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ABSTRACT
Efficient routing in wireless sensor networks entails the establish-
ment of high quality links. Recent research has shown that metric-
based routing, such as ETX [6], can significantly improve routing
performance by tracking various link-quality metrics. Such met-
rics, however, may fail to capture link quality at relatively high traf-
fic rates. This poster describes how machine learning techniques
can be leveraged to help estimate link quality in those adverse sce-
narios. We also present MetricMap, a metric-based protocol us-
ing our learning-enabled link quality assessment method. Experi-
mental results on MoteLab show that MetricMap can achieve up to
400% improvement on data delivery rate in a high traffic rate appli-
cation, with no negative impact on other performance metrics, such
as data latency.

Categories and Subject Descriptors
C.2.2 [Computer-Communication Networks]: Network Proto-
cols—Routing protocols; H.2.8 [Database Management]: Database
Applications—Data mining

General Terms
Design, Experimentation, Measurement, Performance

Keywords
Sensor networks, Link quality, Supervised learning, Classification

1. INTRODUCTION
Due to the unreliable, asymmetrical and unpredictable character-

istics of radio transmissions in many sensor network applications,
metric-based routing protocols that track link quality and select
higher-quality links over lossy ones have been studied and shown to
perform well in real-world sensor networks, when wireless channel
conditions vary significantly over time and space [6, 1].

The utility of metric-based routing heavily depends on the accu-
racy of link quality measurements. When the sensor sampling rate
increases, traditional metric-based routing protocols cannot handle
the increase in traffic anymore. The root cause for such failures is
that metric-based routings rely on monitoring data traffic or probe
packets to derive the probability of transmission success over a cer-
tain link. However, a simple experiment on MoteLab using the
MintRoute component provided by TinyOS shows that such a
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measurement mechanism fails to capture the underlying link qual-
ity at a traffic rate of 2 packets/second (pps) or higher. As a result,
these derived link-quality metrics do not provide useful informa-
tion. Either the forward transmission probability or the backward
transmission probability of a link derived this way arrives at a value
indicating barely any transmissions can be carried through this link.
Under such circumstances, the MT protocol [6], which uses the
MintRoute component, cannot find the route to the sink. How-
ever, because not all links are overloaded, the routing process can
be resumed once an accurate estimation of link quality is in place.

We propose to use supervised machine learning algorithms to
classify link qualities. In particular, we use data that has been pre-
classified offline based on link quality indicator (LQI) provided by
802.15.4 radios (such as CC2420 in the MicaZ series of motes) to
one of a number of categories. Sets of data consisting of the pre-
assigned category combined with features of nodes (such as node
depth, buffer size, packet RSSI value) are used to train the classifier.

2. METHODOLOGY
In this section, we briefly introduce supervised learning and dis-

cuss the infrastructure we used for link quality learning.

2.1 Supervised Learning
The goal of supervised learning is to predict the value of an

outcome measure based on a number of input measures [3]. The
outcome measure could be numerical or categorical. Learning is
performed on a set of training samples. Each sample< xi, yi >

consists of a feature vectorxi and a corresponding class label or
numerical valueyi. The feature vector contains measurable fea-
tures of the system under consideration. If the outcome is cate-
gorical, the learning becomes a classification problem. Training a
classifier usually involves finding a mapping from feature vectors
to output labels so that the overall classification error is minimized
on the training samples. A good learner should be one that accu-
rately predicts new samples not in the training set. We evaluated
two classifiers — decision trees and classification rules.

Decision trees.Decision tree algorithms are widely used in solv-
ing classification problems. They take a “divide-and-conquer” ap-
proach and recursively divide attributes at each node in the tree
based on the information they possess. Although decision tree algo-
rithms are not always the most competitive learners in terms of ac-
curacy, they are computationally efficient and the results produced
can be easily converted to human-readable formats.

Classification rules.Rule learning algorithms are used for learn-
ing ”IF-THEN” rules. Like decision trees, rule learning algorithms
work on training samples with similar formats. However, since the
rule-sets learned are disjoint to each other, usually rule learning al-
gorithms produce far fewer rules than decision trees on the same
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(a) Data delivery rate.
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(b) Packet latency.
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(c) Fairness.

Figure 1: Performance comparisons between MetricMap and MT.

training set, with a comparable accuracy. This makes it preferable
in scenarios where classifiers need to be used at runtime.

The features we used for link quality learning are listed in Ta-
ble 1.

features description type
RSSI received signal strength indicatornumeric

sendBuf send buffer size numeric
fwdBuf forward buffer size numeric
depth node depth from the base stationnumeric
CLA channel load assessment1 numeric
pSend forward probability numeric
pRecv backward probability numeric

Table 1: Feature Vector

2.2 Validation and Results
Our learning and validation experiment is performed on Weka [5],

a workbench containing implementations of a variety of standard
machine learning algorithms. We use the J4.8 algorithm provided
with Weka for decision tree learning and JRip algorithm for classi-
fication rule learning. J4.8 implements an improved version of the
C4.5 algorithm and JRip implements RIPPER, a propositional rule
learner.

We validated the accuracy of link quality classification using 10-
fold cross validation. Cross validation is a standard method to es-
timate classification accuracy over unseen data. The available data
is divided into ten equal-sized blocks. Nine of the blocks are ran-
domly chosen and used for training a classifier, with the remaining
block used for validation. This process is repeated 10 times in our
experiment to give a reliable measure of classification accuracy,
which is 82% using J4.8 and 80% using JRip for our evaluation on
MoteLab.

3. IMPACT ON ROUTING
In this section, we introduce a routing protocol (MetricMap) us-

ing our learning-based link quality assessment method and present
results of a MetricMap prototype deployed on MoteLab, a 30-node
(MicaZ) sensor network testbed at Harvard University. Due to
space constraints, we will not discuss the implementation details of
MetricMap. The key idea is to replace the current traffic-based as-
sessment method in MT with our offline collected rule-sets, when-
ever the former fails to function.

Our experiment consists of two phases: an offline learning phase
that takes multiple hours to collect training samples and perform

1Channel load assessment is similar to the one used in CODA [4]
to detect local network congestion.

training tasks, and an online optimization phase that uses the rule-
sets learned from the offline phase to estimate link quality at run-
time. As pointed out in Section 2, we use a classifier produced by
JRip algorithm due to its small number of rule-sets. Each experi-
ment runs 15 minutes, with a data packet size of 12 bytes. In our
evaluation, we focus on the following three performance metrics:
data delivery rate, packet latency and fairness. We use the same
fairness definition as in [2].

Figure 1(a) compares the data delivery rate between MetricMap
and MT. It shows that MetricMap consistently outperforms MT
when the offered traffic loads are higher than 0.5pps. The higher the
traffic load, the better MetricMap performs compared to MT. This
result is consistent with our observation that MT rarely will find a
routing tree under high traffic rates, while MetricMap can because
it does not rely on data traffic for link quality assessment. Fig-
ure 1(b) shows the packet latency comparison. MetricMap usually
has a slightly lower latency than MT, as link quality derived from
offline learning does not impose delays on packet transmission.
Figure 1(c) compares the node fairness in delivering data packets.
It demonstrates that MetricMap does not treat certain nodes better
than others. This is reasonable since all nodes use similar rule-sets
learned offline and there is no bias towards any particular link. On
the other hand, since MT relies on data traffic to infer link quality,
the link selected may be skewed depending on the traffic pattern.

4. CONCLUSION
This paper presents a supervised learning based link quality es-

timation technique and its application on maintaining high per-
formance of metric-based routing. From our preliminary experi-
ment, this method shows promise for high traffic rate applications,
with performance improvement in terms of data delivery rate up to
400%, when evaluated on MoteLab. In the future, we plan to apply
our approach to other sensor network testbeds with different scales,
topologies and hardwares. Other potential areas of future work in-
clude using ensemble methods to improve learning accuracy, and
extending MetricMap to support dynamic updates of classifiers.
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