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1 INTRODUCTION 

Nowadays, buildings are considered to be the largest consumers of energy. In the United 

States, the US Department of Energy estimates that 70% of electrical energy is consumed by 

buildings in the US [1]. The largest portion of this energy is used by heating ventilating and air 

conditioning (HVAC) systems to maintain a comfortable temperature in these buildings. The 

HVAC systems use 50% of the energy that is consumed by commercial and residential buildings 

[2]. Moreover, the ineffective use of heating and cooling systems causes a large amount of wasted 

energy, which is estimated about 39% inside residential buildings [3] . So, with all the efforts that 

have been put forth by governments, researchers, and organizations from around the world to find 

different resources for energy and to reduce wasted energy, it is important to focus on the large 

amount of energy that is wasted by HVAC systems and try to find solutions. Many companies are 

trying to find ways to reduce this this 40% of wasted energy. However, this paper will show that 

current solutions are insufficient. 

The problem with current HVAC systems is that they depend on one thermostat. As it is 

known, the thermostat is responsible for controlling the HVAC system; thus, when the temperature 

reaches the previously specified comfort degree, the thermostat shuts down the HVAC system. 

Before exploring the problem of current HVAC systems, it should be clear that when the 

thermostat pauses the HAVC system, the air temperature maintaining process stops completely in 

all the rooms of a building. To make an analogy, controlling the HVAC system with one thermostat 

is comparable to controlling lights in all the rooms in a building with one switch key. This way of 

controlling causes problems in adjusting all the rooms or a specific room to a specific temperature 

degree because not all the rooms are in the same direction relative to the sun. In addition, the 

differences in the isolation of the rooms may vary. For instance, the hot air always goes up; that is 

why the second floor in a house feels warmer than the first floor in the summer. The second 
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problem is that current HVAC systems waste energy because not all of the rooms in a house are 

occupied all the time. Indeed, many rooms in a house are seldom used while the HVAC systems 

run and waste energy to maintain the temperature and humidity. Moreover, the different positions 

of rooms in a house cause different temperatures inside these rooms. So, some rooms are warmer 

or cooler than others, requiring a different amount of air flow coming from the heating and cooling 

systems to maintain the temperature. 

Nowadays, there has been a move to control things from far away via internet, which is 

called Internet of Things (IoT). HVAC systems have also entered the area of IoT where some 

people are now able to turn off or set up their thermostat easily by using an application on their 

smartphones connected to the internet. This is one of the solutions that has started recently which 

aims to reduce wasted energy by making it possible for homeowners to control the thermostat in 

their houses. For instance, once nobody is in the house, one of the family members can turn the 

HAVC system off or set the comfort temperature, so the system pauses earlier and does not 

continue to run in an attempt to maintain the temperature, thus reducing the amount of wasted 

energy. While this solution solves part of the problem, we still have the problem of one thermostat 

controlling all the rooms. 

We need a distributed HVAC system where every room is controlled individually instead 

of one fixed system with one thermostat. In this thesis, I propose a smart sensor-based distributed 

system which identifies a person in a room and sets the temperature in the room according to the 

person’s preferences. The temperature in each room is maintained individually by controlling the 

vent/s in the room. This thesis is focused on the identification part and how the data collected by 

the sensors are processed. The result we obtained after completing the experiment shows that the 

proposed system can be more than 90% accurate in identifying the persons successfully.   



3 

 

The rest of this paper is organized as follows. Section 2 shows the related work and the 

currently available solutions to the presented HVAC systems’ problems.  The hardware used to 

collect the data and building the system with all the algorithms that are used in the system are 

presented in section 3. Section 4 presents the system design and how the system is framed. The 

experiment that has been completed to test the proposed system in identifying the persons is 

presented in section 5. Finally, the conclusion with the recommended directions for the future work 

is presented in section 6. 

2. RELATED WORK 

 In this thesis I have two motivations: one is reducing the consumed energy by the HVAC 

systems, and the other to make the system smart by making it recognize the persons. In this section 

I am going to present the previous related work that will be split into two aspects: the first aspect 

is energy consumption and the second aspect is human recognition. 

2.1 Energy Conservation  

 Recently, we can find smart devices, such as smartphones, smart watches, and even smart 

cars, everywhere around us. The smart house idea has become widely interesting among many 

companies and an active research area, where the devices inside the houses have been changed by 

many companies, so we have smart televisions, smart vacuum cleaners, and smart bulbs. The idea 

behind the smart home is to mix new technology with the devices that people already have in their 

houses to make life easier. For the purpose of making HVAC systems more smart and beneficial, 

specifically reducing the consumed energy, many companies have started developing devices to 

make the heating and cooling systems smart and more economical.  
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2.1.1 Nest Thermostat   

 In late 2011, the first smart thermostat was introduced in the market under the name Nest 

thermostat [4]. The Nest thermostat gained a lot of attention in the media since it was the first 

smart learning thermostat after about sixty years from the first appearance of the programmable 

standard thermostat [4]. The Nest has a screen display that allows users to navigate through a menu 

by pushing the screen. The screen is surrounded by a dial that is used to set the temperature [5] 

(see Figure 1). In October 2012, the Nest appeared again with new features that allow the user to 

program it via a web-based application with the ability that Nest thermostat learns from the 

temperature settings changes that users make. Then, the Nest generates a schedule and programs 

itself accordingly [4-6]. Nest company promises that the schedule that the thermostat generates for 

the temperature settings guarantees a comfort temperature and less energy wasted [5, 6]. The Nest 

has an included motion detection sensor that senses any person’s movement [4]. If the Nest does 

not get any sign of occupancy in a place for two hours, it automatically turns on the Auto-way 

mode where it sets the temperature to a user-defined point to stop the heating and cooling of an 

unoccupied place. 

 

 

Figure 1 Nest thermostat, the picture is from Nest website. 
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2.1.2 Smart Vents 

 In the last two years companies, such as Keen Home, introduced smart vents that can 

control the air flow in each room and try to balance the temperature degree between rooms [7]. 

The Keen smart vents can be controlled by an application that can be installed on a smartphone 

[7]. 

2.2 Human Recognition   

 Determining a person’s identity is not a new problem; it has been available for years and 

many solutions based on different concepts have been produced to solve this problem [8]. The first 

solution for the authentication is based on the “possession,” which represents any object that 

proves the person’s identity, such as identity cards, documents, and keys. [8]. We can see the first 

type of identity authentication applied in many places, such as universities where students have 

IDs or airports where passports are used to prove passengers’ identities. The second type depends 

on the “knowledge,” where a person must remember information that proves their identity, such 

as passwords or PINs. [8, 9]. This way is used in many areas; for instance, passwords are used in 

almost every account login process for authentication purposes. The third type of authentication is 

called “biometric” where the roots of this word are bios and metron which are two Greek words 

translated to life measurements [8, 10]. The biometric-based type of human recognition depends 

on biological characteristics or features of a human being, making this way better than the other 

two ways where the identification documents or knowledge could be lost or forgotten [8]. There 

are many examples of biometric human recognition that are applied on a daily basis; for instance, 

fingerprint-based identity authentication has been widely used in recent smartphones and laptops. 
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3. BACKGROUND 

 In this section, I will present all the parts that were used to build the proposed system and 

give a general explanation about them. This section will be split into two subsections: the hardware 

and the algorithms and methods. 

3.1 Hardware 

 There is more than one hardware device used to build the proposed system, including 

sensors and microcontrollers. 

3.1.1 Ultrasonic sensors  

 There are many different models of ultrasonic sensors where the differences are in the 

properties and the measurement ranges. The one that was used in the designed system is HC-SR04 

Ultrasonic Module (see Figure 2). The ultrasonic sensor generates the ultrasonic wave, which is 

the sound wave out of the range of the human ability of 20 KHz [11]. 

 

Figure 2 HC-SR04 ultrasonic module [11]. 

This type of ultrasonic sensor provides a non-contact of distance measurement ranging from 2cm 

to 400cm with 3mm± accuracy [11, 12] (see Table 1 for more information). 

Table 1 Information on HC-SR04 Ultrasonic Module. 

Product Features 

Stable performance, Accurate distance measurement, High-density, Small 

blind. 

Application Areas Robotics barrier, Object distance measurement, Public security. 
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Module pins definitions VCC : 5V power supply, Trig : Trigger pin, Echo : Receive pin, GND : 

Power ground. 

Electrical parameters 

Operating Voltage (DC) : 5V, Operating Current : 15mA Operating, 

Frequency : 40KHz, Farthest Range : 4m, Nearest Range : 2cm Measuring, 

Angle : 15, Degree Input Trigger Signal : 10us TTL pulse. 

 

The measurement process starts after setting the trigger pin and the echo pin to low as the module 

initializing settings [11]. The measurement process starts by sending at least a 10u pulse to the trig 

pin, causing the module to send an ultrasound wave at 40kHz [11, 12]. The echo port is waiting to 

capture any reflected echo of the pulse while a timer is counting the time between sending the 

pulse and capturing its echo back after it hits an obstacle [11] (see Figure 3) . After the echo port 

captures the echo of the pulse, the distance between the sensor and the object can be calculated 

using the equation below [11, 13].   

Test distance = (high level time * ultrasonic spreading velocity in air) / 2         (3.1) 

 

Figure 3 Functionality of ultrasonic sensor [11]. 

 The accuracy of measurement is affected by many factors. Firstly, the distance between the 

sensor and the obstacle must be in the range of 400cm [12]. Secondly, if the signal is reflected on 

a surface with a wide angle, the returned signal will not be captured by the echo port [12]. Finally, 

an object that is too small will not reflect the sound back to the sensor [12]. 
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3.1.2 Arduino 

 The Arduino is an open source hardware platform that allows the programmers to write 

code and develop software for different purposes [11]. While there are several types and models 

of Arduinos, all of them can make computers more attached to the physical world by giving inputs 

to computers from the physical environment via sensors and different types of switches [11]. The 

Arduino that is used in the design of the proposed smart HVAC system is the Yun module, (see 

Figure 4),  which has a Wi-Fi connection, USB-A port, and twenty input/output pins [14]. The 

Arduino Yun module is based on the chip ATmega32u4 and the processor Atheros AR9331 which 

can process the data coming from the input pins and send the result to the output pins in real-time 

[14]. Arduinos have been used in many applications due to their low cost, their capabilities of 

delivering a variety of inputs to the computer, and their ability to control other external devices 

like motors [11, 14]. There is a free IDE where programmers can develop their software and easily 

upload it to the Arduino and run it or synchronize the Arduino with the host computer to run the 

software inside the computer  [11, 13]. The Arduino can be powered by the USB port or an external 

power source [11]. 

 

Figure 4 Microcontroller Arduino YÚN [14]. 
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3.2 Algorithms and Methods  

 There are several algorithms and methods for processing the data that are used to 

determine a person’s identity in the proposed HVAC system. The rest of this section gives 

background knowledge about these algorithms and methods. 

3.2.1 Linear Regression 

 Linear regression is a statistical method that aims to find and model the relationship 

between variables [15]. Linear regression can be simple where there is one independent variable x 

that affects the outcomes of hypothesis linear function h given below [15, 16]: 

ℎ(𝑥) = 𝜃0 +   𝜃1𝑥 +  Ɛ                                                                      (3.2)  

 The x represents the independent variable that has a relationship with the dependent 

variable y while 𝜃0 is the interceptor and  𝜃1  is the slope, which both are unknown values. The  Ɛ 

is a random error component where it is a value assumed to be zero [15, 16]. 

 The second version of linear regression is called multiple linear regression (MLR) where 

the number of independent variables is larger than one. The MLR aims to find the relationships 

between the independent variables (𝑥1,  𝑥2 . . .. 𝑥𝑛) and the dependent variable h and can be given 

in the equation below [17]:  

ℎ𝜃(𝑥) =  𝜃0 +  𝜃1𝑥𝑖1 +  𝜃2𝑥𝑖2 + ⋯ +  𝜃𝑛𝑥𝑖𝑛 +  Ɛ𝑖  , 𝑖 = 1, 2, … , 𝑘          (3.3)               

Where the n is the number of the independent variables. 

To simplify, we can assume that 𝑥0 = 1, so, we can rewrite the equation 3.3 as follows:   

                                            

ℎ𝜃(𝑥) = ∑ 𝜃𝑖𝑥𝑖

𝑛

𝑖 =0

                                                                  (3.4) 

Where the n is the number of the independent variables excluding 𝑥0. 



10 

 

The essential goal of linear regression is to find a straight line that passes through most of 

the data, so y can be estimated based on x [16]. The Least Squares Method is widely used to find 

the intercept 𝜃0 and slope regression parameters 𝜃1−𝑛 that determine this line [16]. The goal in 

finding the unknown coefficients 𝜃 is to reduce the square error or the cost which can be calculated 

by the cost 𝑗(𝜃), so that [18] 

𝑗(𝜃) =
1

2𝑚
∑(ℎ𝜃(𝑥(𝑖)) −  𝑦(𝑖))

2
𝑚

𝑖=1

                                                  (3.5)     

The parameters  𝜃 for the model can be estimated by using the gradient descent algorithm 

to minimize the cost calculated by equation (3.5) [18]. In the beginning, the parameters 𝜃 are set 

to initial values, then the gradient decent algorithm will update the parameters 𝜃 in each iteration 

until convergence by using the equation below [18]:  

𝜃𝑗 ∶=  𝜃𝑗 −  𝛼
1

𝑚
∑(ℎ𝜃(𝑥(𝑖)) −  𝑦(𝑖)) 𝑥𝑗

(𝑖)
                                            (3.6) 

𝑚

𝑖=1

 

        Where 𝜃𝑗 is updated simultaneously for all j’s. 

3.2.2 K-means Algorithm  

Clustering problem is the process of dividing a set of data into subsets based on 

relationships or properties, and these subsets are called clusters [19]. K-means is a clustering 

algorithm that was published for the first time in 1955, and since then hundreds of clustering 

algorithms have been produced; however, the K-means algorithm is still widely used in many areas 

[20]. The goal of the K-means algorithm is the same goal of all clustering algorithms: try to divide 

a set of data into groups based on relationships between the data [20, 21].  
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For instance, suppose we have a set of data S that has n objects and we want to partition 

the data set S into k clusters, 𝐶1, … , 𝐶𝑘, where 𝐶𝑖 ⊂ 𝑆 𝑎𝑛𝑑 𝐶𝑖 ∩ 𝐶𝑗 = ∅ 𝑓𝑜𝑟 (1 ≤ 𝑖, 𝑗 ≤ 𝑘, 𝑖 ≠ 𝑗) 

[19]. 

Assigning any object p in the set S to any cluster to say that (𝑝 ∈ 𝐶𝑖) is always 

implemented by measuring the distance between the object p and the centroid point of a cluster 

(the mean of the cluster); then p is assigned to the cluster where its centroid point is the nearest to 

the point p [19, 21]. The quality of a cluster can be measured by the sum squared error between all 

the objects in a cluster 𝐶𝑖  and its centroid point 𝑐𝑖 which can be calculated using the equation 

below [19]: 

𝐸 = ∑ ∑ 𝑑𝑖𝑠𝑡(𝑝, 𝑐𝑖)
2 

𝑝 ∈ 𝐶𝑖

                                                            (3.7)

𝑘

𝑖=1

 

Where E represents the sum squared error for all objects in the data set; p is the point in a space 

representing a given object; and  𝑐𝑖 is the centroid point of the cluster 𝐶𝑖. In other words, the 

distance between each point in a cluster and the centroid point of the cluster is squared, then the 

result is summed for all the clusters [19].   

The K-means algorithm requires two parameters to be implemented: first, an integer 

number k which represents the number of clusters; second, the data set that will be partitioned into 

k groups [20]. 
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Figure 5  The procedure of 𝑘-means algorithm  [19]. 

 The algorithm starts by selecting k random points from the data set S and assuming that 

each point represents the mean of a cluster. Then, the algorithm assigns all the objects in set S to 

one of the clusters based on the distance between the object and the means of the clusters. Then, 

the algorithm recalculates the new mean of each cluster and updates the center of the clusters. The 

algorithm iterates on the last two steps until no change happens where the converge occurs and the 

algorithm stops. The output of this process is a set of K clusters (see Figure 5). 
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3.2.3 Elbow Method 

 Clustering is a basic technique in the statistical data analytics which aims to divide a set of 

data into clusters [22]. Most of the algorithms that are used for clustering require determining the 

number of clusters before starting the clustering process [23, 24]. Determining the number of 

clusters for the clustering algorithms can be a challenge since it requires prior knowledge of the 

data set that needs to be clustered [23, 24]. Moreover, clustering has been used in many fields, 

such as biology, psychology, and economics [23], so, that makes it difficult for the end user to 

determine the number of clusters k, thus requiring an expert in that specific field. However, there 

are many methods that try to find the optimal number of clusters in a data set, such as rule of 

thumb, Information Criterion Approach and Cross-validation [23]. The elbow method is one of 

the algorithms that tries to estimate the number of clusters. The elbow method depends on the 

visual change in the cost with the change in the number of clusters [24].  

 Increasing the number of cluster K will always reduce the error or the cost function J [22]. 

The elbow method basically depends on the gap between the error values with the number of 

clusters. 

 

Figure 6 Identification of elbow point [23]. 
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 Basically, the idea of the elbow method is to start from 1 as the number of clusters and 

increase the number of clusters 1 at a time while calculating the error or the cost of J function,  

which can be calculated after the training process, for each cluster [23]. The error will decrease 

dramatically relative to the increase in the number of clusters k until it reaches the point where the 

change in the error becomes slow or the gap between the changes become small [23]. The point of 

the change in the gap of the error value represents the number of clusters that should be chosen 

[23, 24]. From Figure 6 we can see that the error value drops dramatically with respect to cluster 

1 and 2. After cluster 3 the change in the error value becomes small, so we can assume that the 

best number of clusters should be 3 as a parameter for the clustering algorithm. 

 

Figure 7  Ambiguity in identifying elbow point [23]. 

Using the elbow method does not always give results because in some cases it is hard to determine 

the elbow point or there is more than one elbow point (see Figure 7) [23]. 

3.2.4 K-Nearest Neighbor Algorithm 

 The K-nearest neighbor algorithm (KNN) is one of the classification algorithms which is 

widely used in pattern recognition and data mining with a low error rate[25-28]. The 

implementation of KNN algorithm is simple compared to the performance it produces, especially 
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with small training data sets [27]. In the beginning, the KNN algorithm requires a set of training 

data with a precise classification, and this data set can have multiple attributes that describe each 

instance [25, 27]. The KNN algorithm classifies a new instance by comparing it to the all instances 

in the training data set, aiming to find similarities between them, so the new instance will be 

classified in the same category with the most similar instance in the training data based on their 

attributes [25, 27, 29]. As a matter of efficiency, the KNN algorithm has a drawback when the 

training data set is big and contains more than one attribute because it needs to compare the test 

instance with all the samples in the training data set, which is a huge computational complexity 

[27, 29]. The samples in the training data set can be considered a vector, as represented below: 

𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛)                                                          (3.8) 

The distance between the new test sample q and all the samples in the training data set can 

be calculated many ways. Euclidean distance is the most well-known way to calculate the distance, 

and it is formulated as follows [25]:  

𝑑𝑖𝑠𝑡(𝑝, 𝑞) = √∑(𝑝𝑖 − 𝑞𝑖)2

𝑛

𝑖=1

                                                                (3.9) 

 The alternative way is Manhattan distance, as represented below: 

𝑑𝑖𝑠𝑡′(𝑝, 𝑞) =  ∑ |

𝑛

𝑖=1

𝑝𝑖 − 𝑞𝑖|                                                                      (3.10) 

4 SYSTEM DESIGN  

This section presents the design of the proposed smart HVAC system which will be split 

into two parts: the hardware platform design and the software design. The goal of building this 

system is twofold: one goal is to make the system smart by identifying a person and setting the 

temperature to the comfort degree of that the person set as the preference. The second goal is to 



16 

 

save energy by controlling the vent/s in each room. The whole process is aimed to be fully 

automated (see Figure 8). The system uses the sensors that are available in each room with the 

designed identification software to determine the occupancy in a room. If a room is not occupied, 

the vent-controlling system closes the vent/s in the unoccupied room to a certain degree which 

makes the air flow faster to the other occupied room/s, thus saving energy. However, if the room 

is occupied, the system uses the data collected from the sensors to identify the person/s currently 

available in the room; then, the system controls the vent/s to adjust and maintain the temperature 

according to the preferences previously determined by the person/s who is in the room.     

 

 

Figure 8 Smart HVAC system design. 
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This paper focuses on the smart recognition system and presents the complete identification 

process. By comparing the available solutions with the proposed solution, we find that the 

proposed system solves problems that other available solutions fail to solve. For example, the Nest 

has its own algorithm that can generate a schedule of the temperature settings based on the users’ 

settings. An experiment has been completed that shows that the Nest smart thermostat faces has 

difficulty creating a schedule for the temperature settings with all the different settings when there 

are many people living in a house [4]. The other problem is that with the Nest thermostat we are 

still using one thermostat that controls the whole HVAC system, so the HVAC system is still 

considered a fixed, not distributed, system.  

4.1 Hardware Platform Design 

  Human recognition is part of the proposed smart HVAC system. As we explained in 

section 2.2, there are many methods to determine a human’s identity, and one of the widest used 

concepts is the biometric-based human recognition method, which has several accurate 

applications. One of the examples of the biometric-based human recognition is using a fingerprint 

to unlock smartphones. In addition, the fingerprint systems require the users to enter an input, 

which is the fingerprints of the users, each time they want to unlock their smartphones. However, 

designing a smart identification HVAC system that identifies a person without requiring the user 

to enter any input is a bit challenging. Face recognition might seem like a solution for this problem 

by placing a camera on each room’s door. However, one can argue that we cannot make sure that 

the person entering the room is facing the camera every time the person enters the room. So, the 

idea is to make the identification process in the proposed smart HVAC system more automated 

where the users do not need to enter any input or keep a smart tag with them each time they enter 

a room in their house to be identified.   
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 The proposed smart HVAC system depends on the height of the persons to identify them. 

First of all, choosing the sensors for that purpose should meet some requirements; for example, 

the sensors should work in any light condition. Also, the selected sensors should not be expensive 

to make the final system more affordable considering the fact that these sensors will be installed 

in each room.  In the design of the proposed system, we used three of the ultrasonic sensors (see 

Figure 9). The sensors used are HC-SR04 Ultrasonic Module sensors (see section 3.1.1 for more 

information). 

 

Figure 9 Hardware platform. 

The three ultrasonic sensors are attached to one Arduino which operates the sensors and 

retrieves the data form them. I developed a code that has been written inside the Arduino with C++ 

language, so, the Arduino can manage the three sensors. The three sensors run simultaneously to 

produce three height readings whenever a person passes under them. The designed hardware 

device needs a 5-voltage power from an external supply to make the sensors and the Arduino 

operate. The Arduino can easily be connected to the internet via any router or access point where 
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it can upload the collected data from the sensors to a computational center. In the proposed system, 

the Arduino collects the data from the sensors and sends them to a computer that behaves as 

computational center via a wireless connection. 

4.2 Software Design 

 The software design contains five main parts which work together on the data collected 

by the sensors and perform two operations, which are learning stage and prediction stage. For 

each stage, there is a specific algorithm or method that performs it (see Figure 10). 

 

Figure 10 Software design. 

 In the design of the software system, it is clear that each stage operates by taking an input 

and performs specific tasks on it, then the produced output becomes an input for the next stage. 

The system starts working by collecting the height of each person who passes under the sensors.  

Ultrasonic sensors monitor the environment until a change occurs in the readings coming to the 

Arduino via these sensors. A developed software works on calculating the heights which represent 

the data and formats them into rows, so each reading from the sensors contains three values (see 

Table 2), one from each sensor. The height values are converted to the centimeter measuring unit. 

Since the system needs the collected data for training purposes, the Arduino sends the collected 

data to the identification system, which is running on a computer, which saves the data in a csv 
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file format. The identification system rounds the value before saving them in the csv file, so the 

saved values do not contain any floating numbers. 

Table 2 Sample of the collected data. 

Sensor 1 Sensor 2 Sensor 3 

177 173 176 

177 178 176 

174 174 173 

175 175 178 

178 177 174 

167 174 178 

174 171 177 

173 178 175 

175 176 177 

 

4.2.1 Preprocessing Stage  

 Preprocessing is one of the most important tasks before running any algorithms. The 

preprocessing stage contains many tasks, including preparing the data to serve smoothly as inputs 

for specific algorithms since the input parameters differ depending on the algorithm used and the 

way the data are applied. In the preprocessing stage of the software system, the collected data are 

filtered before using it in the following steps. In the preprocessing stage, the software system 

monitors the three values and removes the value that is out of range of the other two values. Since 

each reading coming from the sensors contains three values that should be the same or similar to 

each other because they represent the height of the same person, the system recognizes the 

occurrence of any value with a large gap from the other values in the same reading. The system 

discards the whole reading that contains an incorrect value that can affect the learning process. 

Table 3 represents a sample of readings collected through the sensors, the last reading contains 

three values. 
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Table 3 Sample of readings contain a wrong value. 

Sensor 1 Sensor 2 Sensor 3 

164 162 161 

163 161 163 

163 166 163 

163 163 202 

 

 The first two values are the same (163), while the last value (202) is far from the first two 

values. So, the last value cannot be correct. As a result, the software system discards the three 

values. The wrong values in the reading forms a very small percentage from the complete data set; 

however, they can occur for reasons related to the way the ultrasonic sensors are installed or even 

the computational overload on the sensors. Saving the data in a csv file and preparing them to be 

used as a training data set is considered a second task in the preprocessing stage. 

4.2.2 Smoothing the Data 

 The filtered data that come out of the preprocessing stage are still formed so that for each 

reading in the data set, there are three values with small differences between them. In the 

smoothing stage, we use the multi-linear regression (see section 3.2.1) to normalize the three 

values to one value. The one value is affected by the whole data set, not only the three values, in 

each reading. The goal is to learn from a training data set, which has instances of measures which 

are preprocessed heights of users, to find a straight line that passes through most of the data points. 

As a result, the straight line will serve as a formula that can be used to alter each new reading with 

three values and reduce the differences between them.  

 In the beginning, we initialize four values for the thetas (𝜃0, 𝜃1, 𝜃2, 𝜃3). The value of 𝜃0, 

that represents the interceptor, is assumed to be zero. The other three thetas represent the slope 

(see equation 3.2). Since we have three values, the linear regression equation is formulated as 

follows:   
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ℎ𝜃(𝑥) =  𝜃0 +  𝜃1𝑥1 +  𝜃2𝑥2 + 𝜃3𝑥3                                             (4.1) 

 The random error component Ɛ is assumed to be zero, so it does not appear in the equation 

4.1. The other parameter for the linear regressions algorithm is the learning rate 𝛼. The value of 

the learning rate needs to be assumed before the algorithm starts. Selecting different values can 

change the behavior of the algorithm and never lead to a convergence [30]. The linear regression 

algorithm runs to compute the error rate at the beginning by using the cost function J(𝜃) (see 

equation 3.4). Then, the algorithm uses the learning rate value that is initialized in the beginning 

with the training data set containing the heights of users to find the values of the thetas that reduce 

the cost of the function J (see section 3.2.1). The thetas’ values are used in equation 4.2 to smooth 

the new values of x1, x2 and x3 that the algorithm has obtained from a new reading.  

4.2.3 Determining the Number of Users 

 The system is aimed to be smart to help the users dealing with it. One of the tasks that the 

system performs automatically after collecting the data is determining the number of persons living 

in a house. The elbow method is used for the purpose of determining the number of persons where 

the problem is modeled so that the collected data that come out of the smoothing step will be 

clustered using k-means algorithm more than one time. The number of clusters k is increased 1 at 

a time and the k-means algorithm is run until the point where eventually the number of clusters k 

matches the number of persons. So, the number of clusters represents the number of the persons 

in a house while the number of error in the elbow method (see section 3.2.3) indicates the quality 

of the clusters with respect to the number of cluster k. The error value decreases dramatically when 

the number of clusters increases until the change in the error becomes small where the number of 

clusters represents the number of persons.  
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4.2.4 Clustering the Data 

 The smoothed data can be grouped based on the distances between the instances by using 

k-means if we know in advance the exact number of persons in a data set. All the heights’ values 

that belong to a specific person can form a cluster since the heights’ values become close to each 

other after the smoothing stage. Then, the mean of each cluster can be the label of the cluster that 

indicates a specific person. The number of clusters is determined using the elbow method, so we 

can easily cluster the smoothed training data set by using the k-means algorithm. 

4.2.5 Prediction 

The prediction stage is the final stage in the software system where a new reading from the 

sensors is used to predict the identity of a person. All four previous stages in the software system 

are considered a learning process. At the prediction stage, a new reading is obtained by the sensors. 

The new reading with the three values are used in the linear regression (see equation 4.1), with the 

thetas’ values calculated by applying the linear aggregation algorithm on the training data set. The 

result of the liner regression equation will be used as a parameter for the k-nearest neighbor 

algorithm (KNN). The KNN algorithm runs to find the first nearest neighbor of the new value. The 

neighbors represent the means of the clusters that are calculated after completing the k-means 

algorithm in the clustering stage. After determining the nearest cluster, which is labeled by its 

mean, the person can be determined since each cluster represents a person.  

5 PERFORMANCE EVALUATION  

 This section presents an experiment that has been completed on the developed 

identification system needed in the proposed smart HVAC system. The hardware platform 

presented in section 4.1 is specifically designed to behave as the vision of the proposed system and 

collects the data from the environment and sends it to the developed software. The developed 
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software receives the input from the hardware platform and learns from the data, so it can 

determine the identities of persons who live in a house. 

5.1 Environment Settings  

 First of all, the proposed HVAC system is designed to depend on the height of the persons 

to determine their identities, so I needed to build a hardware device that can provide the system 

with the required data. For the purpose of the experiment and to simulate the real life situation in 

a house, the designed hardware device, including the ultrasonic sensors and the Arduino, was 

installed on the top of a door in a house (see Figure 9). The hardware device is powered by an 

external 5V battery power bank. The Arduino is connected to a computer that works as the 

computation center, which runs the developed identification software. The distance between the 

three ultrasonic sensors that are placed on a board is close to 200 centimeters.  

 The experiment has been performed on three persons who simulate family members with 

slightly different heights. The heights of the three persons are 174cm, 163cm, and 168cm 

respectively. There are 600 readings recorded by the sensors, 200 readings for each person. Each 

reading contains three values (see Table 2) where each value represents a reading from one of the 

three sensors. 

The readings are recorded on different days, totaling about 50 readings per day for each 

person. The persons were asked to act normally while passing under the sensors, so we can 

simulate the real life conditions of a group of persons in a house. The sensors sense the 

environment all the time by getting readings every 50 milliseconds to check if there is a passing 

person. If a person passes under the sensors, it is easily discovered due to the change in the 

readings. At this point, the Arduino collects the required information from the three sensors and 

calculates the height of the passing person with respect to each sensor. Finally, the package of the 
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calculation results containing three height values are sent by the Arduino to the identification 

software that saves the reading in a csv file. See Appendix A for the developed software to measure 

the distance.  

5.2 Data Preprocessing 

 The collected data are split into two data sets: a training data sets containing 450 readings, 

150 reading for each person; while the testing data set contains 150 readings, 50 readings for each 

person. The first step after collecting the data is filtering the training data set from any outliers.  

 

Figure 11 Training data set before preprocessing.  

 Visualizing any data set can produce many features. The scatter chart in Figure 9 visualizes 

the training data set. Each dot represents a value where the different colors represent different 

sensors. It is clear that the training data set contains some values that are far away from the data. 

By looking at the colors of the data, we can see that most of the inaccurate values come from 

sensor 3. Mathematically, the standard deviation can give a general picture on how far the data are 
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spread from the mean value of the data. After analyzing the training data set mathematically, I 

found that the standard deviation of the data collected by sensor 3 is 6.63 (see Table 4). 

Table 4 Statistical values of the training data set from sensor 3 before preprocessing. 

Minimum 160 

Maximum 204 

Mean 169.313 

Standard Deviation 6.63 

     

 In the preprocessing step, the inaccurate values are removed. Figure 12 shows the results 

of the preprocessing. 

 

Figure 12 Training data set after preprocessing. 

 We can see in Figure 12 that after the data set has been preprocessed, the wrong values are 

removed from the data set. The wrong data can easily be determined by comparing each value with 

the other two values in a reading. The value that seems different from the other values in the same 

reading is considered a wrong value. For instance, in the reading (163, 163, 202) (see Table 3), the 
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third value stands far from the other two values, so it should be removed. The training data set 

contains 450 readings which means 1350 values since each reading has three values. After 

analyzing the data, I found that 8 values are inaccurate, which is 0.67% of the whole training data 

set. 

Table 5 Statistical values of the training data set from sensor 3 after preprocessing. 

Minimum 160 

Maximum 169 

Mean 168.719 

Standard Deviation 4.985 

 The standard deviation drops from 6.63 to 4.985 after performing the preprocessing step, 

and that means that the data are spread closer to the mean.  

5.3 Smoothing the Data 

 The scatter chart in Figure 12 shows that the data in the training data set are divided into 

three groups which represent three persons. However, the data in each group are spread to a certain 

range because of the difference in the same reading from the different sensors. In this stage, we 

want to reduce the differences between the three values coming from different sensors for the same 

person. The idea is to use the linear aggregation method to find a line that passes through most of 

the data; then, we can use that line to find the relationship between the data and normalize each of 

the three values to one value. The simple linear regression cannot be used since there are three 

values in each reading. Thus, multi-linear regression is used instead to find the line that cuts 

through most of the data. The thetas’ values are set so that  𝜃0 = 0 while  𝜃1= 𝜃2 = 𝜃3 = -0.5. The 

selection of these values was based on the error rate before running the algorithm. I tried values 

like 0.5 and 0 instead of -0.5, but the smallest recorded error rate was 177479.7738 with the values 
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at -0.5. The learning rate was set to be 0.000003. The process of choosing the learning rate is 

highly important since the learning rate affects the result of the learning process (see section 4.2.2). 

I tried different values as learning rates that did not lead to a reduction in the error rate. In contrast, 

some large learning rates such as 0.5 increased the error rate. After 150 iterations, the error rate 

decreased to be 2.566 with new thetas’ values as they are shown in Table 6. 

Table 6 Theta values after leaning. 

𝜃0 0.0049 

𝜃1 0.3331 

𝜃2 0.3298 

𝜃3 0.3369 

After calculating the theta values, we can easily apply the linear regression equation (see equation 

4.1). 

 

Figure 13 The testing data set with the results of smoothing. 

 The linear regression equation is applied on the testing data set. In the Figure 13, the data 

in the testing data set are presented in three different colors referring to different sensors. It is clear 
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from Figure 13 that the testing data set has widespread values. The yellow points in Figure 13 

demonstrate the smoothing process and how the data are normalized where each three values from 

three different sensors become one value based on the linear regression equation. 

 

Figure 14 Differences in the results of smoothing. 

 Figure 14 shows the amount of differences in the values after the smoothing process. In 

fact, the values that form a zigzag line, which is clearly far from other lines, belong to the same 

person.  We can see in the Figure 14 that there are still small differences with a range of almost 

two centimeters in the values that belong to the same person.  The goal is to remove these 

differences, in order to identify persons based on these values. See Appendix B for the developed 

code to run the gradient descent. 

5.4 Determining the Number of Persons 

 At this point after the data have been filtered in the preprocessing stage, the system needs 

to use the training data set as a parameter for the elbow method to determine the number of persons. 

We clustered the training data set by using the k-means algorithm ten times with k values from 1-
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10. The cluster sum of squared errors is calculated each time the clustering is performed (see Table 

7).  

Table 7 Results of applying the elbow method on the training data set. 

Number of clusters Cluster sum of squared errors 

1 78.378 

2 23.245 

3 13.016 

4 11.068 

5 10.438 

6 8.881 

7 8.848 

8 7.57 

9 7.701 

10 6.817 

 After visualizing the cluster sum of squared errors values in Table 7 with respect to the 

number of clusters, the result is as follows: 

 

Figure 15 Visualized results of applying the elbow method on the training data set. 

 The sum of squared errors drops dramatically each time the number of clusters k is 
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dropped just 1.948 units between k = 3 and k = 4, so, we can say that the elbow point position is 

when k =3 (see Figure 15) and as a result, the number of persons is three.  

 I did an additional processing step on the training data set before performing the elbow 

method where I smoothed the training data set by applying the linear regression equation obtained 

in the linear regression step. The results of the sum of squared error after performing the elbow 

method are as follows: 

Table 8 Results of applying the elbow method on the smoothed training data set. 

Number of clusters cluster sum of squared errors 

1 14.049 

2 3.399 

3 0.868 

4 0.672 

5 0.584 

6 0.337 

7 0.235 

8 0.182 

9 0.122 

10 0.107 

I acquired the result in Figure 16 after visualizing the results in Table 8. The results of the 

elbow method in the two scenarios indicate that the elbow point is at k = 3. However, the elbow 

point in the second scenario, when the data in training data set are smoothed before running the 

elbow method, is more clear than the first scenario. The sum of squared errors in the second 

scenario between k = 3 and k = 4 is 0.196 unit where it is 1.948 in the first scenario. Also, the 

elbow shape clearly appeared in the second scenario (see Figure 16), which makes determining the 

elbow method easier. As a result, the procedure of determining the number of persons should start 

by smoothing the training data set before performing the elbow method.  
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Figure 16 Visualized results of applying the elbow method on the smoothed training data set. 

5.5 Clustering the Data 

 After determining the number of persons, the next step is to cluster the smoothed training 

data set based on the number of persons.  

 

Figure 17 Result of clustering the training data set. 
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The k-means algorithm is used to cluster the data, and Figure 17 shows the result of 

clustering the training data set. A machine learning tool called Weka was used to run the k-means 

algorithm. We can see in Figure 17 that the x-axis represents the number of instances in the data 

set while the y-axis shows the mean value of each cluster. The cluster sum of squared errors is 

6.565109894306998E-25, and the data are clustered as follows: 

Table 9 Percentages of clusters. 

Cluster Mean value Percentage from the data 

1 168.65 29% 

2 163.1 38% 

3 174.2 33% 

5.6 Predicting the Identities of Persons 

  The mean values we obtained in the clustering stage (see Table 9) are close to the real 

heights of the persons where the heights of the three persons are (168, 163, and 174). We 

considered the mean values to represent the labels of clusters, where each cluster refers to a person. 

After we smoothed the testing data set (see section 5.3), we applied the k-nearest neighbor 

algorithm to find the first nearest neighbor of the smoothed heights in the testing data set between 

the mean values that represents the labels of the persons. So, the nearest mean value to the given 

height determines the person’s identity. The accuracy of the prediction was high (see Table 10). 

Table 10 Accuracy of the prediction. 

Testing data set Accuracy  

150 readings 92.6% 
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For instance, one of the readings in the testing data set is (173, 175,171) which becomes 

172.9403 after smoothing. The value 172.9403 is closer to the means value 174.2 than the other 

two mean values. As a result, the identification system predicts this reading as the third person 

with the height 174. We have performed the same prediction procedure on the testing data set that 

contains 150 readings. The result was 11 readings were predicted incorrectly while the correctly 

predicted readings were 139.  

6 CONCLUSION  

 Nowadays, technology is used to make every device smart whenever possible. One of the 

goals of making smart systems is to save energy, and that is what companies such as Nest and 

Smart Vent are trying to achieve. My smart heating ventilating and air conditioning system 

accomplishes a major task, which is identifying persons. This task is completed by designing a 

hardware platform that contains the sensors of the recognition system and developing a recognition 

software that performs several steps on the inputs gathered from sensors by applying linear 

regression, elbow method and k-means algorithm for the training stage and k-nearest neighbor 

algorithm for the prediction stage. The experiment that I completed and presented in section 5 

shows that my recognition system can achieve high accuracy.  I performed the experiment on three 

persons, so I cannot generalize that the system accuracy can be the same in different situations. 

The recognition system was not installed in a house that has family members; instead, the three 

persons were chosen to simulate persons living in house. So, I recommend installing the system in 

an occupied house and collecting data over at least two weeks to simulate a real situation. For 

future research, I recommend using extra sensors that can provide the recognition system with 

more features of persons. Also, I recommend using algorithms such as hidden markov model that 

can increase the accuracy by learning from more than one feature. Finally, the designed recognition 

system shows the possibility of creating a smart automated recognition system that can learn from 
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more than human feature and identify persons without forcing them to be involved by entering 

inputs. A smart automated recognition system can be used as the core of an HVAC system that 

can identify persons in a room and adjust the temperature in the room based on their preferences 

by controlling the vent/s.   
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APPENDIX A 

 The developed software for the Arduino to measure the distance between objects and the 

three ultrasonic sensors can be found in the link below.  

https://github.com/sudad/MyBridge.git 
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APPENDIX B 

 The code of gradient descent that finds the theta values is implemented in python and can 

be found in the link below. 

https://github.com/sudad/GradientDescent.git 
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