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Abstract

Internet of things (1oT) has emerged as the new trends in the wireless technology in last few years. This new area has greatly influenced the
working of humans. 10T has applications in every domains of human being. The growth rate of 10T devices is exponential due to its wide
applicability. Therefore, the data generated by these devices is huge and contains high variability. Such a huge amount of data needs to be
modeled precisely. The effectiveness of the IoT applications lies in the preciseness of the data represented by the models. Predictive analysis
helps business analysts to build models to predict trends, make tradeoff decisions, and model the real world for decision making support
system. This paper presents the study on various models used for 10T data analytics. Various predictive models such as Multiple Linear
Regression (LR), Support Vector Machine for regression (SVR), Random Forest (RF), Gradient Boosting Machine (GBM) and extreme
Gradient Boosting Machine (XGBM) are applied on the sensor data collected from Smart Home. The comparative results produced by these
models have been analyzed with reference to energy consumption and prediction. The implementation of the models is carried out on R
language. The results show that XGBM model perform better based on RMSE, R-squared and MAE for given data set. It has less RMSE and

high R-squared which indicates it has captured high variability in the data.
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1. Introduction

The popularity of 10T is increased rapidly in last few years because
it has created opportunities for research, innovation and business
transformations. Gartner predicts that, by 2020, more than half of
major new business processes and systems will incorporate some
element of the 10T. The data generated by diverse 10T devices has
opened new opportunities for data analytics. 10T applications need
optimized, real-time analytics techniques to infer events for
automatic decision making.

Smart Sensors, machine-to-machine, and network data plays major
role in the success of 10T. The Analytics of 10T data is possible with
increasedprocessing power and platform with high speed.loT data
analytics includes revealing patterns, unseen events and correlations
which helps understanding business quickly [1] [2] [3]. One of the
most important questions that arise now days is that how to convert
the data generated or captured by loT into knowledge to provide a
more convenient environment. It enables researchers to analyze large
volume of unstructured and stream data precisely [4] [5]-

With the evolution of wireless sensor network and communication
technology,it becomes feasible for 10T environment to integrate
sensor devicesto communicate seamlessly for information sharing
from different platforms conveniently. loT analytics make the things
smarter and intelligent. Intelligent thing evolves as a collaborative
model and communicate with one another to accomplish tasks.

Existing things such as in the home, office, factory floor, and
medical facility becomes intelligent with the use of loT devices and
delivers the power of Al.10T is also widely adopted in smart cities
by developing intelligent systems, such as smart office, smart
transportation, smart healthcare, and smart energy. In smart city,
smart devices including mobile devices, public transport and daily
home appliances are used for data collection.

Many real life things like home appliances, emergency alarm and
vending machines can be connected through wireless sensor network
and controlled remotely. Data acquisition devices sense and transmit
data using WSN solutions, such as Bluetooth, RFID, WiFi and GSM
to systems for further analysis in order to improve standard of living
[e1[7].

10T network can be divided into three components: Sensors
Network, Communication Network and Analysis Network. The
recent development of different sensors and communication
technologies put 10T in front line.loT Analytics network which does
Data Analytics is also important in the fame of 10T systems because
they involved in the decision-making process to bring transformation
in business and individual. 10T analytics use different algorithms,
techniques and tools as any other analytics that can run in the
cloud.loT analytics has input from variety of sources like streams of
sensor data, environmental data sensors and other entities. Accurate
and timely processing this data requires cutting edge algorithms and
processing platforms. It also involves attention to security,
communication, data storage, application integration, governance
and other considerations beyond analytics.
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After introduction, the paper describes different types of data
analytics algorithms along with evaluation measures. The next
section shows exploratory data analysis experiment results for model
selection. The paper ends with a comparison of models and
conclusion.

2. Types of Data Analytics ALGORITHMS

Data analytics are divided into different types based on the
requirements of applications. These types are presented in this
subsection under following categories.

1. Historical Analytics is based on the lot of historical data
analysis and takes time. It is used when quick response is not
expected. We can useoff-line batch processing architecture to
improve efficiency. Historical analytics can be of type
Descriptive and/or Diagnostic used for different types of
reporting [1] [8].

2. Predictive analytics includes various techniques from predictive
modelling, machine learning, and data mining which analyses
historical and present data to make predictions about unknown
patterns. It is generally performed on sensor data. In sensor
based system, data change frequently, and fast data analytics
techniques are required to obtain result within a short period
[11[8].

Real-time Analyticsprovide lighter-weight analytics very quickly.

There are two types of real time analytics i.e. Predictive and

Prescriptive Analytics. Predictive Analytics is used to make

predictions about unknown future events where as Prescriptive

analytics is used to find the best course of action for a given situation

(1] [2] [8]-

Stream 10T Analytics deals with batches or streams of loT data with

none or moderately high time constraints (e.g. Environment data

Analytics) [1][2][8]

Different predictive analytics Algorithms are found in the literature

and are broadly categorized based on designer’s perspective of the

algorithm and objective function used.

1. Multiple Linear Regression(LR) [13]-Multiple Linear Regression

is a very simple approach for predicting a quantitative response Y on

the basis of multiple predictor variable Xp.In general, suppose that
we have p distinct predictors. Then the multiple linear regression
model takes the form

Y = B0 + BIX1 + B2X2 + -+ BpXp + ¢

2. Random Forest(RF) [21]- Random forest is an ensemble learner
used for classification, regression and other tasks, which build by
constructing multiple of decision trees at training time and
outputting the class that is the mode of the classes (classification) or
mean prediction (regression) of the individual trees.

3. Support Vector Machine(SVR) [22]-It is a supervised learning
model that analyzes data for classification and regression. In SVM
model, each example is considered as points in space so that the
examples of the separate categories are divided by a clear gap that is
as wide as possible. It not only perform linear classification but also
efficiently perform a non-linear classification usingkernel function,
implicitly mapping their inputs into high-dimensional feature spaces.
4. Gradient Boosting Machine(GBM)[14] [15] [23]is a collection of
weak prediction models which produces an output.This boosting
model is built in steps and it generalizes them by allowing
optimization of an arbitrary differentiableloss function.

5. Extreme Gradient Boosting Machine(XGBM) [24] -- XGBM s
widely used by data scientists to achieve state-of-the-art results on
many data mining challenges. It is proposed to build a novel
sparsity-aware algorithm for sparse data and weighted Quantile

sketch for approximate tree learning. It provides insights on cache
access patterns, data compression and sharping to build a scalable
tree boosting.

3. Implementation Details

3.1 Experimental Setup

An experiment was designed and implemented for studying and
analyzing statistical models using R programming tool. It consists of
the process of creating the design and collecting the data, shows how
to perform the proper analysis of the data, and illustrates the
interpretation of results. Different R packages including “caret” has
been installed to complete the experiment. It is one of the most
powerful packages for machine learning algorithms in R.

3.2 Case Study

Appliances energy prediction Data Set from UCI library is used for
experiment [16]. The data set consist of data collected over period of
4.5 moths for every 10 minutes. The data collected from temperature
and humidity sensor were monitored with a WSN. Each sensor node
is configured to read and transmit temperature and humidity reading
about every 3.3 minutes averaged over 10 minutes’ duration. The
energy data was logged every 10 minutes with m-bus energy meters.
The nearest weather station data was also integrated from public data
set from Reliable Prognosis and merged together with the
experimental data sets using the date and time column.

3.3 Parameters Used for Analysis

Different parameters are used evaluation of models. ForThe
precision of the model is very important from evaluation point of
view. Different Evaluation Measuresare used to compare different
algorithms [12].

1. RMSE(Root Mean Square Error)
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Where Yi is the actual measurement (energy consumption), ¥iis the
predicted value and n is the number of measurements.

4. Performance Analysis

The experimental results of various models are listed below with
their inferences.
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4.1 Multiple Linear Regressions

Figure 1 shows residual plot for the linear regression model. It is
obvious that the relationship between the variables and energy
consumption of appliances is not well represented by linear model
since the residuals are not normally distributed around the horizontal
axis. The result analysis shows that this is not a good model for
modelling of data

Agstances Energy Corsunption

Figure 1: Linear Regression Model
4.2 Support Vector Regression

Figure 2 shows SVM with radial kernel used for regression (also
called as SVR) is used. The SVR model requires two tuning
parameters sigma and cost variables besides predictors. The result
analysis shows that this is a good model for modelling of data.
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Figure 2: Support Vector Regression Model
4.3 Random Forest Regression

Figure 3 shows random forest model which is a Tree-based model
used output of several regression trees. However, each tree is built
with a random sample of selected predictors. The result analysis
shows that this is not a good model for modelling of data.
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Figure 3: Random Forest Regression Model

4.4 Gradient Boosting Machine

Figure 4 shows GBM model which is based on Boosting try to
improve the prediction by using information from the first trees and
also require the selection of optimal parameters for the number of
trees and maximum tree depth. The result analysis shows that this is
a good model for modelling of data.

M Fiwm Dvntt

BT

Pewssresy durmnn

Figure 4: Gradient Boosting Machine Model
4.5Extreme Gradient Boosting Machine

Figure 5 shows extreme GBM model based on boosting which is
very innovative and recent algorithm of prediction. It is found to be
best for the given data set but training time is very high. The result
analysis shows that this is a very good model for modelling of data.
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Figure 5: Extreme Gradient Boosting Machine Model
4.6 Comparison of All Models

The comparison of all the models test error is listed in the figure 6.
The best model is selected based on lessSRMSE and high R-squared
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value. It is found

models.

that XGBM has performed better than other
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Figure 6: Comparison of all models error

5. Conclusion

The various predictive models (LR, SVR, RF, GBM and XGBM)
have been implemented using R language. The comparative study of
these models is carried out on energy prediction Data Set from UCI
library with the goal to identify models that produces better
estimates of energy prediction based on different parameters. The
parameters such as RMSE, MAE, R-squared and MAPE are used for
comparative statistics. The result shows curious relationship between
variables.It has less RMSE and high R-squared value which
indicates it has captured high variability in the data.

The study shows that models developed are not perfect and needs
optimization for better prediction. The future work includes
considering hybrid model which could be useful to improve the
prediction and find relationship with different features. The existing
loT data analytics solutions are still in the early stage of
development and hybrid data modelling may provide accurate
insight which is swiftly becoming the mainstream.
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