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Abstract
This paper presents, predictive storage (PRESTO) data 
management architecture consisting of proxies and sensors. 
Data-centric sensor applications have become popular in recent 
years. Sensors sample their surrounding physical environment 
and produce data that is then processed, aggregated, filtered, 
and queried by the application. Sensors are often untethered, 
necessitating efficient use of their energy resources to 
maximize application lifetime. Consequently energy-efficient 
data management is a key problem in sensor applications. 
PRESTO adapts model driven push approach which is energy 
efficient. Proxies and sensors interact with one another for 
acquiring data and processing queries. Proxies construct 
time-series models of observed trends in the sensor data and 
transmit the parameters of the model to sensors. Sensors 
check sensed data with model-predicted values and transmit 
only deviations from the predictions back to the proxy. Such a 
model-driven push approach is energy-efficient, while ensuring 
that anomalous data trends are never missed. In addition to 
supporting queries on current data, PRESTO also supports 
queries on historical data using interpolation and local archival 
at sensors. PRESTO can adapt model and system parameters to 
data and query dynamics to further extract energy savings. Our 
experiments show that in a temperature monitoring application, 
PRESTO yields one to two orders of magnitude reduction in 
energy requirements over on-demand, proactive or model-
driven pull approaches. PRESTO also results in an order of 
magnitude reduction in query drop rate.
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I. Introduction
Networked data-centric sensor applications have become 
popular in recent years. Sensors sample their surrounding 
physical environment and produce data that is then 
processed, aggregated, filtered, and queried by the Sensors 
are often untethered, necessitating efficient use of their energy 
resources to maximize application lifetime. Consequently, 
energy-efficient data management is a key problem in sensor 
applications. This paper presents PRESTO, a novel two-tier 
sensor data management architecture comprising proxies and 
sensors that cooperate with one another for acquiring data 
and processing queries. PRESTO proxies construct time-series 
models of observed trends in the sensor data and transmit the 
parameters of the model to sensors. Sensors check sensed data 
with model-predicted values and transmit only deviations from 
the predictions back to the proxy. Such a model-driven push 
approach is energy efficient, while ensuring that anomalous 
data trends are never missed. In addition to supporting queries 
on current data, PRESTO also supports queries on historical 
data using interpolation and local archival at sensors. PRESTO 
can adapt model and system parameters to data and query 
dynamics to further extract energy savings. 

A. Existing System
Data management approaches in sensor networks have 
centered around two competing philosophies. Early efforts 
such as Directed Diffusion [2] espoused the notion of the 
sensor network as a database. The framework assumes that 
intelligence is placed at the sensors and that queries are 
pushed deep into the network, possibly all the way to the 
remote sensors. Direct querying of remote sensors is energy 
efficient, since query processing is handled at (or close to) 
the data source, thereby reducing communication needs. 
However, the approach assumes that remote sensors have 
sufficient processing resources to handle query processing, 
an assumption that may not hold in untethered networks of 
inexpensive sensors (e.g., Berkeley Motes). In contrast, efforts 
such as TinyDB [3] and acquisitional query processing [3] from 
the database community have adopted an alternate approach. 
These efforts assume that intelligence is placed at the edge of 
the network, while keeping the sensors within the core of the 
network simple. In this approach, data is pulled from remote 
sensors by edge elements such as base-stations, which are 
assumed to be less resource and energy-constrained than 
remote sensors. Sensors within the network are assumed to 
be capable of performing simple processing tasks such as 
in-network aggregation and filtering, while complex query 
processing is left to base stations (also referred to as micro-
servers or sensor proxies). In acquisitional query processing 
[3], for instance, the base-station uses a spatio-temporal model 
of the data [8] to determine when to pull new values from 
individual sensors; data is refreshed from remote sensors 
whenever the confidence intervals on the model predictions 
exceed query error tolerances. 

B. Problems with Existing System
There are several kinds of flaws which are associated with the 
existing system and all these can be highlighted as follows:-
1. Need to capture unusual data trends: Sensor applications 
need to be alerted when unusual trends are observed in the 
sensor field; for instance, a sudden increase in temperature may 
indicate a fire or a break-down in air conditioning equipment. 
Although rare, it is imperative for applications, particularly those 
used for monitoring, to detect these unusual patterns with low 
latency. Both TinyDB [3] and acquisitional query processing [3] 
rely on a pull-based approach to acquire data from the sensor 
field. A pure pull-based approach can never guarantee that all 
unusual patterns will be always detected, since the anomaly may 
be confined between two successive pulls. Further, increasing 
the pull frequency to increase anomaly detection probability 
has the harmful side-effect of increasing energy consumption 
at the untethered sensors.
2. Support for archival queries: Many existing efforts focus 
on querying and processing of current (live) sensor data, since 
this is the data of most interest to the application. However, 
support for querying historical data is also important in 
many applications such as surveillance, where the ability to 
retroactively “go back” is necessary, for instance, to determine 

Prediction of Query Drop Rate through PRESTO 
Architecture in Sensor Networks 

1Arati Shahapurkar, 2Pankaja Patil
1,2Dept. of CSE, KLS, GIT, Belgaum, India



IJECT Vol. 2, IssuE 4, oCT. - DEC. 2011ISSN : 2230-7109 (Online)  |  ISSN : 2230-9543 (Print)

w w w . i j e c t . o r g  InternatIonal Journal of electronIcs & communIcatIon technology 137

how an intruder broke into a building. Similarly, archival sensor 
data is often useful to conduct postmortems of unusual events 
to better understand them for the future. Architectures and 
algorithms for efficiently querying archival sensor data have 
not received much attention in the literature.
3. Adaptive system design: Long-lived sensor applications 
need to adapt to data and query dynamics while meeting user 
performance requirements. As data trends evolve and change 
over time, the system needs to adapt accordingly to optimize 
sensor communication overhead. Similarly, as the workload—
query characteristics and error tolerance—changes over time, 
the system needs to adapt by updating the parameters of the 
models used for data acquisition. Such adaptation is key for 
enhancing the longevity of the sensor application.

C. Problem Definition
To achieve energy efficiency and low query latency by exploiting 
resource-poor sensors. To yield one to two orders of magnitude 
reduction in energy requirements over on-demand, proactive or 
model-driven pull approaches. Also, to keep the query latency 
within 3–5 seconds. PRESTO supports queries on current data 
using model-driven push, it also supports queries on historical 
data using a novel combination of prediction, interpolation, and 
local archival. Long term changes in data trends are handled 
by periodically refining the parameters of the model at the 
proxy, which improves prediction accuracy and reduces the 
number of pushes.

II. Theoritical Background
Theoretical background highlighting some topics related to 
project work. The description contains several topics which 
are worth to discuss and also highlight some of their limitation 
that encourage going on finding solution as well as highlights 
some of their advantages for which reason these topics and 
their features are used in this paper. 

A. System Model
PRESTO envisions a two-tier data management architecture 
comprising a number of sensor proxies, each controlling several 
tens of remote sensors. Proxies at the upper tier are assumed 
to be rich in computational, communication, and storage 
resources and can use them continuously. The task of this tier 
is to gather data from the lower tier and answer queries posed 
by users or the application .Proxies are assumed to be tethered 
or powered by a solar cell. A typical deployment will consist of 
multiple geographically distributed proxies, each managing 
tens of sensors in its vicinity. In contrast, PRESTO sensors are 
assumed to be low-power nodes, The task of this tier is to sense 
data, transmit it to proxies when appropriate while archiving 
all data locally in data cache. The primary constraint at this 
tier is energy—sensor nodes are assumed to be untethered, 
and hence battery powered, with a limited lifetime. Sensors 
are assumed to be deployed in a multi-hop configuration and 
are aggressively duty-cycled; standard multi-hop routing and 
duty-cycled MAC protocols can be used for this purpose. Since 
communication is generally more expensive than processing or 
storage [5], PRESTO sensors attempt to trade communication 
for computation or storage, whenever possible.

B.System Operation
Assuming such an environment, each PRESTO proxy constructs 
a model of the data observed at each sensor. The model uses 

correlations in the past observations to predict the value likely 
to be seen at any future instant t. The model and its parameters 
are transmitted to each sensor. The sensor then executes the 
model as follows: at each sampling instant t, the actual sensed 
value is compared to the value predicted by the model. If the 
difference between the two exceeds a threshold, the model is 
deemed to have “failed” to accurately predict that value and the 
sensed value is pushed to the proxy. In contrast, if the difference 
between the two is smaller than a threshold, then the model is 
assumed to be accurate for that time instant. In this case, the 
sensor archives the data locally in data cache and does not 
transmit it to the proxy. Since the model is also known to the 
proxy, the proxy can compute the predicted value and use it as 
an approximation of the actual observation when answering 
queries [8]. Thus, so long as the model accurately predicts 
observed values, no communication is necessary between the 
sensor and the proxy; the proxy continues to use the predictions 
to respond to queries [10]. Further, any deviations from the 
model are always reported to the proxy and anomalous trends 
are quickly detected as a result.  

Fig 1: System operation

Given such a model-driven [6] push technique, a query arriving 
at the proxy is processed as follows. PRESTO assumes that 
each query specifies a tolerance on the error it is willing to 
accept. Our models are capable of generating a confidence 
interval for each predicted value. The PRESTO proxy compares 
the query error tolerance with the confidence intervals and 
uses the model predictions so long at the query error tolerance 
are not violated. If the query demands a higher precision, the 
proxy simply pulls the actual sensed values from the remote 
sensors and uses these values to process the query. Every 
prediction made by the model is cached at the proxy; the cache 
also contains all values that were either pushed or pulled from 
the remote sensors. This cached data is used to respond to 
historical queries so long as query precision is not violated 
otherwise the corresponding data is pulled from the local 
archive at the sensors. Since trends in sensed values may 
change over time, a model constructed using historical data 
may no longer reflect current trends. A novel aspect of PRESTO 
is that it updates the model parameters online so that the 
model can continue to reflect current observed trends. Upon 
receiving a certain number of updates from a sensor, the proxy 
uses these new values to refine the parameters of the model. 
These parameters are then conveyed back to the corresponding 
sensor, when then uses them to push subsequent values. Thus, 
our approach incorporates active feedback between the proxy 
and each sensor the model parameters are used to determine 
which data values get pushed to the proxy, and the pushed 
values are used to compute the new parameters of the model. If 
the precision demanded by queries also changes over time, the 
threshold used by sensors to determine which values should be 
pushed are also adapted accordingly—higher precision results 
in smaller thresholds. 
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1. Model-driven Push: Central to PRESTO is the use of a 
feedback-based model-driven push [7] approach to support 
queries in an energy-efficient, accurate and low-latency 
manner. PRESTO proxies construct a model that captures 
correlations in the data observed at each sensor. The remote 
sensors check the sensed data against this model and push 
data only when the observed data deviates from the values 
predicted by the model, thereby capturing anomalous trends. 
Such a model-driven push approach reduces communication 
overhead by only pushing deviations from the observed trends, 
while guaranteeing that unusual patterns in the data are never 
missed. An important requirement of our model is that it should 
be very inexpensive to check at resource-poor sensors, even 
though it can be expensive to construct at the resource-rich 
proxies. PRESTO employs seasonal ARIMA-based time series 
models to satisfy this asymmetric requirement.
2. Support for archival queries: PRESTO supports queries on 
current data using model-driven push, it also supports queries 
on historical data using a novel combination of prediction, 
interpolation, and local archival. By associating confidence 
intervals with the model predictions and caching values 
predicted by the model in the past, a PRESTO proxy can directly 
respond to such queries using cached data so long as it meets 
query error tolerances. Further, PRESTO employs interpolation 
methods to progressively refine past estimates whenever new 
data is fetched from the sensors. PRESTO sensors also log all 
observations on relatively inexpensive flash storage; the proxy 
can fetch data from sensor archives to handle queries whose 
precision requirements cannot be met using the local cache. 
Thus, PRESTO exploits the proxy cache to handle archival queries 
locally whenever possible and resorts to communication with 
the remote sensors only when absolutely necessary.
3. Adaptation to Data and Query Dynamics: Long term 
changes in data trends are handled by periodically refining the 
parameters of the model at the proxy, which improves prediction 
accuracy and reduces the number of pushes. Changes in query 
precision requirements are handled by varying the threshold 
used at a sensor to trigger a push. If newer queries require 
higher precision (accuracy), then the threshold is reduced to 
ensure that small deviations from the model are reported to the 
proxy, enabling it to respond to queries with higher precision. 
Overall, PRESTO proxies attempt to balance the cost of pushes 
and the cost of pulls for each sensor.

C. Modeling and Prediction
The goal of the modeling and prediction engine is to determine 
a model, using a set of past sensor observations, to forecast 
future values. The key premise is that the physical phenomena 
observed by sensors exhibit long term and short-term 
correlations and past values can be used to predict the future. 
This is true for weather phenomena such as temperature that 
exhibit long-term seasonal variations as well as short-term 
time-of-day and hourly variations. Similarly phenomena such 
as traffic at an intersection exhibits correlations based on the 
hour of the day (e.g., traffic peaks during “rush” hours) and day 
of the week (e.g., there is less traffic on weekends). PRESTO rely 
on seasonal ARIMA models; ARIMA is a popular family of time-
series models that are commonly used for studying weather 
and stock market data. Seasonal ARIMA models (also known 
as SARIMA) are a class of ARIMA models that are suitable 
for data exhibiting seasonal trends are well-suited for sensor 
data. Further they offer a way to deal with non stationary data 

i.e. whose statistical properties change over time [1]. Last, 
as we demonstrate later, while seasonal ARIMA models are 
computationally expensive to construct, they are inexpensive 
to check at the remote sensors—an important property we seek 
from our system. A discrete time series can be represented 
by a set of time-ordered data (xt1, xt2 , ..., xtn), resulting from 
observation of some temporal physical phenomenon such as 
temperature or humidity. Samples are assumed to be taken at 
discrete time instants t1, t2, . . .. The goal of time-series analysis 
is to obtain the parameters of the underlying physical process 
that governs the observed time-series and use this model 
to forecast future values. PRESTO models the time series of 
observations at a sensor as an Autoregressive Integrated Moving 
Average (ARIMA) process. In particular, the data is assumed to 
conform to the Box-Jenkins SARIMA model [1]. While a detailed 
discussion of SARIMA models is outside the scope of this paper, 
we provide the intuition behind these models for the benefit 
of the reader. An SARIMA process has four components: auto-
regressive (AR), moving average (MA), one-step differencing, and 
seasonal differencing. The AR component estimates the current 
sample as a linear weighted sum of previous samples; the MA 
component captures relationship between prediction errors; 
the one-step differencing component captures relationship 
between adjacent samples; and the seasonal differencing 
component captures the diurnal, monthly, or yearly patterns 
in the data. In SARIMA, the MA component is modeled as a zero-
mean, uncorrelated Gaussian random variable (also referred 
to as white noise). The AR component captures the temporal 
correlation in the time series by modeling a future value as a 
function of a number of past values. In its most general form, 
the Box-Jenkins seasonal model is said to have an order (p, d, 
q)×(P,D,Q)S; the order of the model captures the dependence 
of the predicted value on prior values. In SARIMA, p and q are 
the orders of the auto-regressive (AR) and moving average 
(MA) processes, P and Q are orders of the seasonal AR and 
MA components, d is the order of differencing, D is the order 
of seasonal differencing, and S is the seasonal period of the 
series. Thus, SARIMA is family of models depending on the 
integral values of p, q, P, Q, d, D, S. 

D. Model Identification and Parameter Estimation
Given the general SARIMA model, the proxy needs to determine 
the order of the model, including the order of differential and the 
order of auto-regression and moving average. That is, the values 
of p, d, q, P, D and Q need to be determined. This step is called 
model identification and is typically performed once during 
system initialization. Model identification is well documented in 
most time series textbooks [1] and we only provide a high level 
overview here. Intuitively, since the general model is actually 
a family of models, depending on the values of p,q, etc., this 
phase identifies a particular model from the family that best 
captures the variations exhibited by the underlying data. It is 
somewhat analogous to fitting a curve on a set of data values. 
Model identification involves collecting a sample time series 
from the field and computing its auto-correlation function (ACF) 
and partial auto-correlation function (PACF). A series of tests 
are then performed on the ACF and the PACF to determine the 
order of the model [1].
When employed for a temperature monitoring application, 
PRESTO proxies are seeded with a (0, 1, 1) × (0, 1, 1) S SARIMA 
model. The seasonal period S is also seeded. The parameters  

 and  are then computed by the proxy during the initial 
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training phase before the system becomes operational. The 
training phase involves gathering a data set from each sensor 
and using the least squares method to estimate the values 
of parameters  and   on a per-sensor basis (see [1] for the 
detailed procedure for estimating these parameters). The order 
of the model and the values of  and   are then conveyed 
to each sensor.
Once the model order and its parameters have been determined, 
using it for predicting future values is a simple task. The 
predicted value Xt for time t is simply given as:

where  and   are known parameters of the model,Xt−1 
denotes the previous observation, Xt−S and Xt−S−1 denotes 
the values seen at this time instant and the previous time 
instant in the previous season. For temperature monitoring, 
we use a seasonal period S of one day, and hence, Xt−S and 
Xt−S−1 represent the values seen yesterday at this time instant 
and the previous time instant, respectively. et−k denotes the 
prediction error at time t − k (the prediction error is simply the 
difference between the predicted and observed value for that 
instant).Since PRESTO sensors push a value to the proxy only 
when it deviates from the prediction by more than a threshold, 
the actual values of Xt−1, Xt−S and Xt−S−1 seen at the sensor may 
not be known to the proxy. However, since the lack of a push 
indicates that the model predictions are accurate, the proxy 
can simply use the corresponding model predictions as an 
approximation for the actual values in Equation. In this case, 
the corresponding prediction error et−k is set to zero. In the event 
Xt−1,Xt−S orXt−S−1 were either pushed by the sensor or pulled by 
the proxy, the actual values and the actual prediction errors 
can used in Equation.

III. System Architecture
System architecture is the conceptual design that defines the 
structure and behavior of a system. An architecture description 
is a formal description of a system, organized in a way that 
supports reasoning about the structural properties of the 
system. It defines the system components or building blocks 
and provides a plan from which products can be procured, and 
systems developed, that will work together to implement the 
overall system. The System architecture is shown below.

Fig. 2: System Architecture

PRESTO envisions a two-tier data management architecture 
comprising a number of sensor proxies, each controlling 
several tens of remote sensors. User applications can query 
the temperature of any sensor by issuing the query to the proxy; 
proxy handles the query and gives the response. Proxy and 
Sensor communicate and establish the model for temperature 
predication. This model is used by the PRESTO Proxy to calculate 
the sensors temperature value and return the result.

IV. Module Implementation
The paper consists of two major subsystems Presto Proxy and 
Presto Sensor.

A. PRESTO Proxy 
PRESTO Proxy is written as a networked application, listening 
at a particular IP address and port. It receives the temperature 
values from the sensor and computes the SARIMA model for 
the data, the model parameters are then given to the sensor. If 
any user queries the temperature value for any sensor, PRESTO 
Proxy checks if the value is in the cache, if available it returns 
the values to user, if not available, then it uses the predication 
model to calculate the value and provide to the User.

B. PRESTO Sensor 
PRESTO Sensor generates the temperature value in a regular 
pattern. It uses the model parameters given by PRESTO Proxy, 
to calculate the value, if the difference between the actual 
values and the predicted value is above threshold; it sends the 
difference to the PRESTO PROXY to re compute the model.

V. Analysis of Result
The following snapshots define the results or outputs that 
we will get after step by step execution of all the modules of 
the system. Each time the source or client is executed, new 
source IP addresses are generated dynamically. Therefore in 
this project, source IP address is not fixed. In the first step 
we can enter the name of the destination as local host or the 
corresponding IP address. The data sent by the source will be 
delivered to that particular entered destination address.

Fig.3: (a) Interpretation: A listen port is configured
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Fig. 3:(b). Interpretation:-Users can query the sensor value at 
the PRESTO Proxy

.
Fig. 3:(c).Interpretation:-Users can query the sensor value at 
the PRESTO Proxy.

Fig. 3:(d).Interpretation:- query drop rate measured by varying 
the no of queries / min is shown above 

VI. Conclusion
This project described PRESTO, model-driven predictive 
data management architecture for hierarchical sensor 

networks. In contrast to existing techniques, our work makes 
intelligent use of proxy and sensor resources to balance the 
needs for low-latency, interactive querying from users with 
the energy optimization needs of the resource-constrained 
sensors. A novel aspect of our work is the extensive use of an 
asymmetric prediction technique, Seasonal ARIMA [1] that 
uses proxy resources for complex model parameter estimation, 
but requires only limited resources at the sensor for model 
checking. Our experiments showed that PRESTO yields an order 
of magnitude improvement in the energy required for data and 
query management, simultaneously building a more accurate 
model than other existing techniques. Also, PRESTO keeps the 
query latency within 3-5 seconds, even at high query rates, 
by intelligently exploiting the use of anticipatory pushes from 
sensors to build models, and explicit pulls from sensors. Finally, 
PRESTO adapts to changing query and data requirements by 
modeling query and data parameters, and providing periodic 
feedback to sensors.

VII. Future Scope
As part of future work, the current models can be extended to 
weather phenomena beyond temperature and to other domains 
such as traffic and activity monitoring. 
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