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ABSTRACT 

In this paper, we present a set of experiments to compare the 

performance of machine learning algorithms for the prediction of 

human actions in a smart home environment. These experiments 

use data from the MavPad dataset which was gathered from a 

real-world environment and tracks the activities of an individual 

over a 49-day period.  We investigated the use of single and 

multiple groups of sensors for prediction and employed four 

different machine learning approaches with both accuracy and 

execution time performance used for the comparisons.  The results 

showed that a group of seven sensors produces the most accurate 

results and that the Support Vector Machine approach was more 

accurate over all combinations of input data.   

CCS Concepts 
• Computing methodologies➝Supervised learning by 

classification • Human-centered computing➝Ubiquitous and 

mobile computing systems and tools • Computing 

methodologies➝Classification and regression trees • 

Computing methodologies➝Agent / discrete models 
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1. INTRODUCTION 
The concept of a smart home first appeared in the United States. 

A smart home is an example of an efficient, safe, convenient, data 

collecting system coupled with many services, such as data 

manipulating, a communication system and device automation [1]. 

Therefore, smart homes become an environment that possesses 

ambient intelligence and automatic control [2-3]. The smart home 

is the concentrator and disseminator of information and services 

which assigns smart homes as a basic unit of smart cites covered 

by Internet of Things (IoT) network and principles [4-5]. Even 

though most of these services already satisfy many individual’s  

needs, the improvement of humans' living standards encourages 

people to employ a home automation system. Galvin [6] said that 

“The more complex the operating system is, the more it is 

expected to do on behalf of its users.” Similarly, a smart home 

system must be built with capabilities for predicting what the user 

intends to do in such an environment. In addition, the system must 

be adaptable and dynamic with an optimized interface to provide 

the desired quality of services. Therefore, the important target of a 

modern smart home architecture is the monitoring and prediction 

of a user’s interaction with physical devices in the home. This can 

be accomplished through the use of an intelligent agent, as shown 

in Figure 1, which can predict a user’s future actions, based on 

past events. 

Researchers have developed and enhanced a range of different 

strategies for improving the Smart home. In 2013, Reaz, et al. [4] 

proposed a framework that uses reinforcement algorithms to 

predict a user’s next action. Other papers propose a solution based 

on Artificial Neural Networks (ANN) and a priori algorithms that 

support user preferences depending on the current context [7]. 

Different techniques in time series prediction such as Evolving 

Fuzzy Predictor (EFP) model along with Auto Regressive Moving 

Average (ARMA) model, Adaptive-Network-based Fuzzy 

Inference System (ANFIS) were investigated [8]. Most of this 

research proposed to optimize the energy consumption in addition 

to enhance the convenience of stakeholder’s daily life. 

The goal of this paper is to study the power of static classifiers via 

comparing a range of Machine Learning Algorithms (MLA) that 

can be used to accurately predict user interactions with 

components in a Smart Home. Prediction accuracy and time 

consumption measurements have been used to compare and 

evaluate the performance of the MLAs. These experiments 

include the well-known Naïve Bayes (NB), Support Vector 

Machine (SVM) and Random Forest (RF) techniques, which are 

applied to a real world data set called Mavpad [9]. 

The remainder of this paper is organized as follows. In Section 2 

we present an overview of our Smart Home environment and 

Section 3 lists the Machine Learning approaches we used for our 

experiments. Section 4 presents our experiments using the 

Mavpad data set, which was collected from a real-world 

environment. Section 5 discusses the results and highlights the 

differences when using the different MLAs. In Section 6 we 

present our conclusions. 
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2. AN OVERVIEW OF OUR SMART 

HOME ENVIRONMENT 
Our research is leading to a synergic and integrated system we 

call the “BUTLER” which will coordinate and control sensors and 

devices within a smart home environment with the goal of 

satisfying the user’s requirements and real time behaviors. We 

divide the system into eight subsystems, as shown in Figure 1. 

Each subsystem communicates with the BUTLER’s Intelligent 

Agent (IA) layer, which monitors data from the sensors and 

coordinates the interactions between humans and devices. There 

are a number of specialized nodes that act as agents to interface 

the IA with each of the sensors and devices at home. Each agent is 

responsible for communication with its related subsystem, 

communications with the BUTLER’s Intelligent Agent (IA) and 

reporting device status or passing commands between the IA and 

the devices. The agent can also filter the data collected via the 

subsystem and either send the information to the Intelligent Agent 

or send data directly to a storage agent which connected to a 

cloud-based database for long term storage and further analysis. 

 

 

Figure 1. The BUTLER architecture design. 

 

Predicting user behavior requires data collection and 

preprocessing before the system can learn how to produce the 

outputs the user intends for each individual activity. The 

following section discuss the phases that would be followed by 

the BUTLER to work in an automatic mode of operation.  

2.1 Automatic Mode of Operation 
Learning and implementation of the user’s behavior patterns 

follows a procedure that begins with data collection and ends with 

action implementation. Figure 2 shows the flow chart that would 

be followed to produce an automatic mode of operation. This 

requires three phases: Initialization Phase, Learning Phase, and 

Action Phase, as discussed briefly in the following subsections. 

2.1.1 Initialization phase 
The initial system parameters are configured when the BUTLER 

is installed in the smart home and are based on interviews with the 

owner regarding their estimate of future behavior. This simplifies 

system startup and provides the BUTLER with reference points 

when it begins the learning phase.  

2.1.2 Learning phase 
This phase consists of four essential steps that begin with 

collecting the status for each physical node from all the subsystem 

agents in the IA local memory. The next step is to analyze and 

aggregate the information that comes from the agents using some 

feature extraction, context processing and context management. 
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Figure 2. Automatic mode of operation flow chart 

 

The decision step makes use of decision theory to generate the 

hypothesis for current inputs as discussed in Section 3. The 

hypothesis here represents the target function that the IA wants to 

model for the input information. If this hypothesis is new for the 

IA, then the IA should wait for the user to take an action. After 

this step, the IA can build or generate a new rule to use in the 

future for the same hypothesis. If the current hypothesis is similar 

to a hypothesis that exists in the local memory, then the IAs action 

depends on the user’s preconfigured state. 

The learning phase creates a set of rules for the BUTLER to use 

when implementing the actions that satisfy the user’s 

requirements. The methodology for building new rules comes 

from tracking the user’s behavior, which is gathered from sensors 

in the surrounding environment, and employing machine learning 

techniques to develop new rules to use in the automatic mode. 

Each new rule is added to the set of initial rules to control the 

system on behalf of the user. Input to the machine learning 

techniques comes from sensor data that monitors the user’s 

location and activities and the status of actuators (device controls) 

which represent the user’s normal actions during the learning 

phase. For example, when the user enters a room and turns on a 

light switch, a rule is created that associates the sensor data for the 

user entering the room with the action of turning on the light. 

2.1.3 Action phase 
In this phase, the IA performs actions by using the applicable rule 

or the predicted output for a current state. This action is 
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represented by the “Act” block in Figure 2. The last block (labeled 

“Adapt”) indicates that the IA is able to modify the rules created 

during the Learning Phase when the user decides to change 

behavior patterns. These updates are usually due to the BUTLER 

observing a persistent change in the user’s behavior from the rules 

created for a certain combination of input sensor data. This feature 

allows the BUTLER to support changes within the smart home 

such as the presence of a guest or changes in weather conditions. 

3. MACHINE LEARNING ALGORITHMS  
As described in Section 2, the BUTLER will gather data from 

multiple sensors and monitor the state of devices and then use 

machine learning techniques to create rules for implementing the 

user’s desired behaviors. In this section, we list several machine 

learning algorithms which are candidates for implementation in 

the BUTLER system. In the next section, we will describe the 

experiments we performed to evaluate the accuracy and 

performance of each of these algorithms.  

In our experiments, a MATLAB program was used to convert the 

source data from (.data) file to (.mat) matrix file after filtering the 

noise in the original file. Then we use MATLAB functions to 

implement the following machine learning approaches. 

The Naive Bayes (NB) approach is a commonly-used probabilistic 

classifier [10]. Both the Multinomial (mn) and Multi-Vibrate 

Multinomial (mvmn) distributions were used in our experiments. 

A Support Vector Machine (SVM) is a supervised machine 

learning algorithm which classifies data by dividing points by 

using hyperplanes [11].  

The Random Forest (RF) approach performs classification by 

constructing decision trees [12]. 

4. EXPERIMENTAL DESIGN 
In this section, we describe the experiments used to determine the 

optimal machine learning technique to use for building rules 

during the Learning Phase. Our experiments used the MavPad 

dataset [9] as input. The MavPad data was collected by observing 

an individual living in an apartment, thus it consists of 

observations of human activities in a real environment. The 

apartment consists of a living/dining room combination, a kitchen, 

a bathroom, a large bedroom, and a walk-in closet. There were 

127 nodes of sensors and actuators in the environment. The 

dataset was collected over 49 days, which represents seven weeks. 

A separate data file for each day was recorded by the system. In 

each file, there is one sensor event on each line of the data file and 

the event syntax is represented by date, time, zone number, state, 

level, and source information. The first row consists of the names 

of each node and the other rows contain the status values for each 

node. We used MATLAB to process the data by removing 

unnecessary details. After filtering the noise, we converted all 49 

data files to one Matlab matrix file called (OP49DAYS.mat). This 

file contains 86 columns that represents the status of the sensors, 

referred to as predictors. These will be represented by Input 

Vector X in the equations that follow. In addition to the predictors 

there where 41 columns which represent the actuator’s values or 
the output (Vector Y). For example, there were more than 

(73*103) rows or events for the first day alone and more than 

(4*106) rows of information for seven weeks. Each row has a 

status value for each node type which represents a predictor value 

or an attribute in a certain time. After data conversion process we 

applied the machine learning algorithms, listed in Section 3, to 

predict the next user action in the environment. 

5. RESULTS 
The MavPad dataset has 86 sensors and 41 actuators which are 

distributed across the entire apartment. We factorize a binary 

observation vector as Xt = (x1t, x2t, . . .,x86t ) for the sensors. 

Actuators are represented by the status of each actuators at a 

certain time t, so it is denoted with Yt ∈ {1, . . . ,Q} for Q possible 

states. To investigate the performance of the machine learning 

algorithms that have been used in our experiments, we chose to 

study the behavior of a user in one zone (Bathroom Zone) in this 

apartment. Table 1 presents the node’s information inside the 

bathroom.  

Table 1. The Sensor and actuator node details from the 

Bathroom Zone that were used in our experiments. 

No. 
Node 

Type 

Node 

Label 
Node Name 

Status 

Value 

1 Sensor V21 
Motion sensor on ceiling 

over toilet 
0/1 

2 Sensor V22 
Motion sensor on ceiling 

over shower 
0/1 

3 Sensor V23 
Motion sensor on ceiling 

over bathroom door 
0/1 

4 Sensor S137 
Light, east wall. Facing 

into room 
Cont. 

5 Sensor S138 
Heat, east wall. Facing 

into room 
Cont. 

6 Sensor S139 
Humidity, east wall. 

Facing into room 
Cont. 

7 Sensor S140 Reed switch over door 0/1 

8 Actuator B5 Light over mirror 0/1 

9 Actuator B6 Fan on ceiling. 0/1 

10 Actuator B7 Shower light over shower 0/1 

 

In our experiments, we used four different groups of sensors to 

predict the user’s action. The first case uses one motion sensor 

(labeled V23), the second case uses three motion sensors (labeled 

V21, V22, V23), while the third case uses all seven sensors inside 

bathroom zone (labeled V21, V22, V23, S137, S138, S139, S140), 

and finally the fourth case which uses all 86 sensors in the whole 

apartment sequentially. Moreover, the predicted action represents 

an actuator in bathroom zone labeled in (B5) to turn the lights 

over the mirror ON or OFF. So, for each day, four cases that use a 

different number of sensors were taken as input variables to 

predict the user’s action.  

In our experiment, we decide to take the first week (Days 1-7) as a 

training dataset for all the machine learning algorithms and each 

individual day of the second week (Days 8-14) as test data.  

5.1 Comparison of Machine Learning 

Algorithms 
In this investigation, we seek to compare the machine learning 

algorithms to determine their accuracy and relative execution time 

for the prediction process. Towards that goal, we determined the 

accuracy and execution time for each combination of input 

sensors (using 1, 3, 7 or 86 inputs) as processed by each of the 

machine learning techniques. Table 2 presents the average 

accuracy values for each grouping of sensors and for each 

algorithm. The best average results for each case are shown in 

bold type in Table 2.  

56



Figures 3 through 6 show the accuracy results for each individual 

day of test data (Days 8-14) for each of the MLAs. In Figures 3 

and 4, which represent case 1 and case 2, the results show the 

daily accuracy values with an average above 87% for Days 9 to 14 

for all algorithms. Day 8 is observed to be an outlier which 

produces an accuracy of approximately 50%. 

In Figure 5, the third case (with 7 sensors) shows high accuracy 

for three of the algorithms, whereas the Multi-Vibrate 

Multinomial distribution result produces greater variability than 

the other algorithms over the whole 7 days of testing data. We can 

also see that the best performance is produced by using SVM with 

average accuracy value of (99.8), as shown in Table 2.           

Table 2. The MLAs that used with four accuracy averages 

values in weekly basis for each individual module. 

 Case 1 

-one 

sensor 

Case 2 

-three 

sensors 

Case 3 

-seven 

sensors 

Case 4 

-All 86 

sensors 

NB(mn) 88.7 87.6 98.6 18.2 

NB(mvmn) 89.0 87.6 81.7 82.3 

SVM 87.5 87.6 99.8 82.3 

RF 87.5 87.6 97.5 98.2 

 

The fourth case (with 86 sensors) is shown in Figure 6 where the 

Naïve Bayes approach, with multi-nominal distribution, produced 

the lowest accuracy. Meanwhile, moderate accuracy results are 

produced using NB multi-vibrate multi-nominal distribution and 

SVM. Finally, higher accuracy (98.2%) is achieved by using the 

Random Forest technique. 

By examining and comparing Figure 5, which uses all of the 

sensors inside the bathroom zone, and Figure 6, which use all of 

the sensors in the apartment, we recognize the importance of 

dividing the environment into several zones to get a higher 

accuracy with an acceptable time of prediction this conclusion is 

discussed in the following paragraphs. 

Figures 7-10 show the execution performance for each approach 

with the four different groups of sensors. Both case 1 and case 2 

show a similar result with average times less than 100 msec, 

which is marked with a cross. 

In Figures 7 and 8, we see that the average execution time for 

SVM was greater than for RF, when the outlier result (day 8) is 

included. However, Figure 9 shows that increasing the number of 

input sensors causes RF to take longer than SVM. Since the 

quality of prediction is greater (Figures 3, 4, 5) when 7 sensors are 

used than when only 1 or 3 are used, SVM produces a better 

balance between prediction and performance than RF. 

A reasonable conclusion from these experiments is that when 

more sensors are engaged as predictors, more time is needed to 

predict the user’s preferred output. However, with the Naïve 

Bayes and SVM approaches, the prediction results are less 

accurate with all sensors than with fewer sensors.  Only the RF 

approach consistently improved in prediction accuracy as the 

number of sensors increased.  Further study is needed to 

determine what characteristic of the Random Forest algorithm 

leads to this result. 

6. CONCLUSIONS 
Our results show several significant contributions. Our 

experiments show that the SVM algorithm produced the most 

consistent results across all combinations of input sensor and days 

of data and also had acceptable execution times. 

The results from these experiments also indicate that the third case 

(seven sensors as input variables) produces the best results for 

most of the algorithms. The poor execution performance and 

lower accuracy when using all sensors does not justify including 

any sensors outside of the bathroom area. and fewer than seven 

sensors do not produce good results with any algorithm. 

Therefore, we have demonstrated that dividing the smart home 

environment into local zones provides two useful outcomes: using 

only local sensors provided better prediction and reduced the 

execution time of prediction for each machine learning algorithm. 

 

Figure 3. Daily accuracy values due to using one sensor. 

 

 

Figure 4. Daily accuracy values due to using three sensors. 
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Figure 5. Daily accuracy values due to using seven sensors. 

 

 

Figure 6. Daily accuracy values due to using all 86 sensors. 

 

 

 Figure 7. Execution time for each of the machine learning 

algorithms using one motion sensor in the bathroom.  

 

Figure 8. Execution time for each of the machine learning 

algorithms using three motion sensors in the bathroom. 

 

 

Figure 9. Execution time for each of the machine learning 

algorithms using seven sensors in the bathroom. 
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Figure 10. Execution time for each of the machine learning 

algorithms using all sensors in the apartment. 
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