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Abstract. In this paper, a novel combination of cross-layer strategies
for addressing timeliness, handling latency times on a data-centred way,
and improving energy management in a non-mobile WSN scenario, is
proposed.In this way, a set of performance metrics (for timeliness, la-
tencies and energy management) are introduced and used for evaluating
Periodic Scheduling and Simplified Forwarding strategies. The WSN is
modelled as an four states Asynchronous Cellular Automaton with irreg-
ular neighbourhoods. Therefore, only information from local neighbour-
hood is needed for communication between nodes. Our results show that
the proposed strategies and performance metrics are useful for sensing
data accurately, without excessive oversampling.

1 Introduction

A Wireless Sensor Network (WSN) is a kind of distributed system, in which
nodes are provided with a CPU, a wireless transceiver and a set of sensors.
WSN nodes have computing capabilities, can communicate with each other to
execute a given task, and are deployed in an area, where a phenomenon takes
place.

Cellular Automata (CA) are a natural way to model WSN. CA are biologi-
cally inspired models of cellular growth, proposed in the early 1950s by Stanislaw
Ulam and John Von Neumann. A WSN can be seen as an automaton, in which
local states change, depending on information gathered from a set of neighbours.
The use of CA to model WSN allows interesting features, but some limitations as
well; a node, just like a cell, has a limited number of immediate neighbours, and
changes its state according to the states of its neighbours, or its own state. For
example, efficient network clustering and long term global energy administration
were obtained, using an irregular automaton that learns clusters in [1].

Using a synchronous cellular automaton, on real WSN scenarios, require the
whole network to stop every process, in order to allow each node to perform
the calculation of its next state. Such situation is not desirable, because global
coordination is required, and the advantage of CA lies in the absence of global
supervision. Asynchronous CA are a more realistic representation of the way
transitions are performed on WSN. Li in [2], compares Synchronous and Asyn-
chronous CA-based models of WSN.



The absence of global coordination will allow WSN to perform real unat-
tended monitoring and control. For unattended control, references of perfor-
mance on each required feature, are needed. There are several ways to measure
performance on WSN features, depending on certain features [3]. One way, is to
use performance metrics.

Examples performance features are Energy Management, Latency Times,
and Precision on delivered information (accuracy, timeliness). By far, the most
popular performance feature in WSN literature is Energy Management, since
either directly or indirectly, all WSN-related work has to do something with
energy [4]. Latencies and robustness are also somewhat popular, especially the
first one. Latencies refer to waiting times in communication. They have been
explored for a long time, and usually dealt with from the point of view of the
network layer [5]. Geographic information is also used for improving Latencies
and Robustness [6]. Literature about protocols that address timeliness or accu-
racy, is not as frequent. Most approaches tend to regard timeliness and accuracy
indirectly, if ever discussed [7].

In this paper, Energy Management, Latencies and Timeliness are addressed
in a data-centred way, with a scheduling strategy we present (POLA), in which
the WSN is modelled as an Asynchronous Cellular Automaton. To measure such
features in a data-centred context, performance metrics for each feature are pre-
sented in Section 2; in Section 3, the scheduling strategy, in which WSN nodes
behave as cells of a Cellular Automaton, is presented; in Section 4, experimental
settings and simulation results are presented; here, POLA is tested on differ-
ent datasets, and compared to Periodic Scheduling with Simplified Forwarding,
by using the performance metrics proposed in Section2. Finally, in Section 5,
contributions, conclusions, and future directions are stated.

2 Proposed Performance Metrics

There are many ways to evaluate performance on WSN features. Three features
are evaluated in this paper: Timeliness, Latencies and Energy Management. This
metrics define a framework to compare WSN strategies; such framework can be
used with any existing protocol to evaluate cross-layer features.

In the context of this paper, Timeliness refers to how accurately is a vari-
able sensed on a temporal context, or how timely measuring intervals are. On
any application, data is generated at certain intervals. If too much samples are
taken, then energy is wasted on oversampling, but the chance of catching a rapid
and unexpected change in data generation intervals, is increased. To measure
how much over- or under- sampling occurred, we propose to use the Hamming
Distance between the expected number of samples, and the actual number of
samples (Hamming in Table 1).

The Hamming metric however, does not hold information on how well the
envelope of the data was captured by the system. This is achieved by the Nor-
malized Difference between Trapezoidal Regions (Ntrap) metric, in Table 1. The
Trapezoidal rule in equation 1, is used to estimate the area of the region under



the envelope of each sample set; then, the absolute difference between regions is
normalized to the area of the trapezoidal region of Generated samples.

Even when proper sampling is performed by considering Hamming and
Ntrap, those samples may be shifted some time units, from the moment they
should have been taken. Measuring how much shifting occurred is especially im-
portant when sampling intervals are not equally spaced. To measure an average
of how much shifting occurred, a new metric is proposed in this paper, named
Average Sampling Time Shifting (ASTshifting), in Table 1.

Trap(x) =
1
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Table 1: Expressions for Timeliness Metrics.
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Sx is the number of samples in the time interval in which the metric is
going to be evaluated; it can be an expected number of samples, or a number of
samples retreived by an Application Layer. Dx(k) is the data sample released by
Data Generator on instant k. Dx(k) is the data sample gathered by Application
Layer on instant k. α is the period in which a new sample is released by the
Data Generator. α is replaced by δ(k) when applying the metric, to represent
the varible interval in which Application layer senses; for every instant k, there
is a δ(k) value that depends on the change rate of sensed data. T is the total
simulation time of the test, and L is the total number of samples emitted by a
Data Generator, or Sensed by an Application Layer (the smaller is chosen).

On event-driven scenarios, which are common on WSN applications, events
are generated each time a node polls for data (not always periodically). Consid-
ering this, latency measurements in event driven scenarios, make sense only if
measured in close observation of sensing events. To evaluate how well an event
driven strategy performs on latencies, the Hop Count Mode (HCmode) and
Maximum Hop Count (MHC) are used. The HCmode is obtained by finding the
highest value in the Hop Count Histogram of a run. The MHC, is the biggest
Hop Count value reached by a message issued to a Sink node, from a node that
senses. In the context of this paper, a Hop refers to the next node that receives
a message (it can be a final destination, or a node in between).

As for Energy Management, the metrics are Overall Communication Energy
(OCEe), and Mean and Variance for the Vector of Individual Communication
Energy (ICEe). Units are Joules. OCEe, is the sum of all consumptions related
to communication tasks, in the whole network. It represents a global perspective
of how much energy a strategy spends, in terms of communication packets. In
POLA, is the sum of the OCE of all packet types described in Section 3.



Equation 2 must be used with each packet type of the protocol. The sum is
multiplied by two, because transmission uses energy in the node that sends, and
the node that receives data. Here, Packet size (Pcksize) is the size of the pack-
ets sent by the network layer; Bit rate (Bitrate) is a parameter in the physical
layer of the enabling technology that allows access to the media; Clock Delays
(Dclk), are the sum of all delays related to transmission and reception of infor-
mation; Instantaneous Power Consumption (Ip) is the amount of power used by
communications, in a time interval.

OCEp
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As for the mean and variance of the vector of ICEe, each element in the vector,
is the sum of all energetic consumptions associated to communication tasks in an
individual node, (sending and receiving data). Each element in the vector can be
calculated by summing consumptions of sent and received packets of each node,
replacing Packets − 1 in the right side of Equation 2 with sentPckts − 1 and
receivedPckts− 1.

3 Data-Centred Scheduling

The Data-Centred Scheduling strategy presented in this paper, is named POLA,
and is designed to work in a non-mobile environment. The similarity between CA
and WSNs, was used to design the POLA scheduling strategy as a state machine
for every node. Nodes are placed as cells in the grid of an Asynchronous CA,
with irregular neighbourhoods.

Each cell is composed by two layers that interact through messages: Ap-
plication Layer (APP) and Network Layer (NWK). Each cell in the CA has
four states: initialization, data sensing, data forwarding, and neighbourhood up-
dates. The Initialization state, allows POLA to fetch input parameters, most of
them related to adaptation rates, and features of the data, and buffer size for
slope calculation: APP fetches its input parameters which are: Higher and Lower
thresholds (Thrh and Thrl), Data buffer size (buff ), Step size (Step) and Initial
sensing rate (ISrate). Then, APP sends an initialization message to NWK. An
Initial sensing rate (ISrate), defines when will be sensed the first sample. Sensing
rates may be adjusted each time data is sensed, depending on data slopes. Then,
NWK sends a NWKinit message into the wireless medium, and waits for some
seconds. During that time, the NWK is expecting to receive acknowledgements
(ACK) of the neighbours that listened to the message, or to receive NWKinit

messages. If NWKinit or acknowledgement messages are received, NWK adds
the senders as neighbours, and responds to NWKinit messages with acknowl-
edgements. If the neighbourhood is full, a ”full” message is sent in response, in
the type identifier field of an ACK, so that the other nodes get the chance to
remove the ”full” node, since it can not accept any more neighbours.

Data Sensing states happen internally and independently of other nodes,
affected exclusively by data change rates, in the APP. A data unit is sensed and



stored into a buffer of size buff, that behaves as a FIFO queue. The next sensing
interval is obtained by comparing the slope of the buffer, which is the change
rate of the sensed data at that time, with the higher threshold (Thrh) and the
lowest threshold (Thrl). If the value of the slope is between those two thresholds,
then sensing rates continue as they where; if the value of the slope is higher than
(Thrh), it means that there has been a rapid increase of the measured variable’s
values and more frequent observations better follow those changes, therefore the
sensing rate is increased in Step units, which means the next sensing period will
be the result of substracting Step from the actual sensing period.

After data is sensed, it must be directed to a Sink node. That is the task
of the Data Forwarding state. Some nodes are expected to have a Sink node
in their neighbourhood, otherwise data could not be forwarded to Sink nodes.
A node knows if it or its immediate neighbours have access to a Sink node,
because it stores a vector of Sink Flags, which contain a true or false value,
when a neighbour has or does not has direct access to a Sink node. Even if the
POLA strategy is designed for a static scenario, there may be situations where
one or several nodes are unreachable for a long time, like the case where a node
runs out of energy, or removed for some reason.

Checking the neighbourhood for integrity, prevents messages from not be-
ing delivered when the next expected hop, is not available. A Neighbourhood
Update state, checks for changes in the neighbourhood of a node, at randomly de-
fined intervals between two application-defined values (minUpd-maxUpd), and
updates the neighbour list. Updating the neighbourhood implicates a communi-
cation process with the new neighbours. If a node no longer responds with an
Acknowledgement (ACK) to the Neighbourhood Update message (rU) and a
new node appears, the new node takes the place of the old node on the list.

POLA has four types of packages: Datapacket (has a sink flag, data, own
address and the address of the other node), Ack/NeighUpdate packet (has a
type identifier, a sinkflag, own address and the address of the next node), and
NWKinit packet (has a type identifier, and the next time in which an applica-
tion message will be sent). Address Fields are 12 bits long. Nodes in the WSN
are the cells of the grid in the CA. Sink nodes only receive information, and
return acknowledge messages, when initialization or neighbourhood updates are
performed. States change depending on internal circumstances of each node and
its neighbourhood.

4 Experiments and Results

In this section, the performance of POLA and Simplified Forwarding (SF) NWK
with Periodic Sensing Scheduling (PSS) APP, are compared using the perfor-
mance metrics presented in this paper, on different input datasets. In SF, data
is sent to the neighbour that first acknowledges a ping in order to forward it to
a Sink node.

Three different datasets are used for such comparison; two of them are gath-
ered from physical measurements, and one of them is artificially generated using



a Script. The first two datasets, are real measurements of Temperature and Wind
speeds, as described in [8]. Data was gathered in the Montesinho natural park
in Portugal, between January 2000 to December 2003. Features of each dataset
are described in Table 2. Here, the feature Max Slope is the highest immediate
change rate in the dataset, and is an absolute value, meaning it can be a posi-
tive or negative slope. The first scenario, is meant to evaluate Timeliness. The
Second Scenario, is meant to evaluate Latencies and Energy Management.

Table 2: Features of the three Datasets: Number of samples, Range of Data, Mean and
Standard Deviation, Max and Average Slope. Minimum slopes are zero on all cases.

Dataset Samples Range Mean StDev MxSlope AvgSlope

Temperature 517 2.2-33.3 18.9 5.81 20.9 4.66
Wind Speeds 517 0.4-9.4 4.02 1.79 8.1 1.76
Artificial 304 0.1-106.8 35.2 31.05 3.2 1.40

4.1 Settings and Results of the First Scenario

This Scenario evaluates Timeliness, and only involves the Application Layer.
In this test, a node that schedules sensing intervals with the APP of POLA,
is compared to a PSS Application Layer. Data is sensed by Application Layer.
Original data (which the node is supposed to sense in the most accurate way),
is recorded separately. Scheduling of sensing intervals in POLA depends only on
data change rates, and since PSS has no elements of randomness, this test is
deterministic, and no repetitions are required on each run.

Each run of this test, is performed in 48 simulated units, which can be
treated as any time unit. All three datasets are evaluated on the same parameter
space. Some values are expected to work differently on each dataset, because each
dataset has different change rates and distributions of values. POLA requires
five parameters for this test: Data Buffer size, with values 3,5,10,15,20; Step
size, from 0.1 to 0.5, in steps of 0.1; Higher threshold, from 1 to 4, in steps of 1;
Lower Threshold, from 0.2 to 1, in steps of 0.2; and Initial Sensing Rate, from
0.1 to 1.1, in steps of 0.2. The range for the Data Generator Period is from 0.1
to 1.1, in steps of 0.2. Such space generates 18.000 runs. In order to compare the
APP of POLA, with the APP of PSS, applicable parameters are used with the
same ranges: Initial Sensing Rate (it becomes the only sensing rate in Periodic
Scheduling), and Data Generator Period. PSS requires 36 runs, because each of
those parameters has six different values.

After applying all Timeliness metrics, near-median behaviours in POLA
made a better use of oversampling, unlike near-median behaviours of PSS. Figure
1 shows how oversampling looks in near-median runs of POLA, for the Temper-
ature Dataset. Notice that changes in sample densities can be observed for the
POLA strategy, depending on change rates of nearby data, while on PSS, sam-
ple density is unique for each run. Therefore, POLA is able to adapt its sensing



rates to change rates of data, reducing the energy and computational resources
wasted in a PPS strategy.

(a) Temperature, POLA

Fig. 1: Adaptive use of Oversampling in a Near-Median run (POLA). Gray: Generated
Data. Black: Sensed Data. Temperature Dataset.

Near-median values of Hamming and NTrap are in Table 3. In Hamming,
the best Median case was obtained on the Temperature dataset, were the median
of the Hamming Distance is of about 25 samples; since the dataset has 517 sam-
ples, this means that the average Hamming distance, is smaller than 6 percent of
all samples. In NTrap, the best case was obtained on the Artificially Generated
Dataset, were the median value of the NTrap was smaller than 0.02 percent of
the dataset, followed by the Temperature Dataset, with a similar value. Values
obtained on the Wind Speeds dataset also had a small median value, of 0.05
percent, however the range of the quartiles spreaded until 0.12 percent.

Table 3: Median values and Quartile Ranges of Hamming and NTrap (POLA).

Dataset Hamming Quartile rng NTrap Quartile rng

Wind Speeds 50 30 - 140 0.055 0.02 - 0.12
Temperature 25 -12 - 99 0.02 0.008 - 0.038
Artificial 43 17 - 75 0.015 0.005 - 0.038



In the Histogram of the ASTshifting, values are better when they are closer to
the zero of the horizontal axis. Distributions are better if they are not scattered,
and have more near-zero values. The best case for this metric, was in the Wind
Speeds Dataset, in Figure 2. The highest value was the second closest to zero.
Moreover, around half of the ASTshifting, were smaller than a tenth of simulation
time.

Fig. 2: Distribution of ASTshifting, WindSpeeds Dataset.

4.2 Settings and Results of the Second Test Scenario

In the Second Test Scenario, a static network of 20 nodes is built and run for
48 time units. Performance metrics for Latencies and Energy Management are
applied. This is repeated for each parameter. In SF, data is sent to the neighbour
that first acknowledges a ping in order to forward it to a Sink node.

The POLA strategy for NWK is non-deterministic, as well as PSS with SF.
The parameter space from the previous section implies an enormous number of
runs, many of which are not representative (far from the median). Then, the
need of building a representative parameter space, had risen. A subset from the
parameter space of the previous tests was selected, based on parameters whose
values overlap on the median values of all precision performance metrics. Such
values are shown in Table 4.

For Latency metrics, the Median was chosen to represent the HCM, and the
Mode was chosen to represent the MHC. The median of the HCM for POLA was
of 1 Hop, while in PSS with SF, was of 2 hops. The mode for MHC in POLA was



Table 4: Parameter Values for the POLA strategy, used in Test 2.

Dataset DataBuffSize StpSize Thrh ThrL InitSensRate

Wind Speeds 20 0.5-0.9 stp 0.2 1-4 stp 1 0.2-1 stp 0.2 0.5
Temperature 15,20 0.5 1-4 stp 1 0.2-1 stp 0.2 0.7
Artificial 3,15 0.1-0.5 stp 0.2 1-4 stp 1 0.4, 0.6, 0.8 0.3-1.1 stp 0.4

of 4 hops, while in PSS with SF, was of 17 hops for the Temperature dataset,
and of over 40 hops for the rest.

For Energy Management metrics, results of the OCEe for the POLA strategy
and PSS with SF, on all three datasets, are shown in Table 5. The Median of
OCEe, holds information on the most expectable case of Energy Expenditures.
In the case of Table OCEe, the POLA strategy reached smaller consumptions
than PSS with SF. In the case of the Wind Speeds dataset, such consumptions in
POLA were near half the consumptions of the other strategy. In the Artificially
Generated dataset, PSS with SF achieved slightly smaller consumptions than
POLA.

As for the Means of the ICEe Vector, for the Windspeeds Dataset, even
the highest mean values for ICEe, are below the values of PSS with SF, and
ranges do not overlap at all. This phenomena is repeated for the Temperature
Dataset, except for the small mean value at 340 of the POLA Histogram of this
dataset, however, the most significant value of the Histogram is located below
the range of PSS with SF. As for the Variances of the ICEe, the Dataset with the
most evenly distributed consumption values in the network, is the Temperature
dataset under the POLA strategy, followed by the Wind Speeds Dataset, in
POLA, again. It can be noticed that on all cases, the POLA strategy achieved
a more even distribution of energy consumption in the network, even on the
Artificially Generated dataset. Such feature helps the network keep a steady
number of nodes for longer times.

Table 5: Median Overall Communication Energy Expenditure (OCEe), All Datasets,
Test 2.

Dataset MedianOCEe(POLA) MedianOCEe (PerSch with Simplif FW)

Wind Speeds 2635 5050
Temperature 1790 2450
Artificial 3450 3200



5 Conclusions and Future Work

In this paper, a data-centred scheduling strategy (POLA), where the WSN was
modelled as an Asynchronous Cellular Automaton, was presented, as well as
some performance metrics for Energy Management, Latencies and Timeliness.

Our results show that POLA performs well in Precision Metrics, even when
Parameter Settings are not suited in the best possible values. Moreover, Periodic
Scheduling used too much oversampling to satisfy performance metrics, while
POLA adapted to change rates of data, preventing excessive oversampling from
happening, and satisfying Precision metrics.

For Energy Management, POLA maintained not only a lower OCEe on most
datasets, but on all cases, a more evenly distributed energy consumptions on
the nodes of the network. As for Latencies, regardless of the used metric, POLA
outperformed Periodic Scheduling with Simplified Forwarding, especially on the
MHC, where the difference got to be of more than ten times the value.

Our future work will concentrate in incorporating mobility, making some
improvements with the help of evolutionary techniques and artificial curiosity
models, and focusing on rescue applications.
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