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Abstract

Sensors that come built in smartphones are extensively used by various apps and for analysis purpose.
Some of these sensors, especially GPS and Microphone, are energy expensive. Hence, there is a need to
use these judiciously. To study the trade-off between data accuracy and energy consumption due to sensor
usage, we experiment with duty cycling while collecting sensor data. In many applications, the sensor
data is required to be sent to a cloud or a server for storage or further computations. The size of the data is
correlated to the amount of energy consumed in data transmission as the number of bytes to be transferred
contributes significantly to the amount of energy consumed in data transfer. The key here is to reduce the
size of data but at a minimal cost of accuracy. We propose a representative clustering approach to
represent the dataset and transmit these representatives in place of the entire dataset. Further, we evaluate
the amount of energy conserved by using this approach by transmitting representative data over different

wireless technologies.
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1. Introduction

Smartphones come with a variety of sensors used for a variety of applications such as traffic predictors,
navigators, fitness apps, local search and recommendation system( such as Foursquare), noise detectors
etc. . These sensors drain a lot of energy as they are polled frequently in the process of data collection.
Often there is a possibility that the data collected is repetitive or redundant. For instance, the GPS data
continuously being collected in a moving car versus GPS data collected at a restaurant would vary in the
degree of repetitiveness of the readings obtained. The latter would have a higher degree of repeated
values and hence, logging a value less frequently would work in this case and would be an optimal choice

in terms of energy conservation.

For analysis or further computations the sensor data may need to be sent to a cloud or distant server for
which the internet connectivity is required. The process of transmitting data consumes a lot of energy of
the device. The size of the data to be transmitted contributes significantly to the total energy consumed in
data transmission[3]. Hence, a possible solution is to reduce the size of the data. However, direct
reduction in the dataset may lead to absence of the data points that may represent a critical event in the
whole dataset. In other words, direct reduction may cause high inaccuracy. However, we can attempt to

minimize the degradation in accuracy by selecting the representatives in a systematic manner.

As a proposed solution, we make use of clustering algorithms- CURE, BIRCH, DBSCAN applied on our
sensor data(GPS, Accelerometer, Audio) to select representatives of each cluster. Hence, the
representatives from each cluster altogether represent the whole data instead of just a part of it. So instead
of sending the entire data over the network, sending the representatives would suffice, hence allowing
some amount of energy to be conserved at a minor cost of accuracy. Note that our approach works for
applications that deal with non-real time data. In case of real time data transmission, each time the data
transmitted is already small in size and hence no significant improvement would be provided by our
proposed solution. The amount of energy conserved depends on factors like the original data size, the
percentage of data reduction and the wireless network technology used for data transmission. We shall

elaborate on how the results vary with these factors in the upcoming sections.

The following sections are divided as follows.
Section 2 briefly describes the three algorithms- CURE, BIRCH, DBSCAN and gives the background of
how we have extended the three clustering algorithms to obtain representatives. The section also

discusses other work done in the domain of smartphone energy optimizations in sensor data applications.
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Section 3 describes our methodology of data collection for all the three sensors. Section 4 presents the
results and conclusions of our study on applying duty cycling while collecting data. Section 5 discusses
the results of applying the three clustering algorithms-CURE, BIRCH, DBSCAN on the three sensor
datasets.

Section 6 evaluates the work that we present and Section 7 concludes the study and the work.
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2. Background and Related Work

Background Work

As discussed, we have worked with three clustering algorithms to obtain our dataset

representatives.

We have used these three particular clustering algorithms as they make use of entirely different
clustering approaches. CURE makes use of a representative based clustering approach. On the
other hand, DBSCAN makes use of density based clustering and BIRCH uses of hierarchical

clustering.

CURE[12]: CURE(Clustering Using Representatives) subsamples a large database selectively
and performs clustering on smaller dataset which is later transferred to larger dataset. CURE
starts with each point as a cluster. With a predefined sample size c, which is determined using
chernoff bounds, ¢ well scattered points are selected from the cluster. These selected points,
called the representatives of the clusters, are then shrunk towards the centroid of the cluster by a
factor ‘a’. Closest clusters are merged and new representatives are selected. Distance between
two clusters is the distance between the closest pair of representative points- one from each
cluster. The clusters are merged until the desired k number of clusters is obtained. In this process,
the outliers, that are clusters of size smaller than a threshold, are eliminated. The representatives

chosen in the last round of clustering are considered as the final representatives of the data.

DBSCANJ[14]: DBSCAN(Density-based spatial clustering of applications with noise) is a density
based clustering algorithm. Before we get into the clustering approach, there are a few definitions
to consider.
o Eps-Neighbourhood: The neighbourhood within a radius of ‘Eps’ units of an object/point.
o Minpts.: Minimum number of points in the Eps-neighbourhood of that point p.
o Core point: If for a point p, number of points in its Eps-neighbourhood is at least Minpts
then p is a core point.
o Directly density reachable Point: A point p is directly density reachable from point q if p
is in Eps-neighbourhood range of q and q is a core point.
o Density reachable point: A point p is density reachable from a point q w.r.t. Eps and
MinPts if there is a chain of points P ..... Pn, Pi = g, Pn = P such that Pi. is directly

density-reachable from P;.
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If the Eps-neighbourhood of a point p contains more than MinPts, a new cluster with a core object
is created. DBSCAN iteratively collects directly density reachable objects from these core objects
which may involve the merge of a few density-reachable clusters. The process terminates when
no new point can be added to any cluster. Once the final clusters are obtained, well scattered
representatives from each cluster are selected to represent the dataset.

BIRCH[13]: The acronym BIRCH stands for Balanced Iterative Reducing and Clustering using
Hierarchies. Before getting into the algorithm, there are some terminologies that are required to
be understood.

o Clustering Feature(CF): Contains summary of statistics of a cluster. CF entry of a cluster
is defined as a triple {no. of data points in the cluster, linear sum of the data points of the
cluster, square sum of the data points of the cluster}

o CF-Tree: It is a height balanced tree with two parameters- Branching Factor(number of

entries in each node) and Threshold T(diameter of all entries in each node)
Broadly, the following steps are involved in the BIRCH algorithm.

Starting with the root we find the CF entry in the root closest to the data point and move to that
child and repeat the process until a closest leaf entry is found. At the leaf, if the point can be
accommodated in the cluster, the entry is updated; else if this addition violates the threshold T,
we split the entry; if this violates the limit imposed by L(Branching factor for leaf node), we split
the leaf. If its parent node is full, split that and so on. Update the CF entries from the leaf to the

root to accommodate this point.

This insertion algorithm is carried out for every data point. If, in the middle of the above step, the
size of the CF tree exceeds the size of the available memory, the value of threshold is increased.
Then we convert the partially built tree into a new tree. The above steps are repeated until the
entire dataset is scanned and a full tree is built. Further, global clustering algorithm is applied to
the sub-clusters as provided by leaf entries of the CF tree. At the end, the entire dataset is scanned
to label the data points. Once the final clusters are obtained, well scattered representatives from

each cluster, at leaf entries, are selected to represent the dataset.
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Il. Related Work

Extensive work has been done in the domain of energy optimization on smartphones in sensor data
collection and cellular data transmission. Some approaches, such as TailEnder, concentrate on
scheduling transmissions to minimize energy consumption due to tail energy generated. Tail energy is
the energy spent in high-power state after completion of data transfer. Another approach, presented
by Mirco Musolesi et al.[2], attempts to reduce the upload activities by developing a forecasting
system at the server end. Instead of continuously uploading data, the forecast system makes use of the

available data at the server-end to predict the next state.

The work in [4] focuses on optimizing the data collection phase itself by replacing the power hungry
sensor such as GPS with a low power ambient sensors like pressure, thermometer, hygrometer and

light sensors deployed on smartphone to infer sematic locations such as home, office, shop etc..

[5] presents an approach of opportunistically selecting between the wireless interfaces- Wifi and
cellular network without powering up the network interface to scan for Wifi connection availability.
Instead, it makes use of context information such as history, time and cellular network condition to

predict Wifi availability.

Other approaches such as [6] and [7] make use of context aware approaches to draw inferences from
historically known data or collect data by making use of certain context knowledge instead of

continuous sensing- for instance, collect data at a particular place or time.

Several approaches as in [8], [9] and [10] make use of clustering, but the authors cluster the sensor
nodes that are likely to provide similar sensor due to spatial correlation. In [9] the sensor nodes are
clustered once the sink node computes the correlation between the sensor nodes. After clustering, the
sink schedules the nodes for data transmissions, which happens when the predicted value at the sink is
significantly different from the actual value at the sensor node. Note that the predictor runs
concurrently at source as well as the sink. Techniques of data aggregation and compressive sensing

have also been put to use as discussed in [8] and [10].

The work presented in [11] makes use of distributed clustering technique meant for distributed
datasets. The data collected at every node is clustered locally using K-Means. Using the contours as
the representatives of each cluster, these representatives are transferred to a leader node where
merging of clusters coming from each node takes place until no overlapping clusters are obtained.

However, for a high variability in the shape and density of clusters, using contours as the
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representatives would miss out on some critical data points located in the core of the cluster, causing
inaccuracy in representation. Unlike contour based representation, we choose the cluster
representatives as well scattered points from each cluster and analyse the effect on the data accuracy
on selecting different percentage of data points as representatives. Also for the approach taken in [11],
an overhead is involved in electing an appropriate leader and mapping nodes to leader such that the
resultant reduced clusters obtained give the best possible accuracy.

To the best of our knowledge, no work implements a representative based clustering approach on
sensor data to represent a dataset that would work for a standalone device at an acceptable accuracy.
Our work attempts to satisfy all these properties in order to reduce the energy consumed in data

transmission.



3. Data Collection

Page |17

We have worked with three sensors-GPS, Accelerometer, Microphone. In our experimental

setup, we logged the readings from each sensor along with the timestamp.

I. GPS Sensor Data

No. of points in Original Data 81216 40272 20081 10043 5021
File Size of Original Data 2.8MB 1.43MB 731KB 366KB 183KB
Distance covered(in km.) 833 417 208 104 52

Table I: GPS Sensor Data

We collected GPS data at various events, spanning over a week. Apart from latitude and
longitude values, we captured the timestamp (in milliseconds). Thus coordinates of a data point
represent [Longitude,Latitude, Timestamp]. The data has been collected while driving on road or
while travelling in the metro. The data has been collected with and without duty-cycles. We set

the duty cycle intervals to 5 seconds, 15 seconds, 30 seconds, 1 minute and 2 minutes.

Two types of datasets were obtained.

Dataset 1: This dataset contains the GPS sensor data collected without duty cycling as well as
with duty cycling at the described intervals.

The main purpose of collecting this dataset is to study the trade-off between the localization
accuracy and the energy consumption due to sensor usage. The GPS readings have been collected
on a 10km. stretch while travelling by metro for duration of 21 minutes. On road, the uniformity
of speed and acceleration cannot be guaranteed during data collection over different duty cycle
intervals. The environment requirements are relatively favourable over a metro. Hence, metro has
been selected as the mode of transport while collecting the data. In all, 6 data samples (one for

each duty cycle interval and one for no duty cycling) were obtained for this dataset.

Dataset 2: This dataset contains GPS data samples of sizes varying from approx. 5000 points to
81000 points. This data has been collected for certain duration each day for at most two weeks.
The data collected is a continuous one, that is, no duty cycling has been applied in this case. This
data has been obtained either while driving or in a metro. The description of the samples thus

obtained has been described in Table I. These samples have been used to evaluate the
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performance of the three clustering algorithms (DBSCAN, BIRCH, CURE) in representing the

data collected.

Accelerometer Sensor Data

No. of points in Original Data 84940 50964 33976 16988 8494
File Size of Original Data 2.08MB 1.25MB 860KB 433KB 217KB
No. of Brakes 102 56 33 10 5

Table 11: Accelerometer Sensor Data

The accelerometer sensor readings have been taken while travelling in the metro. The x axis of

the smartphone was aligned along the direction of motion while collecting the data. The data

readings contain the x axis values of the accelerometer and the timestamp. On polling the

accelerometer sensor, the rate of delivering the sensor events was set to the default which is
SENSOR_DELAY_NORMAL as it is considered suitable for screen orientation changes. Note

that no duty cycling has been applied in case of accelerometer sensor since this sensor is always

active. Hence the study of power consumption by this sensor at various duty cycling intervals

may not be of relevance here.

The dataset consists of data samples with sizes varying from approx. 8400 points to 84000 points.

For each sample, the number of brake events has been noted that shall be used to evaluate the

performance of clustering algorithms in the following sections. The details of the dataset have

been described in Table II.

Audio Sensor Data

No. of points in Original Data 153773 63480 32976 16006 7489
File Size of Original Data 2.69MB 1.17MB 625KB 303KB 143KB
No. of Sound Events 12 5 3 1 1

Table 111: Audio Sensor Data

For audio data collection we played a 20 seconds long tune at every 25 seconds interval. The event of

playing the tune is referred to as the sound/noise event. Each reading, i.e, a data point consists of the

amplitude value and the timestamp. The sampling rate, on polling the microphone, was set to
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11025Hz and the channel configuration was set to CHANNEL_IN_MONO. The microphone sensor
is activated at various duty cycle intervals. These intervals were set to 5 seconds, 15 seconds, 30
seconds and 1 minute. Apart from duty cycling, we have also collected data without duty cycling, i.e.,
when the microphone is active throughout the data collection period.

Similar to the GPS data collection we have two types of datasets for audio data as well.

Dataset 1: This dataset contains audio data collected at the described duty cycles as well as without
duty cycling. The sound is played repeatedly every 25 seconds for about 20 minutes with no other
prominent surrounding sound. This environment is recreated to take audio recordings at every duty
cycle interval as well as for recording without any interval. In all, 6 data samples (one for each duty
cycle interval and one for no duty cycling) were obtained for this dataset. The purpose of this dataset
is to study the trade-off between energy consumed on using microphone sensor and sound detection

accuracy at different duty cycle intervals.

Dataset 2: For this dataset the same environment was created for data collection. However, the
duration (which was 20 minutes in case of Dataset 1) has been varied according to the number of data
points we wished to obtain in a sample. Note that, no duty cycling has been applied while recording
this dataset. All of this data has been collected with the microphone continuously listening for the
audio data. Thus, on recording the audio data for different durations we obtained 5 data samples, the
details of which have been described in Table I11. We apply the three clustering algorithms on these

data samples to evaluate their performance.
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4. Data Collection Analysis

Our objective to carry out this study is to analyse how the energy consumption is affected in the
process of data collection. In order to reduce energy consumption, the sensor usage may be duty
cycled instead of continuously keeping the sensor active. However, duty cycling would affect the
quality and accuracy of data collected by missing certain data that maybe critical in nature.
Ideally, we would want to minimize the energy consumption and maximize the accuracy(i.e
minimize inaccuracy). However, as explained, this may not be possible and some intermediate
combination of energy consumption and accuracy should be chosen. Hence, a tradeoff is involved
and which point of energy consumption and accuracy to select depends on the nature of

application.

GPS Data Analysis

We analysed the data collection approach by collecting the data at certain intervals as described
for Dataset 1 for GPS. Table IV contains the results of duty cycling while collecting GPS data.
Fig. 1 depicts the results for the same. The average power and total energy have been measured
using PowerTutor app on Xperia L device, running Android v4.1.2.

To study the quality of data obtained for every setup of duty cycle interval, we measured the
average localization inaccuracy. We computed the average localization inaccuracy for a dataset d
as the average of the distance between every point in the dataset collected without duty cycling
and the closest point to it in the dataset d. Table IV indicates that, as expected, the localization

inaccuracy increases with increasing the duty cycle interval.

As can be seen, the average power, computed over 20 iterations, declines with increasing the duty
cycle interval. However, if the total energy consumption is to be observed, the value increases
with an increase in the duty cycle interval upto 15sec interval and from there on the energy
consumption declines. However, as compared to 10.7MJ of energy consumption in case of no
duty cycling, the energy consumption at a 2min. duty cycling interval is 101MJ which is much
higher than without duty cycling. This indicates that there isn’t really an advantage in going for
duty cycling. Before we get into the explanation to this observed trend, it is important to note that

a GPS signalling process consists of three stages:
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1) Acquisition: It’s the first stage in GPS receiver start up. During this stage, the GPS

receiver searches for the satellites to receive data from. Note that it is the most energy

intensive of all the stages.

2) Tracking: After the satellite acquisition, the receiver locks to the satellites to track the

satellites signals.

3) Decoding: With successful tracking, the data packets received from the satellites can be

successfully decoded to pass on to the main processor for location calculation.

In case of continuous mode of data collection, the acquisition stage occurs only once in the whole

process of data collection. However, on setting up the duty cycle intervals, the GPS receiver

receives data and logs it and then goes into the standby mode until it is woken up after the set

interval for re-acquisition. Hence, with duty cycling, the acquisition stage occurs several times in

the process of data collection. As discussed, acquisition is an energy intensive stage. Several

occurrences of it cause the overall energy consumption, due to GPS sensor, to increase.

Hence, clearly, setting up of fixed duty cycle intervals, up to 2min, is not advisable here as it not

only decreases the localization accuracy but also increases the energy consumption.

Duty Cycle Average Power Total Energy Inaccuracy w.r.t w/o
Interval Duty Cycling
Osec. 450mwW 10.7MJ Om

5sec. 450mwW 10.7MJ 23.9m

15sec. 300mw 805.3MJ 44.9m

30sec. 225mwW 401.6MJ 82m

1min. 122.5mwW 175MJ 125.6m

2min. 56.25mW 101MJ 263.2m

Table 1V: Trade-off on Applying Duty Cycling over GPS Data Collection
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Fig. 1. GPS data when mapped at different duty cycle intervals

Audio Data Analysis

The data has been collected as described for Dataset 1 for Audio. The outcome of duty cycling is
shown in Table V. The PowerTutor app has been used to measure average power and energy,

over 20 iterations.

A total of 30 noise events existed in the experiment setup while collecting data. The accuracy
column in the table shows the number of these events captured in each dataset collected over the

same experiment setup at different duty cycle intervals.

The average power and the total energy consumed show the expected trend of declining with the
increase in duty cycle interval and so does the accuracy.

Fig. 2. illustrates the dataset obtained at every setup.
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Duty Cycle Interval Average Power Total Energy Accuracy (No. of Noise
Events Captured)
Osec. 910mwW 860J 30 (of 30)
5sec. 265mwW 268J 22 (of 30)
15sec. 70mw 81.4) 22 (of 30)
30sec. 46mw 50.1] 13 (of 30)
1min. 14mwW 15J 8 (of 30)

Table V: Trade-off on Applying Duty Cycling over Audio Data Collection
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5. Applying Clustering Algorithms on Data

The three clustering algorithms, namely CURE, DBSCAN and BIRCH, were applied on the data samples

of the three sensors. They were run on Sony Xperia Z3 device with 3GB RAM and 2.5 GHz Qualcomm

Quad-core processor running on Android v4.4.4 (KitKat).

Selection of Representative: A detailed description of how we selected the representatives for every

clustering algorithm has been provided in Section 2. In general, the representative selection approach used

for every algorithm is to select few well scattered (random) points from every cluster once the clusters are

obtained. The number of well scattered points to select depends on the reduction factor to obtain.

Time complexity of CURE, DBSCAN and BIRCH are O(n?logn), O(nlogn) and O(k*n) respectively

where Kk is the number of clusters and n is the number of points.

GPS Data

The parameters passed in the 3 clustering algorithms were tuned to reduce each of the 5 GPS data
samples(as described in Data Collection Section) to 50%(+-1%) of the data size.

Parameters used for CURE
For CURE, the minimum representative count in each cluster was set to 12, the shrink factor was
initialized to 0.01. Number of partitions was set to 5 and the reducing factor for each partition

was set to 2. Using these parameters, the initial sample size has been computed.

Parameters used for BIRCH

For BIRCH, the maximum node entries were set to 14 and the threshold distance was set to 0.001.

Parameters used for DBSCAN
The Minpts. was set to 5 and the eps was set to 1000.

The execution time was observed for every algorithm over each sample size. As expected from
the time complexities, Fig. 3. shows that BIRCH took the least execution time and CURE took

the maximum execution time for every data sample.
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Execution Time Comparison of the Three Clustering algorithms with
Reduction factor= 50% on GPS data
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Fig. 3. Comparison of clustering algorithms based on program execution time

Apart from the execution time based comparison, the algorithms have been compared on the basis
of clustering accuracy and the accuracy of selecting data points that represent the whole data

sample.

For GPS data samples we evaluate the localization inaccuracy when the data is represented by

50% of the data points as obtained by the three algorithms.

As can be observed from Fig. 4. the representatives obtained by BIRCH and DBSCAN give a
relatively stable inaccuracy of around 4.4 meters and 5.8 meters respectively, for almost all the
samples. BIRCH also provides representatives with the least inaccuracy among the three
algorithms and this holds across all sample sizes. CURE, on the other hand gives unstable
inaccuracy values across the data samples. This can be attributed to the nature of CURE

algorithm as it selects a random sample of data points in its pre-clustering stage.
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Localization Inaccuracy Comparison of the Three Clustering
algorithms with Reduction factor= 50% on GPS data
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Fig. 4. GPS Accuracy

Accelerometer Data

Similar as in case of GPS data, the accelerometer samples were also reduced to 50%(+-1%) by
tuning the input parameters passed in CURE, BIRCH and DBSCAN.

Parameters used for CURE
For CURE, the minimum representative count in each cluster was set to 12, the shrink factor was
initialized to 0.01. Number of partitions was set to 20 and the reducing factor for each partition

was set to 2. Using these parameters, the initial sample size has been computed.

Parameters used for BIRCH
For BIRCH, the maximum node entries were set to 14 and the threshold distance was set to 0.01.

Parameters used for DBSCAN
The Minpts. was set to 8 and the eps was set to 1000.
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Due to the time complexities as discussed before, the execution time was the least for BIRCH and

maximum for CURE across all data samples even for the accelerometer sensor data. Refer to Fig.

6 for the results.

Accelerometer Readings in Metro
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Fig. 5. Brake events in an accelerometer data sample
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Fig. 6. Comparison of clustering algorithms based on program execution time

To evaluate how well the representatives represent the original data, we check for the number of

brake events that could be successfully detected even at a 50% reduction of data. A brake event

has been detected as positive if the following condition is satisfied: the average accelerometer
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value is greater than 1m/s? over a time window of 3 seconds, which indicates a sharp
deceleration. Fig. 5 shows a data sample consisting of 12 brake events (encircled) recorded while
travelling in the metro. The details of number of brakes events in each sample are provided in
Table I1.

Event Detection Comparison of the Three Clustering algorithms with
Reduction factor= 50% on Accelerometer data
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Fig. 7. Accelerometer Accuracy
The detection accuracy for the representatives produced by each of the clustering algorithm is
shown in Fig. 7. The graph shows the percentage of brake events detected for each of the data
sample. For almost all data samples, except for the 50k sample, the accuracy of BIRCH is
maximum or at par with the other two algorithms. In case of the 50k sample, BIRCH was able to
detect 51 out of 56 brake events whereas CURE and DBSCAN were able to detect 51 and 54 out
of 56 brakes. On inquiring, we found out that in the original data sample there existed 3 brake
events such as the one shown in Fig. 8. This shown brake event was captured by 9 points in the
original data sample as compared to other detected brake events that were captured by as many as
115 points. On reduction to 50% data size, these 9 points were represented by just 3 points when
BIRCH was implemented and by just 2 points by CURE implementation. Hence, due to this
insignificant number, the brake went undetected.
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Fig. 8. Undetected Brake

Audio Data

A 50% reduction of audio data samples was implemented for 5 data samples by tuning the
parameters of CURE, BIRCH and DBSCAN.

Parameters used for CURE
For CURE, the minimum representative count in each cluster was set to 15, the shrink factor was
initialized to 0.01. Number of partitions was set to 20 and the reducing factor for each partition

was set to 2. Using these parameters, the initial sample size has been computed.

Parameters used for BIRCH

For BIRCH, the maximum node entries were set to 13 and the threshold distance was set to 0.05.

Parameters used for DBSCAN
The Minpts. was set to 12 and the eps was set to 1000.

The execution time results for the three algorithms were no exception for the audio sensor. As can
be seen in Fig. 9, BIRCH took the least execution time for all the data samples. CURE took

significantly longer to execute, relative to other two algorithms.
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Execution Time Comparison of the Three Clustering algorithms with
Reduction factor= 50% on Audio data
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Fig. 9. Comparison of clustering algorithms based on program execution time

To evaluate the quality of representatives obtained by the three algorithms, the approach used is
similar to the one used over accelerometer dataset. We have defined noise events as discussed in
Data Collection Section. We declare a noise event to have occurred if the average amplitude, in a
time window of 2 seconds, exceeds 4000 units. The number of such noise events in every data

sample is described in Table IlI.

Fig. 10. shows the percentage of events detected at a 50% reduction using the representative
clustering by the three algorithms. It was found that across all data samples and across all three
algorithms, even at 50% data, 100% events could be detected. This outcome could be explained
by the high sampling rate of the data collected. A noise event, as defined in Data Collection
Section, is captured by as many as 4500 points. Hence, even at a 50% reduction the number

representatives suffice to be able to detect the noise.
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Fig. 10. Audio Accuracy
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6. Evaluation

As discussed in the previous section, at a 50% reduction, BIRCH seems to be the most suitable clustering
algorithm in terms of the execution time as well as the accuracy across all three sensors and data samples.
Hence, for further evaluation we conduct all the other experiments on BIRCH algorithm.

This section discusses the performance of BIRCH at various other reduction percentages. The evaluation
has been done based on three parameters- Execution time, accuracy on reduction and the energy
consumption in execution. Further, this section evaluates how the overall study that we conducted is
advantageous or disadvantageous when the reduced data is to be transmitted over various wireless
technologies.

Unless stated explicitly in the following subsections, all of these evaluations have been conducted on
Xperia Z3 device running Android v4.4.4 (KitKat). For energy and power monitoring, we have used an

app called PowerTutor.

I. Performance of BIRCH on Different Devices

In order to evaluate how BIRCH performs on different devices with varied memory, CPU and
other specifications we have implemented BIRCH on three devices- Xperia Ray, Moto G and
Xperia Z3.

For every collected data sample, as described in Dataset 2 for GPS, we implemented BIRCH so
as to reduce the data to 50%. All the other apps running in the background were killed
beforehand. Fig. 11. shows how the algorithm performs on the basis of execution time for GPS
data samples on the three devices. Xperia Z3 with a 3GB RAM took the least time in all cases,
followed by MotoG(1GB RAM) and Xperia Ray(512MB RAM). With the RAM size and
processing speed improving with the advancement of smartphone technology the execution time
ranges from 2 seconds to reduce a data size of 5021 points to 50% to at most 21 seconds to reduce

a data size of 81216 points to 50% as observed on Xperia Z3, averaged over 20 iterations.

A similar evaluation was carried out for accelerometer and audio datasets as well. A similar trend
was observed as can been in Fig. 12 and Fig. 13. Note that, for an audio data sample size as large

as 153773 points, BIRCH took 30 seconds to cluster and reduce it to 50% representatives.



Page |33

Clearly, the accuracy of data reduction is not dependent on the device type and hence the
accuracy observed was same across all devices for each data sample. The accuracy obtained has
already been discussed before as depicted in Fig. 4, Fig. 7 and Fig. 10.

Execution Time Performance of BIRCH on Different Smartphones
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Fig. 11. Execution Time of BIRCH on GPS data over different devices

Execution Time Performance of BIRCH on Different Smartphones
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Fig. 12. Execution Time of BIRCH on Accelerometer data over different devices
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Execution Time Performance of BIRCH on Different Smartphones
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Fig. 13. Execution Time of BIRCH on Audio data over different devices

Energy Consumption in Executing BIRCH

Now we move on to the evaluation of BIRCH based on its energy consumption when
implemented on different data sample sizes. The energy consumption has been evaluated on
Xperia Z3. The BIRCH parameters have been tuned to reduce the data to 50% of data points.
While running the experiment, all the other apps, except for PowerTutor, have been killed. Fig.
14, Fig. 15 and Fig. 16 show the energy consumption of BIRCH across different data samples for
GPS, accelerometer and audio sensors respectively.

The energy consumption ranges from 1 Joule to around 16 Joules for different samples of GPS
and accelerometer data, increasing with the size of data sample. In case of audio data samples the
trend is the same. The largest audio data sample of around 153773 points consumes 23.5 Joules of

energy to be reduced to 50% representatives by BIRCH clustering.
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Energy consumption of BIRCH
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Fig. 14. Energy consumed in executing BIRCH on different data sizes (GPS data)

Energy consumption of BIRCH
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Fig. 15. Energy consumed in executing BIRCH on different data sizes (Accelerometer data)
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Energy consumption of BIRCH
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Fig. 16. Energy consumed in executing BIRCH on different data sizes (Audio data)

Performance of BIRCH at other Reduction Percentages

So far, our experiments have concentrated on reducing the data samples to 50% size. What if
reducing it further would still give acceptable accuracy with lesser energy consumption and
execution time? Else, if accuracy is the critical requirement of an application, reducing it
lesser(say to 75% instead of 50%) may give better results. We shall discuss how these factors are

affected with different reduction percentage.

We applied BIRCH on one of the GPS data samples, which is of size 81216 points. This was run
on Xperia Z3. 20 such experiments were conducted for each reduction percentage and the
averaged values have been provided in Table VI. As the reduction percentage increases, the
execution time increases, though insignificantly. The execution energy also increases with the
percentage increase and the localization inaccuracy decreases. Even at 25% data, the inaccuracy
is of about 12.66m, which is a moderate value if the application does not require a very high
accuracy.
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Reduction to Execution Time Inaccuracy Execution Energy
25% 18sec 12.66m 13.36J
50% 21sec 5.08m 16.56J
5% 24sec 2.6m 20.2]

Table VI: Performance of BIRCH on GPS data at different reduction percentage

The same experiment was conducted for accelerometer and audio data samples of size 84940 and
153773 points respectively. The results in Table VII and Table VIII show the same trend as for
GPS data. The accuracy obtained is within the acceptable limits even at 25% data where it could

detect 92.1% of the brake events in the resultant accelerometer data and 100% noise events in the

resultant audio data.

Reduction to Execution Time Accuracy(Brakes Execution Energy
detected)
25% 19sec 94(of 102) 13.7]
50% 20sec 98(of 102) 17J
75% 23.5sec 102(of 102) 19.2]

Table VII: Perform

ance of BIRCH on Accelerometer data at different reduction percentage

Reduction to

Execution Time

Accuracy(Noise

Execution Energy

Events detected)
25% 26sec 12(of 12) 20.26J
50% 28.5sec 12(of 12) 22]
5% 40sec 12(of 12) 31.2]

Table VIII: Performance of BIRCH on Audio data at different reduction percentage

Energy Consumption in Data Transmission

Now we move on to the most important evaluation. Our objective to carry out this work was to
conserve smartphone energy that is consumed in the process of sensor data collection and
transmission. For optimizing energy consumption in sensor data collection we have discussed the
duty cycling approach before. Now let us study how the energy is conserved in data transmission.
Network data transmission, especially in 2G and 3G network, drains a lot of the device’s energy.

The energy that we target to conserve here is the data transfer energy.
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To carry out the evaluation of transfer energy, we use the smartphone device to upload the data
files and mail them. These data files are uploaded over four types of wireless technologies- Wifi,
EDGE, UMTS and HSPA+. Note that, over Wifi, we do not include the energy consumed in
scanning and associating with the access point in our analysis.

There are two categories of data that we have taken for each sensor- the original data sample and
the resultant data sample after 50% reduction by BIRCH. There are 5 data samples taken for each
of the sensor. These samples have been described in the data collection section as datasets
obtained without duty cycling.

Fig. 17, Fig. 18 and Fig. 19 show the total energy consumption in transferring the data over the
four wireless networks. The figures show three types of energy consumption-

1. Energy consumed in transferring the original data,

2. Energy consumed in transferring the reduced data,

3. Energy consumed in BIRCH execution to reduce the data + Energy consumed in

transferring the reduced data

It is the (3) energy consumption that we ideally want to be lesser than the (1). A positive
difference between (1) and (3) indicates that the clustering based approach to reduce the data has
benefitted in saving some energy.
The figures show that in case of data transfer over EDGE and UMTS technology, we save some
overall energy. The amount of energy conserved increases as the data sample size grows.

However, in case of data transfer over Wifi and HSPA+, we do not save any overall energy.

Hence, applying a clustering based approach to reduce the data is of use if the medium of data
transfer is over EDGE or UMTS. In EDGE and UMTS the transfer energy makes up for a
significant fraction of the overall energy[3]. The amount of transfer energy consumed clearly
depends upon the bytes of data to be transmitted. Hence, by reducing the data size, a significant
fraction of energy can be saved. In case of Wifi and HSPA+, the transfer energy does contribute
to the overall energy consumed but the fraction it makes up is insignificant as compared to the

energy that goes into associating with the access point or in tail energy or ramp energy.

A lot of applications that make use of the three sensors(GPS, Accelerometer and Microphone) are

used in places where Wifi network may not be available. For instance, navigation based or
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location based apps make use of GPS sensor and the data collection and transmission is mostly

done while travelling where a Wifi network is usually not available. Under such circumstances

the app would make use of the cellular network technologies. Hence, for such apps that would use
EDGE or UMTS as the wireless network for data transfer, especially when the data size is large,

our work would help conserve some energy at a minor cost of accuracy.

Energy consumption in Data Trar ion over Wifi
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technologies. Energy saved/lost by applying data reduction
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Conclusion

To reduce the energy consumption due to sensor data, measures can be taken at two stages. Either the
energy consumption could be restricted in the process of sensor data collection. This may or may not
work by applying duty cycling on polling the sensors as we have already discussed.

The second stage where the energy consumption can be controlled is while transmitting the collected
sensor data over the wireless network. This is the stage where we have worked intensively and made use
of the knowledge that the data file size is correlated to the energy consumed in transmission. Hence,
reducing the file size would reduce the energy consumption. We evaluated the performance of three
clustering algorithms- CURE, BIRCH and DBSCAN when applied on GPS, Accelerometer and
Microphone sensor data. From the clusters obtained, we obtained the representatives of the dataset.
BIRCH gave the best results in terms of execution time and accuracy of the obtained representatives.
Further we concentrated on BIRCH to evaluate the energy saved in executing the data reduction and
transmitting the representative data over various wireless networks- Wifi, EDGE,UMTS, HSPA+. A
decline in total energy consumption (in BIRCH execution + data transmission) was observed for
representative data over EDGE and UMTS data transmission. For all three sensors, the same trend was
observed. Hence, using our approach would be beneficial in conserving transmission energy if the data is

to be transmitted over these two wireless technologies, especially in case of large data size.
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