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Abstract. Wireless Sensor Networks (WSNs) have recently achieved
tremendous success at both research and industry levels. WSNs are currently
implemented in many areas, such as the military, environmental monitoring,
and medicine. WSN nodes are battery-operated, and energy saving is critical for
their survival. Several research papers have been published on how to optimize
power usage. In this paper, we focus on improving power consumption by
optimizing data transfer. We propose an Energy-Efficient Partitioning
Algorithm to reduce data transfer and consequently improve power
consumption. Using data collected from a real WSN in the City of Moncton, we
implemented and compared the performance of the proposed algorithm with
another data reduction algorithm. Experimental results show that our algorithm
outperforms a recent data reduction technique in terms of power saving.
Keywords. energy saving, clustering times series, smart meters, wireless sensor
networks, data transfer.

1. Introduction
In recent years, WSNs have achieved tremendous success with several research
projects have been carried out by the academic community and findings disseminated
through various channels, namely conferences and journal [1,2,3,5]. Also, industry
has been very active in making WSN reliable components available at a reasonable
cost. Many applications are using WSNs as they are easy to deploy compared to wired
systems and offer a reliable, flexible, and efficient means to gather information from
variety of sensor nodes to monitor variables such as heat, light, and water levels.
These sensing components are generating great interest and demand from the Internet
of Things (IoT) industry, which can be viewed as an extension of the traditional
WSN. Sensor nodes are generally low-power battery-operated with limited lifetime,
and energy saving is critical for long-time autonomous WSN operation. Several
research papers were published on energy savings. They cover a variety of WSN
layers, including application, transport, network, data link, and physical layers [2,6,8].
In this paper, we are interested in power saving techniques at the application level
which are more suitable for the system studied here, water meter data extraction. The
main purpose of this system is to acquire enough data, through frequent readings, in
order to detect major water leaks or Abnormal Water Consumption (AWC) and avoid

water waste. Frequent Water Meter Readings (WMRs) are essential for timely AWC
detection as remedy action can be taken at a very early stage of possible water leaks.
However, frequent WMRs imply frequent Radio Data Transmissions (RDTs), and
consequently more power draining from the sensor batteries.
Experimental results [1,2,6] showed that RDT takes a significant amount of energy
when it is compared to processing, insofar as the power needed to transmit one bit is
equivalent to that needed to process one thousand bits. Trading RDTs for processing
seems to be profitable in terms of power saving, and this aspect is of particular
interest in our study. Designing an efficient system which at the same time allows
AWC detection and optimizes sensor battery usage is crucial for a reliable WSN
application implementation.
A variety of techniques can be used for reducing the number of radio transmissions
[2,9]. The most relevant ones fall into two categories: data driven approaches and data
acquisition techniques. Data driven approaches include reduction schemes, data
compression, and data prediction. Reduction schemes minimize the number of data
transmissions by eliminating redundant or unnecessary data. Compression techniques
send data, at the source node, in condensed format, which can be decompressed at the
sink node. Prediction supposes that the sensed process can be modeled using time
series or stochastic and algorithmic solutions. Data acquisition [9] can be achieved by
several approaches: time driven, event driven, query based, and hybrid. The
effectiveness of these approaches depends on the type and requirements of the
application.
In this paper, we propose a new approach that combines a time driven technique
and a data partitioning clustering method to reduce RDTs. To the best of our
knowledge, it is the first time that data partitioning clustering is used for data
transmission reduction. We implemented our approach on data collected over several
months from the City of Moncton’s WSN water meters which contains more than
20,000 Water Meter Nodes (WMNs). Experimental results showed that our approach
offers better power consumption economy when compared to the data reduction
algorithm proposed in [9].
In section 2 related works are presented, in section 3 we describe the case study,
followed by our approach in section 4. Sections 5 and 6 present experimental results
and concluding remarks respectively.

2. Related Work
As previously mentioned, various power management techniques can be used in
WSNs. Research and development in this area is substantial and broad, it is therefore
neither possible nor appropriate to review all available power management
techniques. Several approaches were proposed to be implemented at different layers,
including application, transport, network, data link, mac, and physical layers [3,4].
Taking into account the WMR application, and the architecture of the network we are
studying specifically here, we are interested in those techniques implementable at the
application level. In our case, we do not have access to other layers. We are mainly
interested in strategies that allow to minimize the number of RDTs and preserve the
main purpose of the application in terms of proper water consumption monitoring,
which requires frequent WMRs. RDTs have an important impact on power saving;
experimental results showed that they require much more power compared to
instructions processing at the node’s microcontroller. Therefore, trading RDT for data
processing appears to be a very good strategy.
At the application layer, several techniques are described in the literature [11,12].
We can classify them into three categories: data reduction, data compression, and data
prediction. In data reduction [13,14], redundant or unneeded data can be removed
without any loss of information. In data compression [2,5], data is encoded using a
variety of algorithms and transferred in condensed form and they are decompressed at
the receiving node (sink node). Data prediction [9], is a more elaborate technique than
the previous ones, and involves that a model is built based on the sensed data over a
relatively long period of time. One copy of the model is stored at the sink node or on a
server in certain cases, and another copy is stored at the sensor node. Data can be
retrieved at the sink node from the model instead of from the measurement at the
sensor node. In our previous work, we implemented both data reduction and
prediction techniques on similar data we collected from the City of Moncton, and it
proved to be effective [2].
Beyond the above techniques used to reduce power consumption, it is key to
mention here the importance of data acquisition and how it is implemented in the
whole network. The way data is extracted can define the amount of the data collected,
and consequently impact the power consumption. Four procedures [2,6,8] are
commonly used for data extraction: time-driven, event-driven, query-based, and
hybrid.
In this paper, we will propose a new algorithm to reduce RDTs. It uses data
partitioning and clustering and is a completely different approach from all of the
above-mentioned techniques. To the extent of our knowledge, it is the first time that a
clustering approach is used for data transmissions reduction. There are two methods
for building clusters [15]; hierarchical and partitioning. The hierarchical method starts
by grouping the most similar profiles at the lower level and the less similar ones at the
higher level. Meanwhile, the partitioning method attempts to divide a large cluster

into smaller ones. We will use the K-means algorithm [4] for data partitioning
clustering.
K-means is a popular method for clusters analysis and data mining. A partition is
made on a set of data (n observations) into K clusters. It assigns an observation to the
cluster with the closest mean.
Given that WMRs can be seen as time series, we will use the Euclidean Distance to
measure the similarity between two different WMRs. Let x and y be n-dimensional
vectors [18,19]. The Euclidean distance of similarity is given by the following
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unknown in our case, we need validity measures such as Sum of Squared Error (SSE)
and Calinski-Harabasz (CH). All cluster validation measures are based on
compactness and separation. In Euclidean spaces, compactness means the set of data
is closed and bound. Separation determines how distinct or well separated clusters
∑
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are. The SSE is computed as:
all sums of Euclidean distance between the center and every profile in every cluster.
The optimal value is in an elbow, (see following section). The Calinski-Harabasz
index evaluates the cluster validity based on the average between and within-cluster
sum of squares [10].

3. A case study: WMRs in the City of Moncton
In this section, we will provide information about the application we are studying
here, WSN WMRs in the City of Moncton.

1.1 Network Architecture [9]
Figure (1) shows the architecture of the sensor network in the City of Moncton,
which includes approximately 20,000 geographically distributed nodes. The sink
nodes are located in four towers, each with one square mile coverage, and data with
timestamps is collected from each cluster node with some nodes reachable by more
than one tower. Each meter node is equipped with a powerful narrow band UHF
frequency (450-470 MHz) transmitter (FCC Part 90) with approximately more than
one mile range. The sink node sends its collected data to a central server repository
where data is processed using a wireless telephone line. Data extraction is based on
periodic queries: every six hours for certain old meter node models and every hour for
newer meter node models. In our study, we will use the data collected from the newer
meter node models with hourly queries.

1.2 Data extraction and cleaning [9]
In collaboration with the City of Moncton, we were able to collect one year of data
for more than 20,000 clients, the majority of whom have 4 readings/day, and some 24
readings/day. The results presented here are for the 1129 meters, with 24
readings/day, as they offer better sampling of the water consumption process. Before
implementing our approach described in the previous section, it was necessary to do
some verification and cleaning of the raw data to remove any reading errors and make
sure all meters have exactly 24 readings/day, taken every hour. Some meters have
more or less than 24 readings/day for certain days of the year. As shown in Fig. 1,
certain nodes (meters) can reply to the queries coming from 2 sink nodes, as they are
located within the communication range of both sink nodes, and the server will
receive 2 readings for the same meter with a slight difference in time stamps. For
example, we can have a reading at 4:00:00 PM and another at 4:00:10 PM, with a
time difference of 10 seconds. In this case, we removed one of the readings. In other
situations, where data is simply missing for unknown reasons, bad transmission for
example, we were able to extrapolate the missing data as long as they are limited in
number, i.e., less than 0.01%. Beyond this threshold, the meter data was removed
from our study. It should be noted that the following results related to data
transmission saving are compared to the current system used by the City of Moncton
where no data transmission saving strategy is applied.

1.3 Abnormal water consumption
The main purpose of WMRs is to ensure proper water consumption monitoring and
avoid waste of a natural resource fresh water. Consequently, it is important to detect
any abnormal water consumption resulting from major leaks or from consumer abuse.
There are a variety of reasons for water consumption increase/decrease, depending on
the type of consumer, residential or industrial, as well as changes in users’ habits. Not
all sudden major water consumption increases are a result of water leaks, this why it
is difficult to identify the source of increases. However, we can observe and quantify
these increases through frequent WMRs. Major increases in water consumption will
be described by the term ‘Abnormal Water Consumption (AWC)’. An AWC event is
observed when water consumption goes beyond a certain percentage ε of water

consumption’s moving average measured over n periods of time preceding this event.
The AWC, or increase may last over extended periods during WMRs. Its importance
depends on the value of ε and the duration of water consumption increase. An
important AWC requires a careful monitoring, i.e. frequent WMRs.

4. Proposed approach
Before describing our formal approach, we briefly explain the rationale behind it.
a- As previously mentioned, the main purpose of WMR monitoring is to prevent
major water waste and take the required action in the event of water leaks.
Frequent WMRs, hourly in our case, should allow the detection of AWC.
However, based on the data analysis, provided by the City of Moncton, the
number of AWC increases is very limited and the events are of short duration.
Fig. 2 shows a histogram of AWC for 1129 water meters during the period
from July 1st to December 31st (24 readings/day). An AWC event is detected
when the water consumption exceeds a certain threshold we can define, (a
formal definition will be provided later). It is obvious that the number of AWC
events, 149, is very small relative to the total number of readings (4,877,280),
i.e. less than 0.01%. Furthermore, the number of events where water
consumption lasted more than 8 hours is in fact more limited, with only 4
events. We believe that frequent WMRs are not necessary for all water meters.
b- Knowing the history of water consumption for each subscriber (private house,
rental, industry, etc.) should give us some insight to build user profiles. An
AWC is difficult to define. For example, a vacant rental property may see its
water consumption suddenly increase when it is rented, yet this increase
cannot be considered as an AWC event. Similar events may occur when home
owners decide to fill up their swimming pools during the summer. This is why
it is important to categorize subscribers based on their profile to avoid false
AWC events [7].
c- It is essential to isolate certain profiles (WMNs) that show AWC and put them
into a specific group to be monitored frequently. This monitoring is done
hourly in our study. The remaining profiles can be classified in groups or
clusters, based on their water consumption variation. In our case, we chose the
standard deviation as clustering criterion. Experimental results presented in
Fig. 4 show that the best sampling or observation period is 36 hours (36
readings), as it provides the best saving in terms of data transmissions.
d- As the water consumption profile may change over time, it is important that
we re-analyze the WMRs and adjust our partitioning clustering. In our
application, we considered two time intervals; weekly and monthly.
Below, we give a formal description of our approach. It includes the following
steps:
Step 1- Isolate the set  of WMNs where AWC is detected. Let ε be the percentage of
water consumption increase compared to the water consumption moving average i,n

for a water meter i, computed over n previous periods of time. Let ai(tj) be the water
consumption for WMN i in the laps of time tj - tj-1.
i=1,2….M, M is the number of water meters
j=1,2…. L, L is the number of readings,
 i, (ai(tj))  (i,n + ε*i,n )
 iα, (ai(tj)) ≤ (i,n + ε*i,n) , α represents the set of WMN where water consumption
doesn’t exceed the threshold (i,n + ε*i,n).
Step 2- For each WMN iα, compute the standard deviation θi from the set of data
{ai(tj), j=1… L}, i=1...m. Θ = {θ1, θ2, …. θm}, m is the number of elements in α.
Step 3- Partition Θ into g sub clusters C1, C2, …. C k, using the K-means method [4] as
follows:
Let ci be the center of sub-cluster Ci.

Step 4- Validation: Knowing CHk and SSEk, see table I, determine the number of
clusters g and validate this number using the elbow method for SSE, see Fig. 3 and the
highest value given by the CH method [10].
Step 5- Compute the laps of time between two readings for each sub-cluster θi as
follows: Upper Limit, UL= Max (ci) Lower Limit, LL = Min (ci)

- Assign the maximum sampling period to the sub-cluster with a center value ci = LL
and a minimum sampling period for the cluster with a center value ci = UL. We can use
a linear scale to assign a sampling period for each sub-cluster with LL ci  UL, a
smaller sampling value for those near the UL and a bigger sampling value for those
near LL. We believe that a sub cluster with small standard deviation should be
monitored less frequently than the one with bigger value as they show little variation in
their water consumption.
As water consumptions changes over time, it is important to retune the clustering.
After a defined period T, we restart the procedure starting from step 1.

5. Experimental results
Our experimental results are based on the data collected from 1,129 water meters
from July 1st to December 31st, 24 readings/day. Fig. 2 shows the frequency of AWC
readings vs. their durations for ε=100%. There are 149 AWC when we sample data
hourly. When we implement our approach, which applies different data sampling
periods, larger and cluster dependent, we were able to detect 122 AWC events,
including all major event i.e. with more 4 hours duration. This result is satisfactory in
terms of the reliability of water meter monitoring. Fig. 4 shows the Average
Percentage of Total Saving in data transmission vs observation (sampling) period.
From this figure, we can see that the best observation period is 36 hours as it offers
the maximum saving. Table 1. shows the values of SSE and CH as function of the
number of clusters. The optimal number of cluster g is equal to 5. Fig. 3 shows
another representation for SSE where the elbow location indicates the optimal number
of clusters.
In order to evaluate the performance of our approach we will compare our results
to the data reduction techniques [9] where redundant readings are removed. Fig. 5 and
6 show respectively the distribution (histogram) of data transmissions saving over 6
months when the data reduction technique and the data partitioning clustering
approach are applied. From these figures, we observe that the most important saving

occurs between 45% and 75% for the data reduction technique and between 91% and
92% for the data partitioning clustering approach. Note that there is ‘0’ saving for the
WMNs in the set  as we monitor water consumption every hour.
Fig. 7. shows the average percentage saving in data transmission for our approach
as compared to the reduction technique. In our approach, the clustering is repeated
weekly and monthly, and in both cases our solution offers better performance than the
reduction technique. The improvement of saving is approximately 10% and 40% for
weekly and monthly monitoring respectively.

6. CONCLUSION
In this paper, we proposed a novel approach for RDT in WSNs that is based on
partitioning clustering technique. To the best of our knowledge, it is the first time this
approach is applied in this area. We compared the performance of our approach to
another reduction technique based on redundant readings. Experimental results
showed that our algorithm performs better in terms of transmission saving. In future
work, we plan to compare our approach with modeling and prediction techniques.
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