for a radio
model that yields reasonable accuracy according, we don’t
care too much for the model’s internal properties.

2.3.1 Simple Range Model
The simple range model assumes a sharp-edged circular

area in which a message may be received. The receive power
within this range equals the transmitter power while it is
zero outside. Hence we have a hard cut between receiving at
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Figure 1: Four models for radio attenuation (Sketch)

full signal strength and not receiving at the defined distance
as sketched in figure 1.

A calculation of bit errors in received packets is omitted.
The only possible reason for not receiving a packet while
in range are collisions with other transmissions. The model
takes only a single parameter, which is the radio range in
meters.

2.3.2 Polynomial Model
The polynomial model shapes the radio path loss in an ab-

stract way. It calculates the reception power Prec according
to

P polynomial
rec =

Ptrans

c0 + c1 · d+ c2 · d2
(1)

with transmitter power Ptrans and the distance d between
sending and receiving node. This approach is borrowed from
a model for light attenuation in computer graphics as e.g.
used in OpenGL [14, 2]. Hence the coefficients c0 to c2 do
not have any physical “meaning” but can be seen as abstract
regulating screws.

Additionally to the more complex radio attenuation this
model introduces the calculation of bit errors which may
occur more often in situations of poor reception, e.g. due to
other transmissions nearby or a generally noisy environment.
The calculation of bit errors is also part of the standard and
the urban model described below.

Four additional parameters are introduced (besides c0 to
c2), namely the transmitter power, the general noise level,
the signal to noise interference threshold and the sensitivity
of the radio. All of these influence the decision, if a packet
may be received successfully at all or if it falls victim to noise
level or interference with other transmissions. The former
two also influence the bit error calculation.

2.3.3 Standard Model
The standard model also assumes purely radial dissemi-

nation as the models described above. Furthermore it cal-
culates bit errors in the same way as the polynomial model.
The only difference lies in the calculation of the receive
power. It considers the wavelength λ = speed of light

carrier frequency
as

physical value and the geometry of an assumed spheric dis-
semination (compare to Friis transmission equation). It fur-
ther introduces the path loss exponent α instead of abstract
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Figure 2: The unit-disc radio model is extended by
the definition of sectors of different path loss expo-
nents.

polynomial coefficients.

P standard
rec =

Ptrans

4π · dα ·
λ2

4π
(2)

The set of parameters remains the same as for the polyno-
mial model except that c0 to c2 are exchanged by α. Note
that there are dozens of path loss based attenuation mod-
els like this one. We call it the “standard” model since it
is the standard model used for IEEE 802.11 radios in the
OMNeT++/INET framework.

2.3.4 Simple Urban Model
To advance the precision towards the urban scenario, we

extended the standard model by areas of different attenu-
ation. This is expected to account for obstacles like build-
ings. To keep the model simple, we assume to have streets
of houses leading to areas of expected low attenuation along
the direction of a node’s movement and high attenuation
in the orthogonal direction. This is modelled by cones as
depicted in figure 2 and discussed in [7].

Accordingly the model introduces an additional parameter
αob regarding the path loss for obstructed propagation and
a parameter for the angle ϕ. Note that this model is still
topography-independent since we do not capture any map
influencing the radio but use the orientation of the nodes
only. The other parameters are identical to the standard
model.

3. METHOD FOR COMPARISON
The radio models introduced in the previous section have

different sets of parameters, that define their bahavior. As
these models are an abstraction of reality, one must not ex-
pect that a model parameter, which is set to a value taken
from the reality, will make the model behave realistic. E.g.
the transmitter power actually emitted by a radio in real-
ity (including antenna etc.) does not necessarily match the
value which was configured. Hence we can at most estimate
the correct value to be used in simulation.

Thus before one can decide which simulated radio model
is adequate, each of these models need to be configured such
that they behave as realistic as possible. Therefore a metric
must be found, that measures one or more characteristic
aspects of the real world, and which can be acquired by
simulation in the same way too. Furthermore it needs to be
applicable to all models which are going to be compared.

3.1 Evolutionary Approach
Evolutionary optimization algorithms are a well known

meth-od for determining parameter values in areas where
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Figure 3: Basic layout of the optimizer

analytical methods are inefficient, unknown or hard to proof.
As numerous articles are available on evolutionary algorithms
(EAs), we discuss them here only briefly.

In [8] we introduced a method and framework, that runs
an EA with a fitness function that is actually based on sim-
ulation. The EA generates a set of vectors xi which is called
a population. Each vector (called an individual in the scope
of EAs) contains a fixed number of p values corresponding
to p parameters of the simulation model under inspection.
Hence an individual reflects a candidate solution in the p-
dimensional search space. The EA passes this population to
the fitness/error function f and “expects” it to return one
fitness/error value per individual, measuring the quality of
the according configuration.

The EA scans f for a global minimum (error function)
or maximum (fitness function) and generates the following
populations. This generation process works not (completely)
randomly but e.g. follows tendencies in the landscape of re-
sulting fitness or error values. As we are aiming to minimize
the difference between simulation and real world behavior,
we are talking about an error function in the following. Un-
til now we are using Genetic Algorithms and CMA-ES [5]
as EAs—other are possible.

Evaluating the error function means in our framework to
first convert the individuals xi into configuration files which
are recognized by the simulator (see figure 3). Running ac-
cording simulations produces a set of log-files which are in-
terpreted to calculate the regarding error values as described
in the following section.

Naturally the number of parameters may differ heavily
between studied models. The larger p is, the longer an opti-
mization process will take. To keep the search space not only
finite but also reasonably small, a range of allowed values
needs to be specified for each parameter. Some ranges may
already be limited by some boundary conditions given by the
scenario, e.g. a negative radio range is not feasible. Beyond
this, choosing such ranges means to find a balance between
acceptable execution time and the risk to miss possibly good
solutions, e.g. the radio range for a typical WLAN-radio will
not exceed 500m. Table 1 shows all parameters and their
limits used for the currently discussed radio models.

3.2 Error Function
The error function for our case study ranks a single can-

didate solution by quantifying the difference between real
world and simulation behavior. This can be achieved by
comparing measurements from real world experiments with
measurements from simulation executions, that perform a
replay of the real world experiment.

We decided to take an application oriented perspective for



Parameter Simple Range Polynomial Standard Simple Urban
(Free Air) Path Loss Exp. – – 1.0 to 4.0 1.0 to 4.0
Obstructed Path Loss Exp. – – – 2.0 to 6.0
Free Air Angle – – – 0.1 to 20.0
Thermal Noise [dBm] – -100.0 to -105.0 -100.0 to -105.0 -100.0 to -105.0
Radio Sensitivity [dBm] – -70.0 to -100.0 -70.0 to -100.0 -70.0 to -100.0
Transmitter Power [mW] – 50.0 to 150.0 50.0 to 150.0 50.0 to 150.0
SNIR Threshold [dBm] – 2.0 to 20.0 2.0 to 20.0 2.0 to 20.0
all polynomial coefficients – -50.0 to 50.0 – –
Distance [m] 10.0 to 500.0 – – –

Table 1: Overview of parameter ranges scanned by the optimization algorithm

defining the error function, i.e. a position that reflects radio
behavior from the point of view of the application software
running on the mobile nodes. The error function resulting
from this approach measures the “encounters” between mo-
bile nodes. “Encounter” is defined as time span during which
two or more mobile are able to exchange data. Application
software experiences encounters as a set of successful receive
operations.

Let the network consist of a set of n nodes, then each node
may possibly receive beacons from n−1 other nodes. Hence
we can suppose for each node r a set of n− 1 chronological
sequences regarding beacons received from one other sending
node s. (A receiver cannot be the sender at the same time.)
Regarding the whole network, we have n · (n − 1) of such
chronological sequences describing the observed encounter
pattern. We are partitioning these sequences into timeslots
of one second each. Given a frequency of 8 Hz for sending
beacons, each slot has a count ci with 0 ≤ ci ≤ 8 of received
beacons. The time considered in the real-world experiment
is derived from the GPS time, which is synchronous over the
whole network.

Discriminating ’good’ from ’bad’ configurations of the ra-
dio model requires to compare the encounter pattern result-
ing from a simulation run to the reference encounter pattern
determined from real-world log files. For all sender/receiver
pairs and all encounters in both encounter patterns, we can
calculate per time slot the difference crefi − csimi . A nega-
tive value for this difference shows how many packets are
indicated as received by the simulator in that time slot in
excess to what happened in the real-world experiment, a
positive value shows how many packets were not received by
a simulated node in that timeslot. Summing up the absolute
values of these differences lets us express in a single value
the amount of vain and missing packets for one chronologi-
cal sequence of k seconds regarding a sending node s and a
receiving node r:

∆r,s =

kX
i=0

˛̨̨
crefi − csimi

˛̨̨
(3)

Let N be the set of all nodes, we finally compute the
mismatch for the whole encounter pattern as

E =
X
r∈N

X
s∈N,r 6=s

∆r,s (4)

E is an error value, expressing the number of misplaced
and missing beacons in the simulated network. Thus E has
to be minimized using the optimizer.

Model minimal error (← more accurate)

Simple Range 11425

Polynomial 11414

Standard 11328

Urban 10406

Table 2: Achievable error values for different models

Model simsec/sec (faster →)

Simple Range 162.13

Polynomial 161.17

Standard 135.72

Urban 133.98

Table 3: Processing effort for different models

4. RESULTS
The results presented below are all obtained running the

optimization process as outlined. Depending on the number
of parameters the search space varies significantly in size.
The number of simulation runs needed to find relevant re-
sults varies accordingly. The termination condition depends
on the algorithm in use: For the genetic algorithm we chose
to abort if no better solution was found for more than 50
generations. CMA-ES has some internal termination condi-
tions which respond to flat error landscapes, i.e. if no further
gradient was found which may lead to an other minimum.

To validate the method, we exemplarily generated artifi-
cial instances of reference data by executing simulations us-
ing sample model configurations. Optimizing against these
artificial sets of reference data led to configurations which
match the previously chosen sample configurations very closely.
In the following we do not discuss this validation process in
detail, but focus on the results achieved applying the refer-
ence data acquired in the real world.

4.1 Simple Range Model
The simple range model considers only one parameter–the

distance between sender and receiver. Hence no parameter
dependencies exist and we find a clear minimum in the error
function as depicted in figure 4. The best results found in
the search range from 10m to 500m was using a range of
105 m which leads to an error value of 11425. Note that us-
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Figure 4: Error for simple range model plotted
against distance

ing wrong range estimates leads to a comparably moderate
increase of the error value—changing the range by ±10m
does not change much. Compared to the number of approx-
imately 17440 beacons successfully received during the real-
world experiment, this implies an error of misplaced beacons
of about 65.5% regarding the given error function!

4.2 Polynomial Model
The polynomial model introduces a set of seven parame-

ters of which we found the square coefficient to be the most
significant. As depicted in figure 5 reasonable results can
be found around a value of approximately -0.4. The best
configuration found has an error value of 11414 which also
corresponds to about 65.5%. Setting the square coefficient
smaller than -2.0 inhibits nearly all communication leading
to an error near to the total number of beacons received
during the real-world experiment. Setting it larger than 0
lets every node communicate with every other, hence the
position of nodes does not matter anymore and nearly every
beacon send is received successfully by all other nodes. Note
that finding a comparably good configuration is actually de-
pending on the use of an optimizer or a similar approach,
since the parameters have no physical analogies and cannot
be chosen e.g. based on experiences.

4.3 Standard Model
The most significant parameter regarding the standard

model is the path loss exponent. Figure 6 shows that using
pathloss exponents smaller than 2 leads to dramatic error
values since again every node can communicate with every
other. Setting it greater than 4 eliminates most communi-
cation. The best value found was 3.0.

Having a look at the other parameters plotted in figure 7
reveals a quite undifferentiated picture: There are no clear
extrema or tendencies. This is a result to the correlation
between these parameters. Changing e.g. the noise level
may be compensated by using a higher transmitter power
or by reducing the signal to noise ratio threshold. This can
also be confirmed utilizing some enhanced features of the
CMA-ES optimization algorithm.1 This leads to the guess

1We refrain from discussing this in depth since this needs
deeper insights to the CMA-ES algorithm which is out of
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that this model might by overspecified regarding the set of
parameters.

At the bottomline we slightly advanced accuracy com-
pared to the above models, currently achieving an error of
65.0% with the best found solution. Nevertheless this is still
far from being a satisfying result.

4.4 Urban Model
Similar to the standard model the path loss exponents are

the most significant parameters for the urban model. This
could have been expected, since this model is actually de-
rived from the standard model. Considering figure 8 we find
a greater dispersion of measurements than in figure 6 for
the standard model. This is due to the additional param-
eters: reducing the free air angle ϕ gives more influence to
the obstructed pathloss exponent hence enabling for results
with αfree < 2 and an error significantly smaller than the
maximal error—and again we observe correlations between
parameters.

Regarding the achievable error we obtain values of about

the scope of this contribution.
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59.7%. This is an observably better result compared to the
other models but again not satisfying.

4.5 Comparison
The achievable minimal error values are by trend lower for

more complex models as shown in table 2. This behavior
might have been expected, nevertheless the simple range,
the polynomial and the standard model are quite close to
each other.

Besides the accuracy the actual duration of executions of
simulations is relevant—especially regarding large networks
to be simulated. To compare the discussed models, we ran
the same replay simulation as used in the optimization pro-
cess 1000 times for each model. The configuration chosen
for all simulations was the best configuration found respec-
tively. From this we took the average rate of seconds sim-
ulated to seconds of execution time. Note that this value
comprises also execution times of the application software
and non-radio models. Hence these results must not be in-
terpreted as absolute values but only relatively among the
models. Furthermore the speedup regarding the studied ra-
dio models itself is even larger than the values found, since
non-modell related parts (e.g. basic simulator modules or
the application) add an offset which is expected to be ap-
proximately the same for all of the presented experiments.

For comparability reasons we configured each model with
the regarding most accurate configuration found, as men-
tioned above. Note that this does only lead to an approxi-
mately equal number of executions of each radio model since
the number of beacons received is slightly different. Never-
theless this configuration constitutes the settings to be used
for further simulations. Hence this is in a way a normative
operation condition.

Table 3 shows the actual differences between the models.
As expected a more complex model implies more calcula-
tions and hence lower performance of the simulation execu-
tions. Nevertheless it is remarkable that the standard model
is significantly slower than the simple range model while not
providing a particular benefit regarding the accuracy. On
the other hand using the urban model comes at nearly no
(performance) costs compared to the standard model but
provides an observable advance regarding the accuracy.
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4.6 Interpretation
To emphasize it once more: all presented results are based

on the above defined error function and the reference data
recorded in a real-world experiment. Assumed that both are
suitable, we can state that no model achieves a satisfying ac-
curacy for the given scenario—even not with a near optimal
configuration. Do more enhanced and therefore more com-
plex models as e.g. the urban model presented in [10] lead
to better results? This cannot be answered on the basis of
the presented studies—although it seems to be feasible. To
look a bit closer into the peculiarities of the given urban sce-
nario, figure 9 exemplarily depicts the distance of two nodes
A and B during the real-world experiment (upper part of
plot). The distance plot is accompanied by the number of
beacons node A received from node B per second. Between
e.g. 0 and 200 seconds or from 1900 to 2400 seconds com-
munication takes place as expected: as the nodes approach
each other communication starts, when the distance grows
again the connectivity breaks away. Even the larger dis-
tance at approximately 2100 seconds is reflected by a gap in
the recorded sequence of beacons. Now take a look at the
situations at about 1200s and at about 1700s. In the first
case the nodes have a distance of more than 250m and com-
munication takes place. In the second case they get closer
than 100m but no communication takes place. Hence ev-
ery simply range or path loss based model will not be able
to match both cases with the same configuration. Models
considering more aspects of the real world, like buildings,
landscape, reflection or artificial noise sources, may be a so-
lution. This will be a part of future studies. Nevertheless
most of these models are not topography-independent any-
more and hence need to be specifically adapted to a given
environment—possibly based on further intensive real world
measurements.

It is common to all presented models, that there are re-
gions in the space of possible configurations, which lead to
very bad results in terms of the used error function. As
already suggested in 4.2 configurations from these regions
allow no or too much communication between the nodes.
Especially the latter group will possibly produce trivial con-
ditions for protocols and application software that will be

simulated on basis of accordingly configured radio models.
This may lead to simulation results for application software
and protocols, that are too optimistic, finally resulting in
surprisingly bad behavior in real world deployments.

Trapping into such a configuration is more probable for
models that have larger parameter sets and more sophis-
ticated interrelations between the parameters. The simple
range model for example can be configured comparatively
easy, by assuming a reasonable radio range. The other mod-
ules in contrast show much stronger dependencies between
parameters, as for example mentioned in 4.3. These rela-
tions are often not obvious. Good documention or analyz-
ing source code may be a solution. Alternatively using an
optimization process as described can also help to identify
these critical parameter settings.

Besides model related issues, these results show how cru-
cial a suitable configuration of the model is: even small mis-
configurations may lead to significantly worse accuracy com-
pared to the use of a simpler model.

5. RELATED WORK
The accuracy of a simulation according to the real world is

the most crucial issue regarding its applicableness for a (pro-
ductive) development and/or deployment process. Newport
et. al. present in [11] an evaluation of routing protocols first
in an artificial real world deployment and second in a sim-
ulation environment using different radio models. Besides
clearing up some common assumptions often made for sim-
ulation, they show how sensitive routing results are to model
inaccuracies. Nevertheless they chose radio parameters on
some kind of experiences without further justification.

Liu et. al. [9] argue for so called “direct-execution” which
actually means to run the same code in simulation and de-
ployment. Furthermore they point out the correlation be-
tween routing results and the chosen path loss exponent for
a radio model.

Without relating their results to real world experiments
Cavin et. al. [4] and Takai et. al. [15] show the influence of
the simulated physical layer to the routing layer by compar-
ing different simulators with different radio models leading
to dramatically different results. Especially Takai et. al. dis-
cuss physical details of the physical layer to be reflected in
the models. This is somewhat contrary to the polynomial
model discussed above trying to omit physical analogies.

An overview regarding the credibility of MANET Simu-
lations also discussing the comparability of results can be
found in [3].

6. CONCLUSION
As shown in section 4 the differences between the models

regarding the accuracy are smaller than it might have been
expected. Inadequate parameterization in contrast has a
significant effect to the results. Given the case that we have
no reference data and no optimizer at hand, this possibly
raises the question if it is actually wise to use complex mod-
els without being very sure about the correct configuration
or if it is better to stick to simple models. These might be
configured more intuitively and/or on the basis of simple
real world observations, as e.g. some radio range in meters.

On the other hand, if we have the possibility to use refer-
ence data and optimization, models do not necessarily need
to take physical measures as parameters, since values can be



determined as described in this contribution.
Regarding the complexity of models, the results show that

more enhanced distributions of the reception power and in-
troducing bit error models have a minor influence under the
described scenario and error function. Qualitative changes
as introduced with the urban radio model seem to be more
promising. Hence investigating topography-oriented models
in the future might lead to solutions with smaller absolute
errors.
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