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Abstract—In this paper we propose MAPPLE, a novel method
to learn link quality estimates in wireless networks. The method is
a two-step process that combines a online distributed protocol, for
gathering link quality measurements, with a supervised learning
approach, for offline data processing and model building. The
distributed protocol exploits channel probing and node mobility,
while the offline learning is based on Support Vector Regression
(SVR). The core idea is to use the online protocol to dynamically
reshape a given network to generate a large number of different
network configurations from which we sample, through the trans-
mission of probe packets, link quality measures. Each measure is
associated to a vector of network features, related to interference,
traffic loads, and local topology, that jointly contribute to the
definition of the observed link quality. Quality measures and
network features are used to train the SVR model for link quality
prediction. We validate our approach by extensive simulation
tests, showing the good link quality prediction accuracy of the
system, as well as its ability to generalize to networks much larger
than the ones used to gather the training data.

I. INTRODUCTION

To provide fast and reliable data delivery in multi-hop
wireless networks, such as sensor and mobile ad hoc networks,
network protocols need to able to identify good wireless links.
The effective quality of a wireless link, in terms of expected
packet losses and bandwidth, depends on the interplay of a
number of factors related both to hardware, software, and traf-
fic generation aspects (e.g., antenna characteristics, and PHY
and MAC layer protocols), and to the specific configuration
of what we term the local wireless environment of the two
end-point nodes of the link. The local wireless environment
is characterized by the following elements having an impact
on the effective quality of the link: (i) the distance between
the two nodes, that determines the path loss of the transmitted
signal (that might be as high as the fourth order exponent of the
distance [1]); (ii) the number, relative positioning, and traffic
characteristics of the neighbor nodes, that determine interfer-
ence, one of the major factors of performance degradation in
wireless multi-hop networks [28]; (iii) additional factors such
as the presence of obstacles, causing reflections, and weather
conditions, affecting electrical radio transmissions.

The complex interplay among all these factors of different
nature make precise link quality estimation a challenging task
in wireless networks. The task is made even more challenging
in presence of mobility, since the local wireless environment
of a node constantly changes. An extensive body of work
has addressed the link quality estimation problem using both

analytical models and online statistical estimation strategies.
Since link quality estimation is functional to link selection,
most of the work has been carried out in the context of multi-
hop routing, with the aim of identifying routing paths of better
quality than those that could result by using conventional
metrics, such as minimum hop count or minimum latency (e.g.,
[8], [11], [35]). However, also other important applications can
benefit from accurate link estimation models, such as agent co-
ordination [24], sensor placement [21], topology control [34],
load-balancing [36] and relay node placement [10].

In this paper we propose a novel method to estimate link
quality in terms of packet reception probability, which we
refer to as mobility-assisted proactive probing and learning
estimates (MAPPLE). It is a combination of a distributed
protocol for data gathering based on channel probing, with a
supervised learning algorithm for offline data processing and
model building. The method assumes the presence of mobile
nodes. It consists of two stages, described in the following.

In the first stage (mobility-assisted proactive probing), the
objective is to collect link quality measurements through
controlled mobility and data generation. During this stage, we
assume the network nodes are neither generating application
data nor moving according to application requirements. For
instance, this condition could be easily imposed at network
deployment time, before starting user operations, or at other
times when user network operations can be temporarily put on
hold. To collect link quality measurements, the nodes recreate
expected network traffic conditions by locally broadcasting
probe messages at different rates. Moreover, by periodically
switching on and off and by moving, the nodes modify the
topological layout of the network, creating both at local and
global level a number of short-lived different topological
structures, that is, a number of different local wireless en-
vironments. The objective is to exploit a given network of n
nodes to generate snapshots of a relatively large number of
networks with m ≤ n nodes, artificially creating in this way
many different local wireless environments. By measuring the
reception rates of the generated probe messages, it is possible
to collect online data samples of the quality of the different
links (i.e., of the local wireless environments) that can be
present in a network with the same characteristics for number
of nodes, traffic loads, and communication interfaces.

MAPPLE’s second step (learning estimates) consists in the
use of a machine learning technique to process offline the



gathered data and build a prediction model for link quality,
which can be then deployed to the nodes and used to derive
link quality estimates online. In practice, node data can be
collected at a central processing/sink node, processed, and the
results can be sent back to the nodes to be used by other
applications needing link quality estimates (e.g., routing proto-
cols). The prediction model is built using a supervised learning
framework based on Support Vector Regression (SVR) [25].
SVR is a specific instantiation of a Support Vector Machine
(SVM) [26], a kernel-based class of techniques that in recent
years has emerged as one of the best approaches for classifi-
cation and prediction. Compared to artificial neural networks
(ANNs), to which they are related to, SVMs are designed to
minimize the structural risk by minimizing an upper bound of
the generalization error rather than the training error. In this
way, they can provide better generalization capabilities and
the ability to better handle large multi-dimensional training
sets. Therefore, SVMs are particularly suitable for the task
we have at hand, where we want to learn a mapping from
many different configurations of local wireless environments
to link qualities, using the large set of training data obtained
during MAPPLE’s first step. An important advantage of using
the SVR precisely consists in its generalization capabilities.
The built model, not only provides accurate estimates for
the specific links (i.e., local environments) generated during
the online procedure, but, to some extent, it also allows to
robustly predict the performance of links that were not present
in the network either because they were not generated while
executing the online procedure or because they could not be
generated at all (e.g., if we use a 10-nodes network for training,
the maximum number of interfering neighbors a node could
happen to have by exploiting node mobility is 9; however,
the model has the capability to generalize also to cases in
which a number of neighbors higher than 9 is present in
the neighborhood). This characteristic allows the link quality
prediction model to be effectively used by applications needing
to adapt to topology changes, or to plan controlled topology
changes, which may take the form of placement of additional
nodes or removal and movement of existing ones.

We validate our approach by extensive simulation tests. We
use a small set of 20-nodes networks for gathering data, and
we show that MAPPLE is able to build a model that can very
reliably predict link qualities for networks ranging from 10
to 100 nodes. As a by product of the training procedure, we
also learn which features of a local wireless configurations are
really needed to build a reliable model. Finally, we show the
beneficial effects of using mobility compared to a version of
MAPPLE where only node switching on and off is used.

The rest of the paper is organized as follows. In the next
section we discuss related work. In Section III we identify
the elements of a local wireless environment that can affect
link quality, which we use for model training. In Section IV
we describe the online protocol for data gathering, while the
supervised learning procedure for model learning is described
in Section V. Experimental results are reported in Section VI.
In Section VII we draw conclusions and discuss future work.

II. RELATED WORK

In general terms, the approaches used to characterize the
elements affecting the performance of a wireless network,
such as link quality, can be classified as analytical and
empirical estimators. Analytical estimators [13], [14], [28] try
to capture wireless channel properties by building theoretical
models, mostly based on the modeling of radio propagation
and interference [18]. On the other hand, empirical estimators
use statistics collected during the network operation in order
to predict current characteristics or future behavior.

According to the way they collect network measurements,
empirical approaches can be further distinguished into: passive
measurement and active probing schemes. Passive measure-
ment schemes use the performance history of the network,
obtained by overhearing local traffic, without interfering with
the network environment or generating additional traffic [20],
[31]. The information used by these techniques is limited
to the configurations that have occurred in the past and
to the characteristics of the wireless links that have been
used so far. They usually fail to adapt to highly dynamic
environments, despite of their attempts to capture short-term
variations. Active probing approaches [2], [7]–[9], [17], [32],
collect performance statistics from probe messages which
are periodically sent out. Compared to passive measurement
strategies, the additional overhead due to the injection of probe
messages is compensated by a main advantage: the ability to
examine areas and configurations of the network that otherwise
would not be have been used for data traffic. This characteristic
allows to proactively monitor large portions of the network and
be able to better react to changes.

We propose a probing-based approach which, in contrast
to previous active probing techniques, does not rely on the
continuous transmission of probe messages while data traffic
is being transmitted. MAPPLE’s probing phase is executed in
absence of application traffic, to gather training data under
a controlled situation and to not create an unwanted traffic
overhead. Moreover, none of the previous approaches explic-
itly rely on node mobility and/or node switching on and off
to artificially generate multiple local topologies.

In addition to the mobility-assisted probing scheme, the
main contribution of this paper is the definition of a machine
learning approach to predict wireless link quality. While
machine learning strategies have been employed since long
to learn link qualities in the context of learning routing paths
(e.g., [5], [9]), only a few works have proposed to use machine
learning specifically for link estimation in wireless networks.
In [12], the authors propose a pattern matching-based approach
to predict link quality as a function of Signal to Noise
Ratio (SNR) variations, based on historical measurements. In
contrast, we consider a much larger set of measurable features
of the local wireless environment, rather than focusing on
a single one (the SNR, that we do not take directly take
into account, also considering that it may lead to inaccurate
predictions [37]). Moreover, we aim to learn a prediction
model that is general, not related or depending on a specific



link, and that can be applied on the spot, without the need of
per-link historical measurements.

In [33], link quality estimation is approached as a clas-
sification problem. The authors propose to categorize links
using a limited set of classes by means of a supervised
learning approach, where a model is trained using a set of
samples collected by the nodes. To characterize each sample,
the authors identify a set of features that are believed to
have an impact on link quality. In the paper, it is shown
that the proposed link estimation strategy, combined with the
ETX protocol [8], improves network performance. Rather than
classify links, we use a support vector regression technique
to directly estimate the packet reception rate of a given link
given a characterization of its local environment. Moreover,
the set of link features considered in [33] does not take
into account the impact of traffic/interference generated by
neighbor nodes, as we do. Finally, we propose a protocol to
maximize the efficiency of data collection in terms of different
samples, which has a significant impact on the accuracy and
generalization capabilities of the model.

In [3] the authors propose a fuzzy logic link quality estima-
tor. It employs membership functions to estimate the quality
based on four features: packet delivery ratio, link asymmetry,
stability, and SNR. In [23], three different machine learning
techniques are used for link quality prediction. The authors
combined hardware based estimators, readily available from
the physical layer, together with a software based estimator, in
order to obtain a more accurate model which predicts the cur-
rent link packet reception probability. In general terms, apart
from the differences related to the used learning techniques,
our work can be distinguished from these previous works by
the considered set of link characteristics. The features included
in our modeling capture a larger number of elements affecting
the performance of a wireless link. Also, most of these ma-
chine learning related approaches build statistics performing
active probing concurrently with application traffic. In our
framework, data collection is kept separated from the use of
the network for data applications, to minimize the overhead
and have a full control on mobility and traffic patterns.

III. LINK QUALITY AND FEATURE SELECTION

In order to define a model to estimate the quality of a
wireless link, first, we need to identify the features of the local
wireless environment that can have an impact determining
the link performance. These features also depend on the
adopted MAC protocol. In this paper, we focus on CSMA/CA
protocols. However, our approach can be applied also when
different MAC protocols are used, by selecting the appropriate
set of features. The selected features define the data that are
gathered during MAPPLE’s first stage, and that are used as
input for training the SVR in the second stage.

Since it is widely understood that the packet reception rate
between two neighbor nodes is directly related to their physical
distance [35], the first feature we consider is precisely the
distance between the two end nodes of the wireless link.
Distance estimations can be obtained through a variety of

methods, such as GPS, wireless signal measures [19], and
range measurements based on ultra-wideband or infrared [30].

The second feature we consider is the expected link traffic
load at the sender, rS . The traffic rate at which data flows
through a link from sender to receiver has a clear impact
on the percentage of expected packet losses. These losses
might be caused by MAC contentions, and queue management
failures, among others. For simplicity, we assume that the
traffic load rS belongs to one of three possible traffic profiles:
{rlow, rmed, rhigh}.

The Received Signal Strength Indicator (RSSI) is a hard-
ware based estimator embedded in many wireless devices. It is
usually available directly from the PHY layer and is commonly
included in link quality prediction models. We also include it,
even if its efficacy as a link quality estimator by itself has
been disputed in many research works [4], [29].

The next feature that we consider is the transmission rate at
the receiver, rR. In typical scenarios, nodes both generate data
to be transmitted and act as relays for packets generated by
other nodes. In single-channel MAC protocols, this condition
may cause to destination busy collisions [27]. These types
of packet losses occur whenever the destination node of a
packet is ”busy” (i.e., performing a packet transmission). To
account these losses in our model, we also include the receiver
transmission rate as an element that affects link quality. As for
the sender traffic rate, we assume that rR can be characterized
by one of the three mentioned traffic profiles.

In wireless networks, interfering transmissions contribute to
poor packet delivery performance. Although MAC protocols
are designed to prevent transmission interference, packet col-
lisions might still occur (e.g., presence of hidden terminals
in CSMA/CA protocols [28]). To consider this factor in our
model, we include the neighborhood state of the receiver node
in the set of link features by using a vector VR of elements
(ni, di, ri), where ni is an active neighbor (simultaneously
transmitting) of the receiver, located at distance di from the
receiver and transmitting at rate ri.

Simultaneous transmissions from nodes in the vicinity of
the sender also affect link quality. Due to the shared nature of
the wireless channel, contention-based MAC protocols prevent
transmissions from nodes within a certain distance in order
to reduce packet collisions. However, when the neighborhood
of the sender is congested (due to high number of active
neighbors or heavy local traffic), packet losses may still occur
because the sender’s MAC protocol is unable to acquire
access to the wireless channel. For this reasons, the sender’s
neighborhood state is another feature that we consider in our
modeling. We use as feature the vector VS , including the set of
concurrently transmitting nodes in the sender’s neighborhood.
Each element of VS is a tuple (nj , dj , rj) representing a
neighbor node nj , located at distance dj from the sender and
transmitting at rate rj .

It is important to remark that all the information needed
to define the feature vector for a given link can be made
available at the receiver node using its local sensors (i.e., radio
transceiver, range and bearing) and the probe packets received



from node the source node. Therefore, in practice, collecting
link quality measurements with their respective feature values
can be done in a fully decentralized and online way.

IV. MOBILITY-ASSISTED CHANNEL PROBING

With the aim of gathering a large and diverse set of samples
of local wireless configurations, we propose a three-state
distributed protocol. At any given time, a node can be in one
of the following three states:
• Idle: The node is inactive. This may be implemented by

switching off its radio or stopping sending and receiving;
• Probing: In this state a node periodically broadcasts probe

packets containing information about its neighborhood
and the wireless channel. At the same time, the node
receives and precesses probe packets sent by other nodes;

• Moving: In this state a node performs a controlled move-
ment to enforce changes in the network topology.

Every time a node makes a state transition, it broadcasts a
state change message to inform its neighbors about the new
state. As the protocol is running, each node uses this message
information to keep updated its neighbor table.

A. Wireless channel probing

When a node switches to a probing state, it randomly
chooses a traffic profile in {rlow, rmed, rhigh}. According to
the profile, it periodically generates and locally broadcasts
probe packets. Each probe packet from a node a contains:
(i) a message counter; (ii) the rate at which a is transmitting
packets; (iii) information about a’s neighborhood, represented
by the status vector VS ; (iv) the time stamp of the last change
of a’s neighborhood state (the counter value at the moment of
receiving a state change message from any of its neighbors).

If a → b is a directed wireless link from node a to
node b, then samples from link a → b are collected by a
whenever both a and b are in probing state. At the reception
of the first probe packet from a, b records the message
counter and the time stamp and initiates a sampling session
for a. Every new probe packet is examined and counted. If
a probe packet contains a different value for the time stamp,
it indicates that node a’s neighborhood has changed. When
this happens, the current sampling session is closed: session’s
packet reception rate is computed using the first and the last
message counters successfully received, and the state of node a
and b is recorded and used to define the wireless enviroment of
the sampled data. A new sampling session is then initiated for
link a→ b. Another situation leading to a restart of the local
data collection procedure is the reception of a state change
message. For instance, node b receives a state change message
which changes its set of active neighbors while it was sampling
data regarding link a→ b. This event implies a change in the
local environment of link a→ b. Therefore, the current sample
must be closed. This condition holds for any other link being
sampled at that moment. Data collected during a sampling
session are stored only if the counter value (i.e., the number
of packets sent during the session) is greater than a threshold
value. This constraint is defined to ensure sampling intervals

that are long enough to provide representative measures of the
packet reception rate of a given link.

B. Topology variations by node mobility

By switching to idle and moving states, nodes alter the
network topology and change the local environment of sam-
pled links. In idle state, a node excludes itself from the
network, reducing in this way the number of nodes and
creating a locally sparser network. On the other hand, node
movements modify the network structure by adding new links,
and/or removing existing ones. New links are created if the
distance between two nodes which were previously out-of-
range decreases to a value that allows both nodes to receive
each others transmissions. Vice versa, existing links disappear
from the topology if, after moving, the inter-node distance
exceeds the transmission range.

Node mobility is used with the objective of strongly reshap-
ing network topology, generating a number of novel local link
environments to be sampled. Several mobility strategies can be
used at this aim. To preserve distribution and simplicity of the
protocol, we adopt a simple random mobility strategy to select
node trajectories. When a node enters into a moving state, it
randomly chooses a direction and starts moving according to
it. The movement is performed until a neighborhood change is
detected, that is, until a topology change is ensured. To prevent
nodes becoming disconnected from the rest of the network, we
enforce them to return to the last position where the node had
at least one neighbor if the node becomes isolated. We set the
maximum displacement to be relatively short, to minimize the
time a node spend performing movements (this time depends
on the mobility capabilities of the node). Figure 1 illustrates
the network topology evolution after running the MAPPLE
protocol for a few minutes. In the figure, the edges represent
the wireless links present in the network. The transmission
range is set to 8 meters.

By relying on node mobility, the protocol can be quite
energy consuming. On the other hand, the switching on and off
of the nodes partially counterbalances the energy consumption
due to mobility. The investigation of energy-aware mobility
strategies and the trade-off between energy consumption and
system performance is left for future research.

C. State transitions

State changes modify the neighborhood of probing nodes,
triggering, in turn, the restarts of sampling sessions. If these
restarts are frequent, the number of link samples decreases,
because of the constraint on the minimum number of per
session probe messages required to generate a valid data
sample for learning. We define the time between two consec-
utive state changes as a random variable uniformly distributed
in (mins,maxs). The interval sets the trade-off between
number and diversity of the samples, and can accommodate
the requirements for energy optimization and execution time
of the protocol. In our evaluation, we set mins = 10s and
maxs = 30s. The impact on model learning of the different
settings for mins and maxs will be the subject of future work.



(a) Initial topology (b) Topology after 5 minutes

Fig. 1: Topology evolution using MAPPLE’s mobility.

V. BUILDING A PREDICTION MODEL WITH SVR

After collecting the measurements of link quality at the
individual nodes, the sampled data can be gathered at a base
station, or a specialized processing node, to build a database
of samples, which is then used to train a SVR model.

A. Feature preprocessing

Given that the selected features all have numerical values,
we first need to find a manageable representation for the
information contained in the vectors VR and VS .

Definition 1. Let D = [dmin, dmax] be the range of values for
link distances, and R = {rlow, rmed, rhigh} be the set of traffic
profiles. Let D̄ = {d̄1, . . . , d̄n} be a partition of the interval
D. A feature set is defined as: F = {fij | i ∈ D̄, j ∈ R}.

Using the definition above, two sets of features, FR and
FS , are defined to represent the data contained respectively
in each vector VR and VS . The information is compacted by
classifying the vector elements and counting the members for
each class. For instance, the value of feature fij of FS is the
number of elements of VS that have a distance value less than
d̄i and traffic rate rj . A summary of all the considered features
is reported in Table I.

d Link distance
rS Traffic generation rate at sender
rR Traffic generation rate at receiver

RSSI Average of RSSI measures obtained at receiver
FS Neighborhood state of sender node
FR Neighborhood state of receiver node
|VS | Number of active neighbors of sender node
|VR| Number of active neighbors of receiver node

TABLE I: Features used for model building.

B. Feature ranking

Since irrelevant features degrade the prediction performance
of the link quality, it is beneficial to perform attribute selection
to eliminate redundant features. We use the well-established
feature attribute selection approach of Weka [15] , namely the
InfoGainAttributeEval, to evaluate the worthiness (weigh-
tage) of an attribute, using the following expression [33]:

InfoGain(D,Attr) = H(D)−H(D|Attr), (1)

where H(D|Attr) is the entropy of the training set D
given attribute Attr, and H(D) is the entropy of D. En-
tropy has been widely used in machine learning prob-
lems to represent the amount of disorder an attribute
contains with respect to the target output (link qual-
ity). In particular, H(D) = −(

∑m
i=1 pi log2(pi)) where pi

is the probability that an arbitrary sample in D belongs
to the target output Ti. If the samples in D on at-
tribute Attr have v distinct values {a1, a2, . . . , av}, then
H(D|Attr) = −

∑v
j=1H(Dj)(|Dj | · |D|), where Dj con-

tains samples in D that have aj as outcome for Attr.
From Table II, it results that features d and RSSI are the

most critical ones to differentiate good links from bad ones
(both when mobility is used and not used). However, since all
features contribute with a significant weightage in predicting
link quality, all 8 features of Table I are used to train the
Support Vector Regression model.

d RSSI rS rR |VR| FR |VS | FS

Mobility 1.73 0.46 0.025 0.014 0.16 0.25 0.09 0.25
No mobility 1.08 0.395 0.032 0.041 0.14 0.17 0.035 0.27

TABLE II: Feature ranking using information gain.

C. Model Training

Each sample acquired from the data collection protocol
consists of a measured packet reception rate (link quality),
y, and a vector of 8 feature values (see previous section),
x, that summarize its local wireless environment. For link
quality learning, we use an ε-SVR approach, that non-linearly
maps the input data features x into a higher dimensional
feature space using a kernel [26]. Thus, given a set of N
training data G = {(yi,xi), i = 1, 2, . . . , N}, where xi and
yi represent respectively the i-th input feature vector and i-
th actual target output (link quality), the ε-SVR learns the
relationship between the features xi and yi for each sample.

We use k-fold cross-validation (CV) to avoid the overfitting
of the training data while providing good generalization. In k-
fold CV, the training set is divided into k subsets of equal size.
In sequence, each subset is tested using the trained ε-SVR on
the other k−1 subsets. Since each sample in the entire training
set is predicted once, the CV accuracy indicates the percentage
of samples which are correctly predicted.

Before starting training the ε-SVR model, all feature vectors
xi in the training set are normalized in [0, 1]. To allow the ε-
SVR model to fit the training data accurately and produce
good predictions, the following internal parameters need to
be tuned: error penalty parameter C, Gaussian Radial Basis
Function kernel parameter σ, and loss function parameter ε. A
model selection (parameter search) is performed to identify the
best parameter combination (C, σ, ε) for the given set of data.
At this aim, we use the Grid Search method of Hsu et al. [6]. In
Grid Search, various pairs of ε-SVR parameters are evaluated,
where for each setting of a parameter pair, a CV accuracy
is obtained. Evidence from the literature [6] indicates that
using exponentially growing sequences of ε-SVR parameters,
C =

[
2−1, 20, 21, . . . , 26

]
, σ =

[
20, 2−1, 2−2, . . . , 2−10

]
and



ε =
[
2−10, 2−9, 2−8, . . . , 2−1

]
, with k-fold CV is effective to

identify the best ε-SVR parameters for a set of training data.
The ε-SVR parameter pair with the highest CV accuracy was
used on the entire training set to build the ε-SVR model.

VI. SYSTEM EVALUATION

In this section, we evaluate the prediction accuracy of our
SVR model by comparing the estimates it provides against
the empirical measures obtained through realistic network
simulations using the TOSSIM simulator [22]. The current
version of TOSSIM does not support mobility, therefore we
added this functionality to the simulator. The mobility model is
implemented following the guidelines described in Section IV.

A. Evaluation process
The evaluation process was organized in three steps. First,

through network simulation, we collected link quality samples
by running the data collection protocol for a small set of 20-
nodes networks. In order to assess the impact of mobility on
model prediction accuracy, we ran also experiments with a
simplified version of the protocol, in which we excluded node
mobility. By these two different procedures, we obtained two
separate sets of measurements.

In the second step, these sets are used to train two indepen-
dent ε-SVR models. Finally, we validated the accuracy of these
models by comparing their predicted link quality estimates
against the link quality measurements obtained by simulation
in networks of different sizes and under different traffic loads.

B. ε-SVR model training
As mentioned in the previous section, two different sets

of training samples are acquired, one using mobility and the
other without node mobility. The number of samples acquired
in both cases is set to ts = 10,000. We use the LIBSVM
library [16] to implement the ε-SVR technique. The models
are constructed in a two-phase approach. First, we use the Grid
Search method discussed in section V-C to identify the best
ε-SVR parameters for both models using k-fold CV with k =
10. Then, the best parameters are used to build two separate
models, as shown in Table III. The CV Mean Square Error
(MSE) and CV Squared Correlation Coefficient (SCC-r2) [6]
are the error metrics we used for evaluating the performance
of the ε-SVR on the training sets. In supervised learning
regression problems, the lower the MSE the better will be the
prediction performance during CV training, and the higher the
SCC the better will be the learning performance. In addition,
the smaller the number of Support Vectors (SVs) in a model,
the lower will be its complexity, and the faster will be its
performance for online testing. Therefore, from Table III is
evident that the model using mobility has better learning and
computational performance for online testing.

Training Model with mobility Model without mobility
CV-MSE 0.00607 0.01007

CV-SCC (r2) 0.7223 0.5950
No. of SVs 6480 7029

Param. c = 0.5, σ = 0.5, ε = 0.031 c = 2, σ = 0.13, ε = 0.063

TABLE III: Training results for the ε-SVR model.

C. Evaluation of the link quality prediction performance

To test the trained ε-SVR models online, we ran network
simulations using a number of topologies of different sizes,
from 10 up to 100 nodes, and we measured the link quali-
ties. Figure 2 shows the diversity of the considered network
topologies in terms of node degree. For each network size, we
compare the actual and the predicted values for 20,000 samples
using both models. By comparing actual and predicted values
we compute the absolute difference for each testing sample.
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Figure 3 shows, for each of the considered network sizes,
the distribution of the absolute deviation between actual and
predicted values. In the large majority of the cases, the
deviation between observed and predicted values is very small,
with a median around 0.1 for the case using mobility and 0.15
not using mobility. In both cases, the performance does not
degrade significantly with the increasing of network size. The
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Fig. 3: Evaluation results for model accuracy.

results show the overall efficacy of the MAPPLE approach,
and its ability to build a prediction model with very good
generalization capabilities: using networks of only 20 nodes
to collect data, we could reliably predict the link quality
for networks up to 5 times larger. The impact of mobility
on the accuracy of the model is significant, especially for
larger networks, where the approach without mobility starts
to progressively degrade its performance. Overall, the results



show that the designed combination of probing, mobility, and
supervised learning is effective for the considered problem.

VII. CONCLUSION

In this paper we presented MAPPLE, a mobility-assisted
probing-based scheme using supervised machine learning,
namely Support Vector Regression, to estimate link quality
in mobile wireless networks. MAPPLE consists of two steps.
In the initial step (mobility-assisted proactive probing), which
is performed when user applications are not active, the nodes
artificially generate data traffic (message probes) and perform
movements in order to collect measurements representative of
different network conditions. In the second step, the gathered
data are used to train an ε-SVR model to predict link qualities.
The model could be then deployed to the nodes and used
for the estimation of link qualities during online network
operations (e.g., by a routing protocol). Results obtained by
extensive network simulations show the very good prediction
accuracy of the proposed system. Moreover, they show that
the prediction model is able to generalize to networks that are
much larger and with very different layouts than those used
for learning. This can found applications in many mobile and
dynamic scenarios. Future work will include testing in real
networks, the use of incremental learning techniques to let the
system working online, concurrently with user applications,
and the investigation of energy-aware strategies for mobility.
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