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ABSTRACT 

 
Heating, ventilation and cooling (HVAC) is the largest source of residential energy 

consumption. Occupancy sensors’ data can be used for HVAC control since they indicate the 

number of people in the building. HVAC/sensor interactions show the essential features of a 

typical cyber-physical system (CPS). 

In this paper, we first propose two hardware-based emulators to investigate the use of 

wired/wireless communication interfaces for occupancy sensor-based building CPS control. The 

synchronization scheme between sensors and HVAC server requirements will be discussed. We 

have built two hardware/software emulation platforms to investigate the sensor/HVAC integration 

strategies. The first emulator demonstrates the residential building’s energy control by using 

sensors and Raspberry pi boards to emulate the functions/responses of a static thermostat. In this 

case, room HVAC temperature settings could be changed in real-time with a high resolution based 

on the collected sensor data. The second emulator is built to show the energy control in 

commercial building by transmitting the sensor data and control signals via BACnet in HVAC 

system. 

Secondly, power system is facing a rapid transition to a highly interpretable, interactable 

and intelligent system. Effective simulations based on fast energy data processing algorithms have 

attracted many attentions due to the massive amount of data generated by the edge sensing 

devices in the smart grid systems. However, substantial computational resources are required for 

the training and inference of deep neural network. Instead of simply adopting the DL model for 

the offline processing of aggregated residential load, our platform can perform the online analysis 

of the load of building energy system with dynamic and stochastic characteristics. 

At last, there are some energy prediction methods using sensors, such as collecting data 

utilizing Internet of Things (IoT) based on widely used smart meters. Some machine learning 
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models including support vector regression are used to predict the energy consumption. However, 

they are not able to figure out the relationships between time dependency input signals. 

Therefore, a sequence to sequence convolutional bi-directional long short-term memory (Seq2Seq 

CNN bi-LSTM) with self-attention model is proposed in order to predict the building energy 

consumption. 
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CHAPTER 1  
 

INTRODUCTION AND BACKGROUND 
 

The Heating, ventilation, and air conditioning (HVAC) system provides thermal comfort 

and acceptable indoor air quality. It is the single largest contributor to a home’s energy bills, 

accounting for 43% of residential energy consumption in the U.S., and 61% in Canada and the 

U.K., which have colder climates [1] [2]. 

 
1.1 Background and Motivation 

 
Studies have shown that around 25% of this energy could be saved by turning off HVAC 

system in residential/commercial buildings when nobody is inside [3]. An 20%-30% reduction in 

HVAC energy translates to the savings of about $15 per month for the average households in the 

U.S. In order to improve HVAC systems and save energy at the same time, several communication 

protocols among HVAC units have been developed, such as Building Automation Control 

Network (BACnet), Modbus, Local Operating Network (Lon Works) and Lon Talk. (Figure 1.1). 

 
 

 

Figure 1.1: Eight-level diversities of the testing protocol 
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To observe the impacts of sensors-HVAC communications on the energy savings, we have 

used real hardware to emulate two scenarios in this work: energy saving control in commercial or 

residential buildings. Commercial building consists of multiple single offices and classrooms, 

while residential buildings refer to individual houses. Inside each room, different occupancy 

sensors are used to count people. The sensors include but not limited to: CO2 sensors, PIR 

sensors, image sensors, and accumulated sensors. The communications between sensors can be 

built via wired or wireless links. The wireless connections could use different types of 

communication protocols, such as Wi-Fi, Bluetooth, etc. In contrast, wired communication can 

be achieved by using Ethernet or USB connection, etc. 

1.1.1 Analog and digital sensors 

The sensors could capture different media variations and convert them into voltage levels. 

The media signals could be chemical, pressure, temperature, thermal, force, optical, sound, 

automotive, speed, electric, fiber optic sensors, etc. The sensors’ outputs could be analog or digital 

signals. Hence, the communication methods are also different for those two types. 

Analog sensors produce continuous, analog waveforms (Figure 1.2). The waveforms 

could change within a scope such as (-V1, V2). Here V1 and V2 are negative and positive peaks 

of the waveform. For example, a passive infrared (PIR) analog sensor may use different thermal 

patterns to represent different numbers of people in the building. Such patterns may be 

represented by different sinusoidal signals. The signal amplitude is typically voltage levels. Some 

sensors may use current levels. Those analog signals may be captured/measured by some devices 

such as an oscilloscope. However, if the signals need to be processed by the computers, they must 

be converted into digital signals. 
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Figure 1.2: Example of signals from an analog sensor 
 

Digital sensors are electronic or electrochemical sensors with data conversion function (i.e., 

converting to the digital format such as 011101…). The digital sensor has an analog-to-digital 

converter (ADC) in the board which directly converts the measured analog signals into digital ones 

to be interpreted by the CPU/microcontroller. The sensor typically has a microcontroller in the board 

to perform simple data processing functions, such as denoising, forming network packets, etc. But 

for complex data computations, the sensor needs to interface with a PC. The PC eventually sends 

the data to a networked HVAC system. For instance, some people counting sensors use binary 

codes to represent the number of people in the room (Figure 1.3). 

 

 

Figure 1.3: Example of signals from an digital sensor 
 
1.1.2 Port connection 

Power-and-data wired reading sensors: One simplest connection method is to use the 

power line and data transmission line together to connect the sensors with their controllers. 

(Figure 1.4)shows a real building automation system with real controllers through a local Arcnet 

at the University of Alabama, where we can see that all the connections are wired. It is fast and 
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safe to transmit data via this method. However, due to the wire connections, the distance between 

sensors is typically very short. 

Wired Sensor Via USB interface: Due to the widely use of computers, wired USB 

connection is also widely in the sensors. However, specific USB connection protocols between 

sensors and computer USB port are needed. Besides, the graphic user interface (GUI) software is 

also needed such that the data can be viewed in the screen (Figure 1.5). 

 

 
 

Figure 1.4: Example of power-and-data wired sensors 
 

 
Figure 1.5: Example of a wired sensor via a USB connection 
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Wired sensors via ethernet cable: Ethernet cable connection in (Figure 1.6) is also a 

special wired connection method between the sensors and the computer. In this case, the virtual 

IP address and TCP/IP protocols are typically used. Furthermore, the laptop version with ethernet 

cable should also be used. 

 

 

Figure 1.6: Example of a wired sensor via a Ethernet cable connection 
 

Wireless sensors based on WiFi, Zigbee, or Bluetooth: Generally, wireless techniques are 

used for battery-based sensor communications, such as WiFi, Zigbee, and Bluetooth. WiFi needs 

a base-station in the receiving process. It is used for a radio wireless local area network of devices 

based on the IEEE 802.11 standards. Different WiFi versions have different transmission ranges, 

frequency bands, and data sensing rates. Zigbee is widely used to connect the sensors/devices 

with the BACnet system in buildings, through a BACnet-Zigbee gateway. Basically, ZigBee 

technology uses the universally available 2.4GHz band to provide low-data-rate wireless 

connections, and offers a published speciation set of high-level communication protocols for 

small and low-power digital radios, which is based on the IEEE 802.15.4 standard for wireless 

personal area networks. As shown in (Figure 1.7), sensor data are collected and transmitted via 
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the Zigbee protocols, and reach the BACnet system in the building via a specific BACnet-Zigbee 

gateway. Bluetooth standard can also be used to connect the sensors with laptops. It is a wireless 

standard for exchanging data over short ranges. Data could be transferred between the master and 

other devices. The master device can choose which slave device to communicate with. Typically, 

it switches rapidly from one device to another in a round-robin fashion. 

 
 
 

 
 

Figure 1.7: Example of a wireless connection with BACnet using Zigbee 
 

BASpi: As a good example of a wireless device with a BACnet connection function, the 

BASpi I/O board (Figure 1.8) is a 12-point BAS expansion board for a Raspberry Pi device. The 

I/O board, with the firmware files provided by Contemporary Controls, can turn the Raspberry Pi 

into a BACnet-networked, Sedona programmable controller with 6 Universal Inputs and 6 Relay 
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Outputs. Therefore, this board can be used to connect different Raspberry Pi sensors with a 

BACnet system. 

 

 
 
 

Figure 1.8: Example of a wireless connection with BASPi 
 
1.2 Research Objectives and Scope 

 
The primary goal of this study is to design the hardware to collect sensor data and build a 

simulation model with edge-computing, then use traditional machine learning and deep learning 

method to optimize the energy consumption problems. The objectives of this research include the 

following 3 aspects: 
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between data server and control server based on BACnet protocol. 

(2) In this paper, it aims to build a simulation model on DL-based edge-computing 

architecture for energy load forecasting purpose. There are three major novelties. First, an edge-

computing-oriented simulator is used to construct an online energy data processing and modeling platform, 

since data can be processed in the end devices instead of the central server. Second, with the exploratory data 

analysis conducted in the first step, LSTM is used to forecast the energy load since it can effectively capture 

the sequential energy consumption pattern and has more accurate load prediction performance than general 

DL models. Third, our simulation methodology can provide more interpretable characteristics. 

(3) A sequence to sequence convolutional bi-directional long short-term memory (Seq2Seq 

CNN bi-LSTM) with self-attention model is proposed in this paper in order to predict the building 

energy consumption. In the framework, the important time series energy information can be 

extracted from several input variables using CNN model. Because of the long-range temporal 

dependencies are offered, the Seq2Seq models could provide better accuracy by using two bi-LSTM 

architectures including encoder and decoder. Meanwhile, bi-LSTMs are also used to capture the 

pattern of time series data. Specifically, the above information and the trends of time series in two 

directions including the forward and backward states are used by bi-LSTM layers to make better 

predictions. Self-attention model can highlight the most relevant input information in the energy 

prediction by allocating the attention weights. The connection burden can also be alleviated by the 

attention mechanism. In this case, the self-attention can be used to ignore the irrelevant information 

and amplify the needed information. 

This work would contribute to the understanding of machine learning and deep learning 

knowledge. 

 
1.3 Outline of Dissertation 

 
The layout of this dissertation is as follows. In Chapter 3 , we first propose two hardware-
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based emulators to investigate the use of wired/wireless communication interfaces for occupancy 

sensor-based building CPS control. The synchronization scheme between sensors and HVAC server 

requirements will be discussed. We have built two hardware/software emulation platforms to 

investigate the sensor/HVAC integration strategies. The first emulator demonstrates the residential 

building’s energy control by using sensors and Raspberry pi boards to emulate the 

functions/responses of a static thermostat. In this case, room HVAC temperature settings could be 

changed in real-time with a high resolution based on the collected sensor data. The second emulator 

is built to show the energy control in commercial building by transmitting the sensor data and 

control signals via BACnet in HVAC system. Both emulators discussed above are portable (i.e., all 

hardware units can be easily taken to a new place) and have extremely low cost. We test the whole 

system with YABE (Yet Another BACnet Explorer) and WebCTRL. 

In Chapter 4 , power system is facing a rapid transition to a highly interpretable, interactable 

and intelligent system. Effective simulations based on fast energy data processing algorithms have 

attracted many attentions due to the massive amount of data generated by the edge sensing devices 

in the smart grid systems. Machine learning (ML) and deep learning (DL) can be used to improve 

the performance of energy consumption forecasting. However, substantial computational resources 

are required for the training and inference of deep neural network. 

Instead of simply adopting the DL model for the offline processing of aggregated residential 

load, our platform can perform the online analysis of the load of building energy system with 

dynamic and stochastic characteristics. Today, edge computing platform that consists of a fine mesh 

of compute nodes and end devices, has become a promising system to reduce the computation 

complexity. In this paper, we propose an online, distributed, edge-computing-oriented simulation 

methodology to analyze the building energy data. A long short-term memory (LSTM) based 

framework is used for real-time forecasting of the building energy load. A public dataset is used to 
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prove the effectiveness of the simulation model. The results show that the proposed simulation 

model provides satisfactory online load forecasting performance and has good scalability. 

Chapter 5 , in order to reduce the negative influence on the environment and improve 

sustainability, it is very important to efficiently manage energy consumption. There are some 

energy prediction methods using sensors, such as collecting data utilizing Internet of Things (IoT) 

based on widely used smart meters. Some machine learning models including support vector 

regression are used to predict the energy consumption. However, they are not able to figure out the 

relationships between time dependency input signals. Therefore, a sequence to sequence 

convolutional bi-directional long short-term memory (Seq2Seq CNN bi-LSTM) with self-attention 

model is proposed in this paper in order to predict the building energy consumption. In the 

framework, the important time series energy information can be extracted from several input 

variables using CNN model. Because of the long-range temporal dependencies are offered, the 

Seq2Seq models could provide better accuracy by using two bi-LSTM architectures including 

encoder and decoder. Meanwhile, bi-LSTMs are also used to capture the pattern of time series data. 

Specifically, the above information and the trends of time series in two directions including the 

forward and backward states are used by bi-LSTM layers to make better predictions. 

Self-attention model can highlight the most relevant input information in the energy 

prediction by allocating the attention weights. The connection burden can also be alleviated by the 

attention mechanism. In this case, the self-attention can be used to ignore the irrelevant information 

and amplify the needed information. We may also apply deep reinforcement learning to the energy 

optimization problem. 
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CHAPTER 2 

COMMUNICATION AND OCCUPANCY SENSORS 

 
2.1 Communication Related 
 

Wired communication is to transmit the data over a wired-based communication technology, 

including telephone networks, cable television or internet access. 

2.1.1 Interface connection 

There are two most common methods used in sensor communications, such as Ethernet and 

USB. Ethernet is a family of computer networking technologies, which is commonly used in local 

area networks (LAN), metropolitan area networks (MAN) and wide area networks (WAN). It is 

standardized as IEEE 802.3, and has since been refined to support higher bit rates and longer link 

distances. 

In original Ethernet implementation, all the computers are trying to communicate to share 

the same cable, and so compute with each other. Hence, it is collision-prone. However, for 

modern Ethernet implementation, it has switched connection and it is collision-free. The 

comparison can be seen in (Figure 2.1). 

 

 
 

Figure 2.1: The comparison between original Ethernet and modern Ethernet 
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In a modern Ethernet, the stations do not share one channel through a shared cable or a 

simple repeater hub; instead, each of the station communicates with a switch, which in turn 

forwards that traffic to the destination station. With this topology, collisions are only possible if 

station and switch attempt to communicate with each other at the same time, and collision are also 

limited to this link. Moreover, the Ethernet over twisted pair technology uses a full duplex mode 

of operation which became common with Fast Ethernet. In full duplex, switch and station can 

send and receive messages simultaneously, hence, modern Ethernets are completely collision-free. 

A LAN in (Figure 2.2) is a computer network that interconnects computers within a 

limited area such as a residence, school, lab, university campus or office building. For LANs, 

Ethernet and Wi-Fi are two most commonly used technologies in recent years. There are some 

historical technologies include ARCNET, Token ring and Apple Talk. 

 
Figure 2.2: Local area networks (LAN) 

 
A MAN in (Figure 2.3) is also a computer network, but it interconnects users with 

computer resources in a geographic area or region larger than that covered by even a large LAN 

but smaller than the area covered by a WAN. It can make the city network interconnection into a 

single larger network that can also provide efficient connection to a wide area network. Besides, it 

can also be used to describe the interconnection of several local area networks in a metropolitan 

area by using point-to-point connections (P2P) between them. In modern society, USB tech can 



13  

be found in a lot of devices people use on a daily basis. 

 
 
 

Figure 2.3: Metropolitan area networks (MAN) 
 

USB type A is commonly used and is known as USB standard A connector, the USB A 

connector is basically be utilized on host controller in computers and hubs. It’s socket is designed 

to provide a ‘downstream’ connection intended for host controllers and hubs, rarely implemented 

as an ‘upstream’ connector on a peripheral device. The reason for it is USB host will support a 

5V DC power on the VBUS pin. Moreover, inheriting the same design from USB type A design, 

USB 3.0 A is also providing a downstream’ connection that is designed for use only on host 

controllers and hubs. However, USB 3.0 connector is designed to support 5Gbps bandwidth 
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‘SuperSpeed’ data transfer, whereas, lower data rate can be transmitted with backward 

compatibility to USB 2.0 ports. 

In (Figure 2.4), it shows that a valid USB device could get detected at the hardware and 

kernel spaces of a USB-enabled system. It is a device designed and detected as per USB protocol 

specifications. Hardware space detection is done by the USB host controller, which is a native bus 

device like a PCI device on windows systems. Afterwards, the corresponding host controller 

driver would pick and translate the low – level physical layer information into higher level USB 

protocol specific information. The USB protocol formatted information about the USB device is 

then populated into the generic USB core layer (USB core driver) in the kernel space, thus 

enabling the detection of a USB device in the kernel space, even without having its specific driver. 

Then various driver, interfaces, and applications could have the user space view of the detected 

devices. (Figure 2.4) indicates a top to bottom view of USB subsystem. 

 
 

 
 

Figure 2.4: USB Driver protocols 
 

There are several different wireless communication methods, including radio frequency, 
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Zigbee and Wi-Fi. 

Radio frequency (RF) refers to the frequencies that fall with in the electromagnetic 

spectrum associated with radio wave propagation. RF current creates electromagnetic fields when 

applied to an antenna that propagate the applied signal through space. Electromagnetic wave-

based communications have been utilized for many decades especially for wireless voice 

communications and data communications. The frequency of RF signal is inversely proportional to 

the wavelength of the field. The rate of oscillation for the radio frequencies is in the range about 

30 KHz to 300 GHz. 

RF waves that have been modulated to contain information are called RF signals. These 

RF signals have some behaviors that can be predicted and detected and they can interface with 

other signals. Antennas must be used for receiving the radio signals. These antennas will pick up 

more number of radio signals at a time. By using radio tuners particular frequencies can be picked 

up. There are some free bands available which are used for remote controlling applications. 

These are also called ISM (Industrial, Scientific and Medical) bands. The most 

attractive frequency band is 434 MHz. 

The payload data needs to be modulated on the RF carrier. Two simple modulation 

techniques Amplitude shift Keying (ASK) and Frequency shift keying (FSK) are popular for this. 

For power consumption reasons, ASK is mostly implemented as ON-OFF keying (OOK). The 

challenge is finding an antenna design or concept which represents a perfect compromise between 

cost and performance. A clear RF design is necessary for meeting regulations. 

High end remote controls may be used based on bidirectional RF links in (Figure 2.5). In 

addition to the link for remote controller to the controlled device there is an additional link 

backwards from device to controller. This backward link may be used for securing the robustness 

of the remote link by using handshake protocols and giving feedback to the user. Bidirectional RF 
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links are implemented using RF transceiver ICs which include an RF receiver and RF transmitter 

sharing one single PLL and one single antenna. 

The ZigBee or ZigBee/IEEE 802.15.4 protocol is a specification created for wireless 

networking. It includes hardware and software standard design for WSN (Wireless sensor 

network) requiring high reliability, low cost, low power, scalability and low data rate. A WSN 

consist in inexpensive wireless sensor which are capable of collecting, storing, processing 

environmental information, and communicating to neighbors’ nodes. For example, a WSN, at 

 
 
 

Figure 2.5: RFID communication 
 

home can be used for light control, heating ventilation air conditioning (HVAC), security 

monitoring, and emergency event detection. And for industrial control can be used to improve the 

current manufacturing control system, detect unstable situations, control production pipelines, and 

so on. 

ZigBee provides ultra-low consumption and efficiency, and enable large scale networks 

for the WPN, making it one of the most convenient standards for this purpose. 

Wi-Fi, is a digital communications protocol, through which gadgets can communicate with 

each other in a unicast or a broadcasting manner without using any wires. Wi-Fi is a marketing 

term applied to 802.11b IEEE standard, but it now ubiquitously used for all the standards that fall 
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under 802.11 category of Wireless LAN. So, Wi-Fi defines 802.11 x standards where x is the 

respective Wi-Fi version. Popular Wi-Fi version are a, b, g and n. Wi-Fi is based on OSI protocol 

and uses the physical layer and MAC sub0-layer of the Data Link Layer. The other layers have 

been left undefined so that the manufacturer is able to customize it. 

For phase I in (Figure 2.6) is about the data preparation for transmission. Data needed to 

be encoded and changed into frames, for instance, digital signals are sent in frames for better 

QoS. Meanwhile, the frequency for data transmission is also chosen depending o the technique 

used to send the signal wirelessly. For phase II, data is transmitted and it uses 802.11 as the 

transmission standard. For phase III, data is received, and then being decoded, acknowledged. 

 
 
 

Figure 2.6: Data transmission process of Wi-Fi 
 
2.1.2 In sensor board (transmitter) 

There are several different modes while using sensors, including turning on, turning off 

and sleep modes in (Figure 2.7). 

 

Figure 2.7: Sensor wake up, sleep, turning on and off modes 

There are several problems in traditional operating systems, for instance, the multithreaded 

architecture is not useful in many situations, large memory footprint and it dies not help to conserve 
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energy and power in a lot of cases. However, for wireless sensor networks these days, there are 

some requirements such as efficient utilization of energy and power and small footprint and support 

diversity in design usage. 

TinyOS is an open source in (Figure 2.8), BSD-licensed operating system designed for low-

power wireless devices, such as those used in sensor networks, ubiquitous computing, personal area 

networks, smart buildings, and smart meters. TinyOS is designed for wireless sensor networks and 

it has a embedded operating system written in nesC language. 

TinyOS is a component-based model. Simple functions are incorporated in components with 

clean interfaces and complex functions can be implemented by composing components. 

Moreover, TinyOS is also an event-based model, it can interact with outside by events (no 

 

 
 
 

Figure 2.8: TinyOS application 
 
commend shell). There are two kinds of events for TinyOS, including external events and internal 

events. Clock events and message events are included in the external events, and the internal 

events are triggered by external events. 

In (Figure 2.9), there are four parts of the whole TinyOS structure, including mote 

hardware in the bottom like several different types of motes. Then it needs some functions before 

application, including actuating, sensing and active message communications. Finally, it will go 
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to the main scheduler. Therefore, TinyOS is completely non-blocking. Programs for it are built 

out of software components, and tasks are non-preemptive and run in FIFO order. 
 

 
Figure 2.9: TinyOS structure 

 
In (Figure 2.10), it displays how TinyOS applied in the communication project. Software 

includes UDPEcho, IP-BaseStation and routing driver. In these processes, component-based 

architecture allows frequent changes while still keeping the size of code minimum, event-based 

execution model means no user or kernel boundary and hence supports high concurrency. 

Therefore, it is power efficient as it makes the sensor sleep as soon as possible. 

 

 

Figure 2.10: TinyOS applications 
 

Contemporary Controls developed the Sedona Application Editor (SAE) as a free Sedona 
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tool allowing system integrators the ability to develop control applications for devices built on the 

Sedona Framework. With SAE, Sedona components deployed in kits are dragged and dropped onto 

a wire sheet, configured and linked with other components to create applications. Sedona 

Framework is ideally suited for graphical representation of control strategies. For those independent 

system integrators without access to Niagara Workbench AX as a Sedona tool, SAE provides much 

the same functionality in a more simplified manner. SAE is available to controls professionals 

capable of translating a sequence of operation (SOO) into a control program. 

SAE can be installed on a Windows PC which has Java installed. Once you connect to a 

Sedona device you will see the above screen with several panes. The Navigation Pane shows the 

structure of device from the device name to its folders down to the components. This structure 

shows order of execution of the components. The Kits Pane shows what kits are installed on the 

connected controller. By expanding a kit, its components are revealed allowing them to be placed on 

the Wire Sheet. The Wire Sheet is where the application logic resides. Components are 

dragged from the Kits Pane onto the Wire Sheet and interconnected with links. Tabs at the 

top provide quick access to additional nested wire sheets. The Properties Pane will show the 

properties of components and its links to other components. The component must first be 

highlighted to see the information. SAE has the ability to save and restore Sedona applications to and 

from the Windows PC. 

BASemulator allows emulating the entire BASpi platform on your PC. This can be useful in 

many different ways. The emulator can be used to pre-configure the device and write its Sedona 

wire sheet program prior to deploying it or when there is no access to the real BASpi. It can be used 

for practice and development of wire sheet applications. 

The sensor responds to message requests and also generate response messages accordingly 

inside the processors. Thus, the software inside can handle the messages that come from and go to 
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the real sensor. The messages needed to be routed to the gateway, and they are not destined for other 

network elements or the gateway itself are routed through to the corresponding device controllers. 

The device controller is still a basic router whose job is to route the message to the appropriate sensor 

element. 

According to the processing inside the sensor, the framework could be defined by the 

messages it can receive and send, and it is basically a complex collection of data elements. There are 

three important elements of this architecture of the sensor, including sensor body, message 

processor and message handlers. 

For sensor body, it is the core element. It contains the basic operational logic of sensors, 

holds copies of, or links to, all the semi-persistent data, and acts as a container for the other two 

components. In message processor, it processes the incoming messages and performs any local 

action necessary before the message is transferred to the real sensor. It also converts any message 

that is in the general JSON-based format to the serial format, or vice versa, if necessary. The 

message handlers can be several of these to process the messages generated by the sensor and pass 

them (or a processed version of them) to the appropriate network connection. It is typically in one 

of these handlers that the generated message can be transformed into a different representation. If it 

is not required such a handler is not included. 

In this project, the data processing in the sensor is mainly about converting analog signal to 

number of people. Then transmitting the number directly to the HVAC system for further 

controlling. 

2.1.3 In server (receiver) 

The Transmission Control Protocol/Internet Protocol (TCP/IP) suite was created by the 

Department of Defense (DoD) to ensure and preserve data integrity, as well as maintain 

communications in the event of catastrophic war. Compared with other transmission protocols, 
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TCP/IP is a reliable protocol that resides at the transport layer of the OSI reference model. It 

accounts for retransmission of lost data guaranteeing reliable delivery while also providing 

sequencing of packets so they can be re-ordered accounting for packet received out of order. 

Examples of applications that utilize TCP as a transport are HTTP, E-mail and FTP just to 

name a few. 

Since the upper layers just send a data stream to the protocols in the Transport layers, the 

Internet layer then routes the segments as packets through an internetwork. The packets are handed 

to the receiving host’s Host-to-Host layer protocol, which rebuilds the data stream to hand to the 

upper-layer applications or protocols. TCP/IP creates a reliable sessions by setting up a virtual 

circuit (TCP connection), which includes acknowledgements, sequence numbers and windowing 

(flow control). TCP utilizes a three-way handshake to establish the TCP connection. The connection 

is uniquely identified by a combination of source IP address/port number and destination IP 

address/port number. 

These days, the data sent to HVAC system could use AI as the ‘bridge’ in (Figure 2.11). 

Assume, for example, that a thermostat (basic or "smart") exists in a home. Regardless of 

the actual thermostat capabilities, a cloud-based AI analytics engine can implement HVAC 

“algorithms” in a third-party application layer. The AI analytics engine would need data to run. IoT 

sensors permit installation throughout a home to collect data from every room, not just the room 

with the thermostat. The IoT sensors transmit data to the cloud for processing by the AI 

analytics engine. HVAC commands produced by the AI “algorithms” and delivered to the 

thermostat would ultimately control the HVAC unit. Certainly, the decoupling of the sensors from the 

thermostat control unit would represent a significant change from the automated room temperature 

control invented 135 years ago. 
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Figure 2.11: ‘Smart’ communication between sensors and HVAC system through AI 
 
 
2.2 Sensor communication with HVAC system 

 
In the above table, we can find out that MEMSIC is easily used in the wireless sensor 

networks. It has lower power consumption while communicating with HVAC system. For 

Raspberry Pi, it is nowadays most commonly used hardware. This Pi has the build-in WIFI 

components which is easily for network communication. Moreover, it can also directly transmit the 

data into HVAC system since it could add Bluetooth module on it. However, it is very complicated 

since it works as a computer. Therefore, we need to be careful while using the GPIO pins inside the 

Raspberry Pi. The last one is Waspmote, which is communication friendly since it has two 

communication methods build in the hardware, including ZigBee as well as WIFI. Besides, it also 

has lower power consumption compared to the Raspberry Pi. However, it is a little bit expensive for 

commercial use. 

From (Figure 2.12), we can see that among all the communication methods to HVAC 

system, Bluetooth has the highest data rate and energy consumption, Zigbee is in between with 

Bluetooth as well as Radio Frequency WSN platforms. Compare with 802.11g and 802.11a, 

we can see that 802.11a has the lower cost while they remain the same data rate. 802.11b and 
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802.11a has similar energy consumption while 802.11a has the higher data rate. 

 

 
 

Figure 2.12: The relationship between data rate and consumptions 
 

MEMESIC mote are always used for communicating sensors with base station via Radio 

Frequency signals. There are several important components in this hardware system, including 

sensor motes and gateways. In our hardware project in (Figure 2.13), we use IRIS-XM2110 as the 

motes. On the IRIS, there is an USB interface connection I/O port called MIB520CB. It provides 

USB connectivity to the IRIS and motes family for communication and in-system programming. 

Additionally, any IRIS node can be used as a base station while mated to the MIB520CB USB 

interface board. 

For each mote, the single processor board can be configured to communicate with sensors via 

Radio Frequency simultaneously. The IRIS 51-pin expansion connector supports analog inputs, 

Digital I/O, I2C, SPI and UART interfaces. These interfaces make it easy to connect to a wide 

variety of external peripherals. In the right side of (Figure 2.13), we use PIR motion sensor here to 

detect if the room is occupied or not. We can send the analog signal data via Radio Frequency 

signal back to the base station which can show and collect the movement. For PIR sensor, 

Panasonic’s series of integrated motion sensors enable safety and energy conservation applications. 

Packages include built-in amplifiers for simple, compact designs used in lighting and HVAC 
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control, ambient light detection, and security applications. 

 

 
Figure 2.13: MEMSIC gateways and motes with PIR sensors attached 

 
An oscilloscope can help the user get more detailed electrical measurements than can be 

obtained with a voltmeter alone. Oscilloscopes are not required to complete a stray voltage 

investigation under any of the investigation protocols energy providers are required to use, however 

an oscilloscope may be useful during some stray voltage investigations. In (Figure 2.14), we can see 

the sensor output in the screen by Oscilloscope. It can let you visualize sensor readings on your 

laptop. Every node with Oscilloscope could sample the PIR sensor data periodically. Moreover, 

they can broadcast the data message over the radio. On the receiver side, the node running the base 

station application will forward those signal messages back to the laptop (processor) via serial 

communication. 

Therefore, at least two nodes are needed in the project, including one node attached to the 

laptop as the base station, another node / other node can be used as sensor motes to generate signals 

by running the Oscilloscope application. 

The packet drop rate is one of the most important factors in determining the efficiency of an 

entire HVAC communication system. There are two scenarios, including one base station 

surrounded by several nodes and multi-hop routing. The first scenario is suitable for evaluating the 
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packet drop rates; however, it is not suitable to study the performance of multi-hop routing as all the 

nodes are only one hop away from the base station. Multi-hop routing (the second scenario) 

involves sending packets through multiple hops instead of over one long pathway, which means that 

each packet requires a long time to reach its destination. 

 
 
 

Figure 2.14: Radio Frequency communication between sensors and base station  

TinyOS we use in this hardware project is a lightweight operating system specially designed 

for low-power wireless sensor nodes. It makes easier to build sensor network applications as it 

provides important services and abstractions such as sensing, communication, storage and timers. It 

defines concurrent execution model to build applications. The network embedded system C (nesC) 

is a programming language to write TinyOS systems and applications for WSNs. A nesC program is 

a collection of components. Every component is in its own source file. There are two kinds of 

components: modules and configurations. The two types of components differ in their 

implementation sections. Module implementation sections consist of C code, variables and functions 

declarations, call functions and compiles to assembly code. Configuration implementation sections 

consist of C wiring code which connects components together. Signature blocks in modules and 

configurations have the same syntax. They contain interfaces that define a set of related functions for 

a service. 



27  

Raspberry PI is one of the most famous devices for rapid electronic prototyping and DIY 

home applications. However, their capabilities and flexibility are still largely under estimated in the 

industrial environment. Its customizable signal types and easy adaptation to the existing 

installations can offer many benefits to the industrial world. For instance, they could be great low 

cost and flexible alternatives to the usual industrial devices for adding remote control and monitoring 

functionality to small legacy industrial systems. 

There are three main reasons for choosing Raspberry Pi as the functional hardware. The first 

one is it is robust to the industrial environments. Many small automated and remotely controlled 

robot systems are based on the Raspberry Pi system, for instance the blasting robot and some multi-

sensory retail management systems. 

The second advantage is safety and security. The Raspberry Pi and many other computer 

boards like it have become part of the "Internet of Things" or IoT revolution. Internet-connected 

computing devices have emerged beyond traditional servers, desktops, laptops, and mobile devices. 

It is very important to determine what the Raspberry Pi does and what’s on it, so that we can find out 

what might make the system a target. The attacks could come from several different sources, 

including viruses installed by someone operating the system, worms that automatically break in 

from the network, or and individual manually performing an attack and so on. Thus, we need to 

know what makes the system a target. The first one is that we need to make sure what kind of data 

is one the device. In this case, passwords could be used to attack other systems while the device 

might have a web interface that an attacker could analyze to find more methods to attack. The 

second thing is to find out what kind of sensor hardware does the Raspberry Pi control. Someone 

can break into the system and send a signal from a phone or NFC (Near Field Communication) tag 

to control the automatic system. The third one is about the communication device we used. 

Attackers can use a network router we applied in the project to monitor our network traffic. These 
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are the places that cryptographic MiTM (‘man in the middle’) attacks can be installed to tap 

encrypted data. The last one is that the Raspberry pi could be a target even though it just being on 

the network system. An unsecured device is open to automated harvesting by worms and it may 

become part of a botnet, or it could be utilized as an anonymous replay to attack other sites. In this 

case, it is hard to trace the attackers. 

There are several methods contribute to avoiding the attack of the communication system. If 

the Raspberry Pi is one the network, even if behind a firewall, it is still an exposure to the attack. All 

the programs that listen to network sockets become part of the attack surface. In this case, we could 

turn off and uninstall any software that does not need to listen to the network, which can reduce the 

attach surface of the communication system. For those programs which requires running, we need 

to update them to get the latest security protections. Another important method to avoid the attacks 

on network connections considering the IoT is encryption. There are several different types of 

encryption. The first one is the secrete-key cryptography. It uses the same key string to encrypt and 

decrypt, which makes it ‘symmetric’. However, the methods to store the key and distributed to other 

authorized users could be dangerous. Once exposed, an attacker could utilize it to decrypt 

everything that was encrypted with it. Therefore, it is called a ‘secrete key’ since we need to keep 

the key a secret. The second one is about the public-key cryptography, which has separate 

mathematically related keys that can decrypt what other keys encrypted individually. It is named as 

‘asymmetric’ encryption method due to its usage of different keys. For this method, we always have 

two keys including a private key (keep as a secrete), and a public key (post to the public). The 

public key can be used to decrypt anything that was encrypted with the private key, and prove it came 

from you. The third cryptography approach is one-way hashing. Hashing algorithm can turn a string 

into a very short, fixed-sized value. Thus, storing passwords as hashes instead of plain text is highly 

recommended in our communication system. In this case, the passwords can be verified through the 
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hashing algorithms to see if it matches the stored hash. Additionally, we still need to be careful 

about the dictionary attack while we using the hashing method. Attackers who gets a hold of the 

password hashes could hash all the words in the dictionary to see if there is a match if we use words 

from dictionary as passwords. 

The third advantage is that Raspberry Pi is compactable to the industrial standard 

communication protocols such as Modbus in HVAC system. Modbus is a serial communication 

protocol developed for its programmable logic controllers (PLCs). It is very popular and has been 

adopted by a lot of automation manufacturers. In our project, Raspberry Pi can be used to remotely 

control HVAC systems directly. 
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CHAPTER 3 
 

HARDWARE-BASED EMULATOR  
 
3.1 Introduction 

 
The Heating, ventilation, and air conditioning (HVAC) system provides thermal comfort 

and acceptable indoor air quality. It is the single largest contributor to a home’s energy bills, 

accounting for 43% of residential energy consumption in the U.S., and 61% in Canada and the U.K., 

which have colder climate [32, 86]. Studies have shown that around 25% of this energy could be 

saved by turning off HVAC system in residential/commercial buildings when nobody is inside [15]. 

An 20%-30% reduction in HVAC energy translates to the savings of about $15 per month for the 

average households in the U.S. In order to improve HVAC systems and save energy at the same time, 

several communication protocols among HVAC units have been developed, such as Building 

Automation Control Network (BACnet), Modbus, Local Operating Network (Lon Works) and Lon 

Talk. To observe the impacts of sensors-HVAC communications on the energy savings, we have 

used real hardware to emulate two scenarios in this work: energy saving control in commercial or 

residential buildings. Commercial building consists of multiple single offices and classrooms, while 

residential buildings refer to individual houses. Inside each room, different occupancy sensors are 

used to count people. The sensors include but not limited to: CO2 sensors, PIR sensors, image 

sensors, and accumulated sensors. The communications between sensors can be built via wired or 

wireless links. The wireless connections could use different types of communication protocols, such 

as Wi-Fi, Bluetooth, etc. In contrast, wired communication can be achieved by using Ethernet or 

USB connection, etc. 
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The interactions between occupancy sensors and HVAC controllers have the essential 

features of a typical Cyber-Physical System (CPS): (1) Physical-to-Cyber: The physical objects 

(occupants in the building) need to be counted in real time in order to better control the 

fan/temperature levels of the HVAV systems. Such physical parameters (i.e., the number of occupants 

in any region/room of a building) can be captured by using cyber units (i.e., computing 

hardware/software). Here we use wireless microsensors to serve as cyber units. The sensors can 

report the physical status to a HVAC server in real time. (2) Cyber-to-Physical: The cyber units can 

be used to change the physical world. In this case, the sensor data will be processed to find out the 

distributions of occupants in different regions of a large building. Thus, we can change the physical 

objects based on cyber data. For example, we can tune the fan/air circulation levels of HVAC units 

in these regions. 

The architecture of such a building CPS is illustrated in (Figure 3.1). There could be various 

uses of occupancy sensors. In particular, they can improve the security levels of homes and offices. 

They can also save energy by efficiently controlling the room temperature, lighting and appliances. 

Occupancy sensors generally use a human motion detector with a timer. Some others measure CO2 

level, acoustic signals, or human images. 
 

Figure 3.1: Overview of Communication Between HVAC System and Sensors However, the 
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CPS emulators for occupancy-sensor-based building energy control system 

are not available so far. Only some pure software-based simulators without hardware units 

have been built. In this work, we have built two hardware-based emulators. Both uses raspberry pi 

wireless board to serve as a communication platform between hardware units such as PIR sensors 

and thermostat. Our emulation platform shows the CPS interactions with HVAC/sensor 

communication control within residential and commercial buildings environment. 

There are three features for our emulator designs: First, the HVAC system can utilize 

different types of sensors (acoustic, CO2, PIR, etc.) based on different application requirements. 

Moreover, the communication can be constructed for both wired and wireless links. Regarding wired 

sensors, our platform allows the use of both analog and digital sensors. The sensors could send data 

back to the server through RF (radio frequency) waves or USB/Ethernet interfaces. The RF 

communication methods for wireless sensors could be Bluetooth, ZigBee and WiFi, etc. In our 

demos, both wired and wireless sensors can use TCP/IP protocols to communicate with other units. 

Our entire hardware platform is portable and has lower cost. Additionally, both wired and wireless 

communication method can be used. It also allows the server to collect occupancy data from 

different sensors. 

Second, we have considered different sensor deployment styles for different building types 

and layout. The deployment styles consider sensor locations (it can be deployed in the door, walls, 

or ceilings), sensor density, as well as deployment topology, such as a chain (all sensors are in one 

line), mesh, or grid structure, etc. To transmit data in a large commercial building, the multi-hop 

data relay protocols will be used among sensors. 

Third, sensor data fusion/processing is important since we need to establish an intelligent 

building energy saving control system which can learn the occupants’ distributions based on the 

sensor data analysis result. In this case, different sensor data could be analyzed via machine 
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learning algorithms before the server sends the control commands to the HVAC units. In the data 

center of our emulator, different computational algorithms can be executed, including classification 

and prediction algorithms. In the simplest case, the occupancy number can be calculated for every 

room, and the control center then sends control signals to HVAC system in real time. The 

occupancy number estimation is based on the coverage sizes of multiple sensors. It also considers 

overlapped sensing area issue. Instead of processing all the raw sensor data, the data transformation 

models could be used to find the occupants’ entrance/exit trends. Besides, we can also perform the 

diagnostics for the received sensor data, such as missing data compensation, transmission delay 

estimation, and sensing-control loop dynamics, etc. Data processing not only provides a more 

efficient way to gather occupant information from each room, but also provides more accurate 

HVAC control. 

In this project, two different emulators of the building energy saving systems have been 

built. In (Figure 3.2), the whole process is illustrated using two different methods. The first 

emulator uses Raspberry pi as the data communication/aggregation unit to collect real-time sensor 

data. Then, the sensor data is used to calculate the occupant amount in residential building. With the 

occupancy information, the temperature and air flow of the residential house could be adjusted in 

nearly real time. Our emulator can also extract different types of sensor data and export them to the 

Raspberry pi, which acts with the function of thermostat in the residential house. 

 
Figure 3.2: The whole process of the emulator 

 
The second emulator uses BACnet protocol in the commercial building to transmit the 
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data from the data center to the control center in HVAC building system. In this emulator, we also 

build the wireless transmission scheme between data server and control server based on BACnet 

protocol. 

 
3.2 Related Work 

 
Thermostat has been a pillar of energy conservation approaches shortly after their 

inventions. Its basic idea is to use a setpoint to control the temperature according to different 

sensing results. There are already some studies on the design of reprogrammable thermostats to 

automatically choose the optimal setback schedules based on the historical data [41]. However, 

these studies only show how to generate static control schedule. In addition, due to the dynamic 

occupancy patterns in real applications, the two purposes, i.e., energy saving and human comfort, 

would still have conflict with each other when using a static schedule. In this case, the real-time 

sensor data may be used for dynamic control of the HVAC system according to the current 

occupancy status in the house. 

There are also some studies on how to calculate the energy consumption status by using 

pure simulations (without any hardware in the experiments). In [28], it has demonstrated via 

simulations that the energy-saving utility using a data-driven model for occupant behaviors. The 

work in [34] describes the deployment of a wireless camera sensor network for collecting data of 

occupancy in a large multi-function building. In [33] it proposes a statistical model on the temporal 

occupancy of a building based on a heterogeneous Markov chain model. It uses the occupancy data 

collected from a sensor network. In [66], the concept of a smart thermostat is proposed to obtain 

occupancy statistics. 

Software emulators and simulators are developed by professional foundations and 

companies for either academic or commercial applications. Such a target environment reconstruct 

oriented design may not cover all complicated situations in real cases. In response to a run-time real 
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case simulation and testing, hardware emulators and testing platforms are often built. Beckert brings 

the ideals of using FPGA boards with a run-time scheduling framework [9]. Vagner also utilizes 

FPGA as a hardware emulator, hence the hardware board emulates a DC motor controller in real 

time [87]. Well, if a VLSI design for hardware acceleration is not needed, cheaper hardware 

platforms such as Raspberry Pi might be another great choice. Most implementations of Raspberry Pi 

board involve image processing and control systems. For example, Hasban use such a Raspberry Pi 

board for face recognition [49]. Jiandong use them for visual navigation 

system [70]. It’s also often seen them used in temperature control and HVAC systems. 

Mrunal uses a Raspberry Pi based temperature monitoring system to address MySQL data [36]. We 

also utilize Raspberry Pi as our emulation and implementation platform. It’s highly extendable and 

contains a strong enough CPU core to address our algorithm and data processing progress. In [101], 

an energy-efficient Fi-WSN is introduced. The first emulator reflects the scenario of residential 

building. Compared to these simulators, we build up the whole data collection, analysis, modeling 

and control system for building energy cyber-physical control. 

Our proposed emulator could use Zigbee standard to wirelessly receive data from occupancy 

sensors. Then, the emulator can perform multiple computing steps such as denoising, data fusion, 

and prediction to save energy by automatically controlling air flow amount. The control level 

changes with respect to the time-varying occupancy data. Inexpensive (<$10) sensors and portable 

hardware are used in the platform. This is a much more intelligent CPS than today’s market 

products, which just respond to the occupancy information by simply turning on/off the HVAC 

system when the occupants leave or return to the room. 

 
3.3 Hardware Emulators 

 
In the following section, the hardware/software designs of two hardware emulators will be 
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described. The first emulator reflects the scenario of residential building. It utilizes the Raspberry Pi 

with sensors to collect different occupancy information for the purpose of room temperature 

control. The next emulator is the sensor-to-HVAC communications via BACnet system in 

commercial building. In this emulator, data could be transmitted to HVAC wirelessly so that they 

can be analyzed for energy saving control. In order to detect the occupants and environment, the 

emulator has used different sensors, including passive infrared (PIR) sensor and temperature sensor, 

etc. Those sensors are inexpensive and easy to install. 

 

3.3.1 Hardware Emulator 1: for residential building 

1) Objective 

There are various types of sensors which can be used to detect the residential building 

occupancy status, including PIR/motion sensors (they use pyroelectric signal pattern changes to 

detect humans), acoustic sensor (using sounds to recognize human activities), imaging sensor (using 

image processing and pattern recognition to count people), etc. Those sensors may be used 

individually or collectively (different types of sensor data can complement with each other). We 

need a physical or virtual (i.e., software-based) data server to receive, store, and analyze the data for 

building energy-saving purpose. In this demo, we utilize the Raspberry pi as the real data server 

which can perform sensor data fusion. The raspberry pi board should be programmed to calculate 

the occupancy information in real time, so that the temperature and air flow in residential house 

could be controlled accordingly. 

2) Difficulties 

However, there are some issues to be addressed while realizing the data server. First, the 

data format is not standardized; thus, the data fusion algorithm cannot be easily applied to the 

occupancy data. Second, there is no existing open-source codes for stable control logic used in 
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different types of sensors. Third, there are no commercial thermostats which allow the engineer to 

change its internal functions according to different sensors’ data. In other words, those products are 

not reprogrammable. Therefore, in this emulator, we will build our own ‘thermostat’ (using 

emulator) by using Raspberry Pi and other required sensors, which are cheaper and more 

convenient to program than thermostat products. The control logic of our emulated thermostats can 

also be easily changed based on different control requirements. 

3) Methods 

The digital display/control unit of the thermostat shows current temperature and heat-

up/cool-down set point in its LCD screen It can also send signals to HVAC through its output port to 

control Heating ON/OFF, Cooling ON/OFF, and Fan ON/OFF. In this demo, we would like to 

establish the communication links between the thermostat and occupancy sensors. In order to 

program the control logic, we use Raspberry Pi as the data server to gather sensor information. Then 

transmit the data to the HVAC system. We use three lights: red, blue, and yellow Lights, to 

represent FAN, Cooling Down, and Heat Up, respectively. The ON of each light means the set point 

that the unit/instrument should achieve for normal functions. The ON status will last for three 

seconds, then it will automatically turn to OFF. The ON of the Red light tells us that at least one 

person has passed the PIR sensor (thus the control algorithm should assume it is an Occupant 

Coming case). The ON of the Blue Light means that the cooling down set point is achieved; in this 

case, the Cooling Down device/instrument should start to operate. Likewise, the ON of the Yellow 

Light means that the Heat Up set point is achieved such that the Heat Up device/instrument should 

start to work/take actions. A relay bus is employed to mimic the output port of the thermostat. The 

output pins of the Raspberry Pi are first connected to the relay bus’s control inputs. Then the output 

switches are connected to the three lights, namely, the Red Light, Blue Light, Yellow Light. Once a 



38  

HIGH signal is sent out by the Raspberry Pi board, the corresponding relay bus will turn its switch 

to ON status such that the light connected to its output is turned on. This indicates that the control 

signal from the Raspberry Pi can be used for HVAC control. 

(Figure 3.3) shows the connection as well as outputs of the Raspberry Pi, the relay bus and 

the three lights. The experimental results demonstrate that the Raspberry Pi can send out trigger 

signals based on (1) occupancy sensing results and (2) the room temperature, then Raspberry Pi 

uses the Relay Bus to control the three lights’ ON/OFF status. After we ensure that the 

communication channel between the thermostat and Raspberry Pi is well established, further steps 

are taken to make sure that the Raspberry Pi board can correctly detect the occupancy status and send 

out signals for control purpose. 

 

 
Figure 3.3: The System Setup for Mimicking the HVAC Control 

 
We have built an emulator by using Raspberry pi and PIR sensor to detect the occupants in a 

room. If an occupant passes the PIR sensor (the sensor is sensitive to any motions within 10 meters 

of range), there is a “1” showing in the console. On the contrary, if there is no occupant detected by 

the PIR sensor, the console pops up a “0”. We have used a counter to count the total amount of 

occupants detected by the PIR sensor. The counter’s value as wells as the time of detection are 

saved to the local memory of the Raspberry Pi in .csv format. (Figure 3.4) is an example of how 
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detection data is saved in the Raspberry pi board. 

 

 
Figure 3.4: The Data File Saved Locally in Raspberry Pi to Record the Time and the Amount of 

People that are Detected 
 

After the PIR sensor data is saved in the Raspberry Pi locally, any computer in the same 

subnetwork can fetch that file easily because the IP address of the Raspberry Pi is known. In our 

emulator, such a data sharing is achieved through the BACnet “WhoIs - Iam” handshake process. 

“WhoIs – Iam” is one of the most important coding parts for communication and exchanging the 

data. In this code, we need to first initiate the handshake application with “bacpypes” package in 

python. Then three more functions are defined including request, confirmation, indication. In 

command window, “whoIs” is asked directly to try to gather the parameters such as the server IP 

address. If you answered with ‘Iam’, then two devices are connected for sharing the parameters. 

We have used a laptop to serve as a server to fetch the data file from the Raspberry Pi for every 5 

seconds. SCP (Secure Copy Protocol) is used to build up the communication bridge. But UDP file 

transfer between the server and client using Python can also be used if we want to make the whole 

procedure compatible with BACnet protocol. 

(Figure 3.5) shows the plotting interface which reflects the number of occupants (y-axis) 

and the time (x-axis) when the last occupant is detected. The Matplotlib module of Python is used 

for the curve plotting. In this figure, we can see that the number of occupants is increasing in 
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different timestamps. 

 

 
Figure 3.5: The Results in the Sever to Show the Total Number of Occupants 

 
3.3.2 Hardware Emulator 2: for commercial building 

1) Objective 

In order to enable the HVAC control center to send the energy-saving control signal, we 

need to establish the reliable communication channel between the sensor data center and HVAC 

control center. Moreover, it is also necessary to transmit/receive data among different data sensors in 

either wired or wireless links. Additionally, multi-hop (instead of single hop) data transmission in a 

large residential building is needed so that we can gather the occupancy information and send to the 

control center in HVAC. 

2) Challenges 

We can transmit the data in wired and wireless links with the situation that all transmissions 

should follow the BACnet communication protocol for standard building control. In our platform, we 

have built a hardware/software system for building energy control based on BACnet protocol. Then, 

the data fusion packets can be sent back to the data center. Because there is no open-source 

communication software on BACnet protocol, we have built the whole communication and control 
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system from scratch. Furthermore, the sensor data is processed so that the control system in HVAC 

could send out the correct control signals. Multi-hop data transmissions can be easily added to the 

emulator since Zigbee-compatible protocol is supported. Compared to single-hop case, multi-hop 

transmission has longer transmission delay and higher packet loss rate between data centers. 

3) Methods 

In this emulator, we are able to demonstrate the successful communications between the 

occupancy sensor and the HVAC control center based on BACnet protocols. BACnet 

communications mainly rely on the recognition of IP addresses and the use of UDP protocol. As 

long as the instrument and device’s IP addresses are known, the file transfer can be easily 

performed. Again, we can utilize the “WhoIs - Iam” BACnet handshake procedure to obtain the 

client devices’ IP addresses for the server’s applications. In this emulator, we have setup IP 

addresses for four different devices: “192.168.92.68” is assigned to Raspberry Pi (with sensor), 

“192.168.92.5” is for the host computer (X220 laptop), “192.168.92.11” is given to virtual machine 

1 (the server), and “192.168.92.13” is assigned to the virtual machine 2 (the client for HVAC 

control). All four machines have the mask of “255.255.255.0” such that they are within the same 

subnet to support simple UDP communications. Note that all the devices/instruments do not need to 

be within the same subnet. Routers and Gateways are employed to handle the communication issues 

across different subnets or backbones. The reason that we use only two virtual machines is to save 

hardware resources. We mainly use two electronic devices in this emulator: Raspberry Pi and a 

laptop. The virtual machines 1 and 2 are both within Ubuntu 18.04 OS which are installed in two 

VMware WorkStation 15 Player frames. The network setting of the VMware Workstation 15 Player 

frame is in a mode called “Bridged: Connected directly to the physical network”. (Figure 3.6) 

shows the case that the virtual machine can ping the Raspberry Pi device successfully. 
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Figure 3.6: Ping the Address of Raspberry Pi via Virtual Machine 
 

It is necessary to trace each device’s status in this emulator. Therefore, we save a file 

locally for each machine, no matter it is a physical hardware or just a virtual machine. The data is 

saved in .csv format. The number of occupants entering into the room and the time of arrival are 

stored as records in the .csv file. The stored data can be easily plotted in curves if using .csv 

format. We have used Matplotlib in the second emulator for data plotting/visualization purpose. 

The server (virtual machine 1) not only plots the data but also saves the data in its own 

hard disk. Such data will be distributed to other clients for further processing/control. We have 

setup a HVAC control machine (virtual machine 2) in this demo. The HVAC machine uses SCP to 

obtain the data from the server (virtual machine 1), and then uses the data for HVAC control. 

The panel’s parameters are updated periodically. The equation for control strategy can be 

specified to control the ventilation based on the total amount of people detected by the PIR sensor 

of the Raspberry Pi board. We have used PySimpleGui for HVAC control panel development. 

(Figure 3.7) is the whole setup of the second emulator. 
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Figure 3.7: Testbed Setting for Connecting HVAC Virtual Machine with Server to Get Sensor Data 
 
3.4 Testing Platforms 

 
In order to show the communications between HVAC server and control server via BACnet 

protocol, we use YABE (Yet Another BACnet Explorer) and WebCTRL as a browsing BACnet 

device window for testing and validation. We would like to analyze the data from sensor to obtain the 

occupancy amount and then get a setpoint value with a simple logic. The set point (present value 

field in the YABE Property part) can be overwritten by the control server (written in BACpypes 

code) ‘Reading Property’ function. Instead of simply using command window/built up files to 

change the property value (set point), we write codes to define the whole BACnet device object and 

properties, and then change the value we want. 

3.4.1 YABE Platform 

Yabe (Yet Another BACnet Explorer) in (Figure 3.8) is graphical window-based program for 

exploring and navigating BACnet devices. It is also a free/open source platform to browse BACnet 

devices on either Windows or Linux. It currently supports both BACnet IPv4, IPv6 + BACnet 

MSTP + BACnet PTP + BACnet Ethernet. There are some basic functions for read, write, read 

multiple, write multiple, iam, whois, subscribeCOV, notify, WriteFile, ReadFile etc. 



44  

There are several steps to use the Yabe program. First, we need to start up both the Yabe and 

the BACnet devices. In order to check the communication between Yabe and the BACnet 

 
 

Figure 3.8: Yabe platform with virtual BACnet device and properties value devices, we need 

to add devices under the ‘BACnet/IP over UDP’ field. The program will now add a UDP connection 

to the ‘Devices’ tree and send out three "WHOIS" broadcasts. If there’re any BACnet/IP devices in 

the network, they will show up in the tree. For example, it will show up as something like 

"192.168.92.5:57049 - 389002". It has the IP address, the UDP port and the device ID of the current 

device with Yabe program. If there are more than one ethernet card, we can also select a local 

endpoint IP address to add. If that interface does not have a gateway shown, we can either select one 

from the list or write one on our own. Afterwards, the BACnet device will show up in the ‘devices 

tree’ and all the nodes of the device will be fetched and displayed in the ‘Address Space’ in Yabe. 

In order to explore the properties of a given register, we need to select the node in the ‘address 

space’ tree and the program will also fetch and display all properties in the ‘Properties’ field. 

However, there is also a problem with multiple UDP clients on the same IP, that is, they 

only connect to one BACnet UDP port and seek to transmit all their traffic through this port. Our 

solution to this problem is to use more than one client at each machine, for instance, we might use a 

virtual machine with a client by using different IP addresses. There is also another way to solve this 
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issue: we can connect two sockets in the program instead. The BACnet socket at 0xBAC0 should be 

used for receiving broadcasts and it cannot be used to transmit any data or receive any unicast 

traffic. If we want to transmit a broadcast, we should use another socket (a random port) and send 

the broadcast traffic to the 0XBAC0 port. The random port will be flagged as the source for this 

broadcast. In this case, when other clients pick up the broadcasted message, they will transmit back 

their unicast message to this random port instead of the 0XBAC0 port. 

3.4.2 Communication Step 

1) Detect the BACnet protocol device 

BACnet is a connection-less protocol based on UDP instead of TCP. Once the address for the 

communications with another device is known, we can just send it a request and wait for the 

response back. This is different from HTTP or other protocols where the request and response are 

inside a connection that provides a context for the exchange, as shown in (Figure 3.9). Every 

BACnet device has a unique identifier, created by a business process outside of the protocol. 

Those identifiers are given to devices within a BACnet intranet. For example, if we are 

given a device ID 1003 and a VAV box with device ID 4005, we can send out a broadcast ‘Who Is’ 

looking for the device that will respond with an ‘I Am’. We then use the source of that message to 

"bind" to the device ID, such that every time we talk to the device (like sending it a Read Property 

request) we can use that address. 
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Figure 3.9: Detect the device by UDP communication protocol 

 

Therefore, if we know the address of the device, for example, 10.0.1.12, and someone told us 

that the VAV is at 10.0.1.75, we can send it a unicast message ‘Who Is’ without providing a device 

range, and it will send back an ‘I Am’ with its device identifier along with other BACnet 

communication data. This also completes the "binding" of device IDs and IP addresses. 

2) Communication – send/receive request 

In order to achieve communications between devices via BACnet, we need to send out 

Who-is and I-am messages and display the results that it receives. BACnet has unique device 

identifiers, and most applications use these identifiers in their configurations to get to know whom 

they communicate with. Once these identifiers are given to a device, they typically do not change, 

even as the network topology changes. Therefore, we can send request message and receive 

confirmations between two devices. BACnet devices use the ‘Who-is’ requests to translate device 

identifiers into network addresses. It acts like a decentralized DNS service. However, the names of 

the DNS service are unsigned integers. The request is broadcasted to the whole network, and the 
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client waits around to listen for ‘I-am’ messages. 

The request from “who-is” is marked as “unconstrained”, meaning every device that 

received this message will respond with their corresponding “I AM” messages. After broadcasting 

the requests, we might start seeing BACnet traffic in the device’s screen, and we can also see at least 

a broadcasted ‘I AM’ message. Afterwards, the source address of the ‘I AM’ response is tied to the 

device identifier and most communications are unicast messages thereafter. The following codes 

shown in (Figure 3.10) respond to the request broadcasted globally and transmit the IP address and 

other information back to the broadcasting device via BACnet. 

3) Create virtual BACnet device 

BACnet devices provide information using objects. Each object has a certain number of 

properties that can be read. To read a single property, both the object identifier and the property 

identifier must be passed to a ‘ReadPropertyRequest’, which will be sent to the remote device 

afterwards. Each BACnet device at least needs to provide a Device object. Meanwhile the device 

object of a remote device can be retrieved using the ‘objectIdentifier()’ method of the remote device. 

The device object contains a list of all other objects provided by the device, that can be retrieved 

using the code shown in (Figure 3.11). 
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Figure 3.10: Send and reply the request between two devices 
 

 

Figure 3.11: Create BACnet device object using Python 
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4) Read/Write propertites of setpoint 

As shown in (Figure 3.12), after creating the object, we can simply use ‘Read Property’ 

requests for sending the value of Analog Input Object 1, written analogInput:1 in the sample 

applications, stored as (’analogInput’, 1) in the Python code. The sample application we picked is a 

server (not a client). It responds to whatever request is seen on the wire. It will respond to Who Is 

requests and Read Property requests that it has been given by a client but will not initiate any in 

itself. In each object, there are several analog values including identifier, name, status flags, and 

present value. In this case, the present value can be the setpoint we read from analysis. 

5) Create virtual BACnet device 

Afterwards, we can build the communication bridge between our data server and WebCTR. 

As shown in (Figure 3.13), WebCTRL is a BACnet-native, browser-based building 

 
 
 

Figure 3.12: Read BACnet device Properties using Python 
 
automation system, through which users can fully access their buildings’ schedules, setpoints, 

trends, alarms, and other control functions from virtually any computer. Users can also control their 

buildings with WebCTRL from wireless devices such as a tablets and cell phones. 
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Figure 3.13: WebCTRL platform 

 
WebCTRL supports multiple languages simultaneously and includes a powerful 

spreadsheet-based reporting tool. As a native BACnet system, WebCTRL interfaces with 

LonWorks, Modbus and many other protocols to provide an integrated solution to building control 

needs. WebCTRL is certified by the BACnet Testing Laboratory as BACnet Advanced Workstation 

Software. Therefore, the WebCTRL is used to browse the information from real BACnet device 

such as temperature sensor etc. 

The machine with WebCTRL we picked is a server, not a client. Thus, it responds to 

whatever request is seen on the wire. It will respond to ‘Who Is’ requests and ‘Read Property’ 

requests that it has been given by a client but will not initiate any by itself. If we would like to talk to 

the sample application from the WebCTRL server, we need to make sure that it also sends out a 

‘Who Is’ request automatically. 

In this case, the server is looking for other BACnet-compatible devices such as a data server. 

With ‘Who Is – I am’ communication through UDP, we can set up a communication using IP address 

on WebCTRL. The IP address on WebCTRL has already been set to a certain number, we need to 

modify our data server to a certain range. For example, as shown in (Figure 3.14), the IP address is 

192.168.168.100, and our data server can be set to 192.168.168.5 accordingly. 



51  

 

 

 

 
 
 
 
 
 
 

Figure 3.14: Communication configurations in WebCTRL though UDP 
 

(Figure 3.15) shows that the communication is successfully built between WebCTRL and 

our data server though UDP. Since the WebCTRL is a BACnet based browser, the readings of the 

information can be shown in the Yabe to prove the successful communications. 

WebCTRL is a browser and can only read properties from BACnet devices. In order to 

change the function such as showing ‘setpoint’ inn WebCTRL, the BACnet device should first 

provide the ‘setpoint’ function for WebCTRL to read. Everything that happens inside a device 

(such as how information is presented to applications, how the applications are structured, 

configured or programed, and so on), is a "local matter", which means that it is up to the vendor to 

 
 

Figure 3.15: Communication between WebCTRL and our data server 
 
provide a tool to do that. BACnet is there to help devices exchange data, and lots of metadata is 

available as well through optional properties if the vendor wants to take advantage of them. In the 

following code, we can construct a BACnet device by using Python, thus we can change the 
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‘setpoint’ to ‘overwrite’ the previous one. 

 
3.5 Platform Extensions 

 
The Transmission Control Protocol/Internet Protocol (TCP/IP) suite was created by the 

Department of Defense (DoD) to ensure and preserve data integrity, as well as maintain 

communications in the event of catastrophic war. Compared with other transmission protocols, 

TCP/IP is a reliable protocol that resides at the transport layer of the OSI reference model. It 

accounts for the retransmissions of lost data in order to guarantee the reliable data delivery. Hence 

TCP/IP can sort packets with disrupted order. Examples of applications that utilize TCP as a 

transport are HTTP, E-mail and FTP, just to name a few. 

After the upper layers send a data stream to the Transport layers, the Internet (IP) layer then 

routes the segments as packets through a subnetwork. The packets are handed to the receiving 

host’s Host-to-Host layer protocol, which rebuilds the data stream and hands it to the upper-layer 

applications or protocols. TCP/IP creates a reliable session by setting up a virtual circuit (TCP 

connection), which includes acknowledgements, sequence numbers and windowing (flow control). 

TCP utilizes a three-way handshake steps to establish the TCP connection. The connection is 

uniquely identified by a combination of source IP address/port number and destination IP 

address/port number. 

The data sent to HVAC system could use AI as the engine. The idea is shown in (Figure 

3.16). Regardless of the actual thermostat capabilities, a cloud-based AI analytics engine can 

implement HVAC control algorithms in a third-party application layer. The AI analytics engine can 

handle big data via machine learning algorithms. IoT sensors can be installed throughout a home to 

collect data from every room, instead of collecting data from the room with the thermostat. Sensors 

then transmit data to the cloud for further processing by the AI analytics engine. HVAC commands 
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produced by the AI engine are delivered to the thermostat and can ultimately control the HVAC 

unit. 

 
 

Figure 3.16: Smart Communications Between Sensors and HVAC Systems Through AI Engine 

 
3.6 Conclusion 

 
In this paper, we have presented two emulators that can sense the occupancy data in 

residential or commercial buildings in order to save energy through an improved control of HVAC 

system. For residential building, the system collects different sensor data and performs the data 

fusion in the data server. Then the system processes the data in the Raspberry Pi board in real-time to 

control the air flow of residential building temperature. For commercial building, the multi-hop 

communication protocol could transmit sensor data among several rooms. The data is received by a 

control server through BACnet communication scheme in an HVAC system. In addition, all the 

occupancy data can be analyzed in the data server, then gets transmitted to the control server. We 

use YABE and WebCTRL to test the communications with a great performance. In the future, an AI-

based engine will be built to process all the sensors’ data via big data learning algorithms. 
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CHAPTER 4 
 

DISTRIBUTED SCALABLE SIMULATION MODEL  
 
 
4.1 Introduction 

 
The load forecasting of power demand is critical to the development of the modern power 

system. Buildings are identified as the major energy consumer today, accounting for around 

20%-40% of the total energy use [4, 81, 109]. Buildings are the main sources of energy 

wastage as well [77]. Therefore, it is very important to perform the precise forecasting of the energy 

loads in the next time window since it can influence the stability and efficiency of the power 

management system. 

It is important to minimize the energy wastage at the grid level. With the use of efficient 

power distribution equipment, the function of power grid is evolving into to a paradigm of smart 

grid [22, 74]. Compared to general power grid, smart grid is more promising in terms of power 

management and generation [53]. In smart grid, intelligent energy use control is required due to the 

complex utility-customer interactions and dynamic energy use behaviors. To this end, accurate 

electric load forecasting can significantly facilitate the power system operations. The forecasting of 

the energy consumption can ensure the reliability of the smart grid and provide load balance. 

In order to predict the energy consumption of the buildings, different kinds of sensors may 

be deployed to collect building parameters such as temperature, humidity and occupancy 

information, etc. The advent of smart meters enables the acquisition of energy consumption data at 

the room level. Therefore, data-driven, statistical forecasting models become important approaches 
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in building energy management [53]. 

There are three categories of building-level energy prediction, i.e., short-term, mid-term, and 

long-term [74]. Long-term load forecasting aims to facilitate power system infrastructure 

management, while mid-term and short-term load forecasting could be essentially used in many 

time-sensitive operations such as heating, ventilation, and air conditioning (HVAC) control. 

Generally, building-level load prediction in mid-/short-term forecasting is more difficult than 

residential homes due to the complex building occupancy behaviors [74, 116]. 

One of the main approaches to perform load forecasting is to use statistical and machine 

learning (ML)-based models. For example, in [116], it used a support vector machine 

(SVM)-based regression model coupled with empirical model for long-term energy 

prediction. In [38], a kernel-based multi-task learning methodology was used to predict the energy 

consumption. Sparse coding [53] was performed to forecast the mid-term load. However, with 

massive amount of data collected from many sensors in a building, general ML algorithms 

are not enough due to their limits in computational cost and efficiency. Therefore, mid-/short-term 

load forecasting remains as an open challenging issue. 

Recently, deep learning (DL) has become one of the most active research topics and is used 

in many different scientific fields. Compared to general ML algorithm, DL uses multi-layer 

perceptron and stochastic gradient descent/ascent optimization model, and thus consistently 

outperforms the traditional ML approaches such as SVM and hidden Markov model (HMM). 

In [53] it used artificial neural network (ANN) ensembles to predict energy consumption. 

The change of the number of layers in ANN could offer a different level of abstraction to improve 

the task performance and learning capability [10]. 

Especially, in the learning process of sequence data, recurrent neural network (RNN) and 

long short-term memory (LSTM) [51] networks have received enormous attentions due to special 
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sequential data characteristics of building sensor data. However, DL’s high accuracy comes at the 

expense of high computation/memory overhead for both the training and inference phases of DL 

algorithm [18]. Millions of parameters may be needed to train a DL model, thus it is 

computationally expensive and time consuming. During the training step, all the parameters need to 

be iteratively refined over multiple time periods. Besides, high dimensionality of data can also result 

in high computational cost in the inference step. 

Additionally, there are also some other challenges such as latency, scalability and privacy 

(LSP). Regarding latency, the real-time inference model is critical to many applications. For 

example, in the building the counting of occupants needs to be quickly performed to adjust the 

short-term energy consumption. Regarding scalability, data transmitted from various sensors to DL 

computation server may introduce scalability issue. This is because that with the increase of the 

number of connected devices, the network access to the DL server could become a bottleneck among 

the network connections. Regarding privacy, the data transmission between the edge devices and 

the server may leak information during the communications. For example, occupants’ facial images 

are sensitive data and need to be protected from leakage. 

To meet the above LSP requirements in DL computation, edge-computing-oriented 

simulator is a viable solution since it does not need to deal with the large number of model 

parameters in the DL server. In edge computing simulator, a fine mesh of end devices provides 

powerful computational capabilities [91]. In order to deal with the latency issue, data processing 

and computation functions can be moved to the edge devices instead of asking the central server to 

execute all algorithms. In this case, online modeling can be used since it reduces the end-to-end data 

exchange latency. To handle the scalability issue, a hierarchical building energy management system 

architecture is proposed. The architecture consists of different number of end devices (such as 

sensors), edge compute nodes and data center server. The server can allocate computing resources 
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to various clients. Therefore, edge computing can avoid the network bottlenecks at the central data 

server. To address the privacy problem, data can be processed close to the sources by using edge 

computing protocols. In this circumstance, data will not be exposed to the public internet. 

Meanwhile it also has lower probability of being attacked. 

In this paper, it aims to build a simulation model on DL-based edge-computing architecture 

for energy load forecasting purpose. There are three major novelties. First, an edge-computing-

oriented simulator is used to construct an online energy data processing and modeling platform, 

since data can be processed in the end devices instead of the central server. Second, with the 

exploratory data analysis conducted in the first step, LSTM is used to forecast the energy load since 

it can effectively capture the sequential energy consumption pattern and has more accurate load 

prediction performance than general DL models. Third, our simulation methodology can provide 

more interpretable characteristics. Other than simply inserting the raw data into a DL ‘black-box’, 

our extracted data features are explainable for the future use, such as more efficient building energy 

allocation management policy. 

The rest of the paper is organized as follows. Section II provides the background of edge 

computing, the load forecasting community and LSTM algorithm. Section III presents our proposed 

simulation methodology as well as the dataset features. Section IV provides the data processing 

process and edge computing simulation results by using LSTM. Finally, Section V concludes the 

paper. 

 
4.2 Related Works 

 
In this section, we provide the background of edge computing. Several studies related to the 

building energy forecasting will also be discussed. Then LSTM model structure is briefly described. 

These two topics (edge computing and LSTM) serve as the basis of our scheme to handle the 
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building energy load forecasting problem. 

4.2.1 Conventional Learning Algorithms 

There have been some studies in the area of building load prediction. In [14] the 

autoregressive integrated moving average model was used to predict the energy consumption. The 

intra-day energy forecasting method was also used to improve the prediction performance. By using 

this method, similar days were grouped into clusters. The prediction of ordinary days outperformed 

the unordinary days. In [63, 119], radial basis function (RBF)-based neural network has been utilized 

to deal with the energy prediction problem. Based on the real-time electricity price, in [63] it used 

RBF together with the adaptive neural network to improve the prediction performance. It also found 

the solution to the day-ahead prediction problem by using the back-propagation algorithm. A neural 

network with only the load values of the current and previous time steps was introduced in [83]. 

Ensemble models were used in [122] to learn and predict the total energy consumption. Some studies 

[2, 123] used k-nearest neighbor (KNN) algorithm to forecast the energy consumption. Bayesian 

neural network and Wavelet transformation were used to form a hybrid prediction model in [43]. It 

achieved good forecasting performance in system-level prediction. 

Instead of just forecasting parameters in the system level, some studies concentrated on the 

smart grid applications to obtain effective energy prediction results. In [84, 121], clustering and 

decision tree were used together to select the suitable prediction model. Markov chains were used in 

[97] to fit the clustered historical data sequences. Those studies showed that clustering [35] and 

grouping models could decrease the prediction error effectively. Some studies focused on the 

diversity of different end users. In [17, 44], they first processed the data from a single building by 

using the time series forecasting model and Kalman filter estimator. In [89] Deep neural network 

(DNN) was used to improve the accuracy. In [74] it showed a conditionally restricted Boltzmann 

machine performed better than shallow ANN and SVM models. LSTM was used in [71] to predict 
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the load consumption. 

There are several edge computing simulation methods used in the end devices to achieve 

online, real-time prediction performance. In the field of computer vision [88], the edge-based 

system was used to select the photos intelligently [124]. In [52], video analysis tasks used edge-

based method to balance the load. In the application of natural language processing [115], on-device 

deep neural networks (DNN) were used to perform the speech classification and recognition [5]. In 

[61], the optimized recurrent neural network (RNN) was used to detect the speech patterns. In 

network caching applications [128], it is necessary to reduce the caching latency by using the edge 

computing architecture, which could also be used to achieve the intrusion detection [72, 76] and 

wireless scheduling [20]. In [90] edge computing was used to train the traffic model in order to 

predict the content popularity. In Internet of Things (IoT) applications, it may be difficult to achieve 

real-time data processing since there may be several streams of data. Moreover, space and time 

correlations in data fusion process [112] should also be handled. For some end devices like raspberry 

pi [60, 126] in sensor networks, low-complexity models are required to utilize the limited 

memory/CPU resources. Edge computation also helps with the privacy protection capability in the 

end devices [75]. 

4.2.2 Model structure 

Recurrent neural network (RNN) has similar model architecture as feed forward neural 

network. However, it is equipped with an additional recurrent connections to the same neurons in 

each time step [92]. The output of each time step is based on both the current state input and the 

input from the previous time steps. 

RNN is suitable to use in modeling temporal behaviors found in time series 

data.Specifically, RNN is used in sequence-to-sequence model structures. It uses a sequential input 

such as x1, x2, ..., xT , and the previous hidden states, to compute a sequence of outputs 
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y1, y2, ..., yT . The output yt at time step t is: 

yt = f (xt, h(t−1)) (1) 

where h(t−1) denotes the previous hidden state; f is a non-linear function. Conventional RNNs 

can be used to establish the relationship between the previous and current data inputs. Such a 

feature is beneficial to the energy consumption prediction based on a large amount of time series 

data. 

LSTM is an enhanced RNN [108, 110] that is specifically constructed to address the vanishing 

or exploding gradient problem in sequential data processing. It can store a longer time sequence than 

general RNN. Gradient vanishing means that the norm of the gradient in back propagation process 

decreases to zero at an exponential rate, while the exploding gradient shows the opposite trend. 

Therefore, LSTM model structure addresses the problem that two RNN cells are far away from each 

other due to the gradient vanishing problem. 

An LSTM model consists of some self-looping memory cells. Temporal data can be stored 

in the cells. Each cell in LSTM sends two state variables to the next cell, which ensures the 

reliability of data transmission [105]. It can also avoid the gradient vanishing problem. Additionally, 

the results of LSTM models are highly repeatable [46]. 

There are three gates (input gate, forget gate and output gate) to determine whether it should 

‘accept’ or ‘forget’ the information. 

The definition of LSTM model is given by the following 6 equations, 

ft = sigmoid(Wf xxt + Wf hh(t−1) + bf ) (2) 

it = sigmoid(Wi xxt + Wihh(t−1) + bi) (3) 

gt = tanh(Wg xxt + Wghh(t−1) + bg) (4) 

ot = sigmoid(Wo xxt + Wohh(t − 1) + bo) (5) 

st = gt ∗ ∗it + s(t−1) ∗ ∗ ft (6) 
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ht = tanh(st) ∗ ∗ot (7) 

where W represents different weight matrices, ft is the forget gate, it stands for the input gate, 

ot corresponds to the output gate, gt is the updated gate signal; and the operator ∗∗ means the 

operation of element-wise multiplication. 

All the three gates are used to determine whether the updated data can change the memory 

state or not. Sigmoid function is used as an ‘on/off’ switch to connect the previous and current 

information. Specifically, data is updated (switch is ‘ON’) when the output of sigmoid function is 

close to 1. Therefore, an LSTM block serves as the ‘soft’ switch to determine whether signals 

should be passed or not. If the gate is 0, the signal is blocked by the gates. 

All the decisions made by input gate, forget gate and output gate are independent of each 

other. The input gate signal controls what to preserve in the internal state. Meanwhile, the forget 

gate controls what to forget from the previous state. Afterwards, the output gate determines which 

updated state could be passed as the LSTM block output. For the sequential data, all the above 

processes are iterated in each timestamp. All the weights and biases can be learned by minimizing 

the cost function, which is to decrease the difference between actual sample labels and the LSTM 

block outputs. LSTM cells can be stacked into a multi-layer architecture to build a DNN, as shown 

in (Figure 4.1). Information of the current time step can be maintained to compute the future 

LSTM block output. 

Moreover, LSTM can be used to address the classification and regression issues, such as 

classification evaluation, data prediction, and non-linear patterns recognition, etc. There are three 

main steps for the LSTM networks, including feature extraction, LSTM neural network 

computation, the use of a Softmax layer or fully-connected neural network layer for the 

classification or regression purpose [104, 111]. The above 3 steps are detailed as follows: 
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Figure 4.1: Multilayer LSTM architecture 
 

First, feature extraction can be implemented by using a fully connected layer with ReLU as 

the activation function, that is, 

zt = σ (Wxt + b) (8) 

where xt is the input of the fully connected layers, zt is the output of the fully connected 

layers; W is the weight vector of the layers; b is the bias of the layers; σ is the ReLU activation 

function, which is formulated as ReLu is the max compared with 0. There are several advantages by 

using this function, including efficient gradient propagation, sparse representation and efficient 

computation. 

Second, two layers of the LSTM neural networks are stacked together to build a more 
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reliable model. It is used to train the weights after the feature extraction layers. It improves the 

prediction and classification performance with a strong learning capability. 

Third, the Softmax layer is utilized as the last layer before the fully connected layer to 

calculate the probabilities for regression or classification problems. Moreover, it also maps the N-

dimensional vector to the normalized data, such that we have the prediction results. 

Therefore, the loss function Loss(t) of the LSTM model can be formulated as 

backpropagation can then be used to train the LSTM neural networks recurrently. Moreover, Adam 

optimizer can also be used to optimize the model training process. 

 
4.3 Simulation Architecture 
 

The main challenge of building energy forecasting is the consideration of diversity, 

volatility and latency. This section first introduces the data collection equipment we have used as 

well as the dataset architecture. Then the simulator architecture is presented with the 

communication and edge computing components. 

4.3.1 Data set 

The dataset is collected from a Heating, ventilation and cooling (HVAC)-equipped 

building with different kinds of sensors. The system is setup for mimicking the HVAC control. 

Temperature and humidity sensors are connected to the Raspberry Pi board, which is used as the 

edge-computing device (deployed near the end devices). The dataset contains power-

consumption-related features with 20,216,100 measurements, ranging from 2016s to 2020s, 

including building characteristics and weather time series data collected from different sensors. 

The circuit connection of the Raspberry Pi is illustrated. The system can mimick the 

HVAC control, together with the relay bus and the three lights (to represent different building 

occupancy states). The experimental results demonstrate that the Raspberry Pi can be used as the 
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edge computing device to process data and send out the trigger signals based on the information 

collected from connected sensors, such as the room temperature sensor. Raspberry Pi can use the 

relay bus to control the three lights’ ON/OFF which emulates the room’s HVAC control status. 

Various sensors are used to collect the building parameters such as temperature and 

humidity, etc. The data is processed in the Raspberry Pi. The laptop shows the DL modeling 

results in the edge computing platform. LSTM DNNs are utilized to predict the energy 

consumption amount. This testbed demonstrates that a small-scale sensor network could perform 

the edge computing operations in each node. The architecture of DL inference in edge computing 

nodes will be explained in the next section. Moreover, a dataset from ASHRAE is also included in 

the dataset. 

4.3.2 Edge computing simulator architecture 

In some applications there may be no edge device to execute the DL algorithm. Even 

though the servers could speed up the modeling process, we cannot upload all the data to the 

server for calculations due to the communication bandwidth constraints. For this case offloading 

scheme can be used instead in several scenarios as follows. First, binary offloading can be used to 

make the decision about whether or not offloading the whole DNN. Second, partial offloading 

method may be used to determine whether we can offload a part of the DNN. Third, DNN can be 

computed in a distributed way across several peer devices. In edge computing system, the 

occupancy data can be collected from various sensors and then transmitted to the HVAC center 

for controlling purpose. Edge computing platform can also be used in some home network 

functions. Wireless scheduling may need to operate at a line rate in order to make online decisions 

on which packets should be delivered to which Internet device. 

Edge computing platform with the function of building energy prediction may have 

different architectures, as shown in (Figure 4.2). Three approaches require mini-, small- and 
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large-DNNs, respectively. 

In mini-DNN-based edge computing (mini-EC) system, the DNN can be processed in 

small edge devices of a residential home or building. The devices are typically some battery-

driven micro-sensors such as image sensors and temperature sensors. However, the limited 

resources of edge devices need to be carefully managed to address the tradeoffs between 

accuracy, latency and other performance metrics. 

The second architecture uses small DNN (called small-EC). It uses the concept of model 

partitioning. After computing the first a few layers of the DNN model, the size of parameters of 

the intermediate layers can decrease dramatically. The edge server and cloud can efficiently 

process the raw data than the edge devices. 

The third method is called large-EC, in which the computations of the DNNs can be 

distributed across several edge devices with the considerations of load-balancing. 

 
4.4 Simulation Model and Results 

 
The most straightforward simulation method is to offload all the computations to the edge 

server. However, this requires that the edger server can achieve the DNN-based online 

computations. In this work we have collected the data on the building/energy characteristics and 

examined if the edge server can handle the large number of parameters in LSTM model. 

Additionally, data preprocessing is performed to reduce the data redundancy. It also helps to 

improve the system processing capability and supports online prediction. The following sections will 

introduce the simulation method in edge computing system with building load forecasting. The 

framework of the whole forecasting is illustrated in (Figure 4.3). 
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Figure 4.2: Three different edge computing platforms with collected sensor data for building load 
forecasting 

 

 
 

Figure 4.3: The simulation methodology of building energy load forecasting 
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The proposed framework includes hardware, software and simulation methodology. Various 

kinds of data are collected using different types of sensors, such as temperature sensor, humidity 

sensor as well as occupancy sensors etc., which can be processed by the software tools of the edge 

devices. The simulation methodology includes data transformation, data processing, DL model 

training as well as testing results. 

Raw sensor data fluctuates greatly over time. A series of data are collected every certain 

time window. The data is then transformed to three different areas, i.e., building characteristics, 

sensor data analyze and energy consumption characteristics. Small amount of data collected from 

sensors can be performed inside the edge sensor devices or Raspberry Pi, while building 

characteristics and energy consumption information are processed within the IoT devices. The 

preprocessed data samples are separated into training and testing sets before the training process. 

Additionally, the testing samples are random selected. 

Data transformation is used to transform the data into a proper vector or matrix. There are 

several methods to address this issue. Smoothing can remove the noise by utilizing clustering, 

regression and binning approaches. Aggregation can be used to statistically summarize the data, 

such as calculating the means, median or variance, etc. Generalization can be used to replace the 

low-level raw data with high-level patterns by applying hierarchical concepts. Normalization is 

always used to adjust the data values into a specific required range. It can accelerate the leaning rate 

by using z-score, decimal scaling or minimum-maximum scaling methods. 

Dimensionality reduction algorithms may be used to decrease the size of the dataset via 

some encoding mechanisms. Entropy-based method can be used to discretize the data. It is 

introduced by Shannon during his research about the information theory. Clustering may also be 

used for data discretization. There are two strategies in clustering, including top-down and bottom-

up. Each cluster can be split into sub-clusters to form the low-level hierarchy in top-down models, 
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while clusters can be merged with neighboring clusters to form a high-level concept in bottom-up 

models. 

Data processing is necessary to enhance the reliability of the edge computing platform by 

providing computational resource improvement. It can reduce the data size, find the relations 

between data, normalize data, remove outliers, and extract the features from the data in the edge 

devices. One of the major steps is the data cleaning, which can be used to impute the missing value, 

smoothen noise data, recognize outliers as well as correct inconsistent values. Missing values can be 

filled by using global constants, attribute mean or the most probable values. 

There are also some abnormal data generated in the actual sensors due to load shedding and 

outage, communication interference, equipment failure and human malfunction. In this case, some 

approaches such as culling, replacement and interpolation can be used to process the abnormal data. 

The interpolation method can further be divided into several approaches, including mean value 

replacement, the replacement of the adjacent data of the same type, or the replacement based on 

maximum likelihood estimation. Compared to the entire observation data set, the number of the 

abnormal data samples is tiny. Some culling method such as Pearson correlation coefficient, can be 

used to address the abnormal distribution. Specifically, Pearson correlation coefficient analysis can 

be used to explore the degree of correlations between various impact factors and sensor data, such as 

temperature and wind power. In this case, the appropriate impact factors can be selected for the 

model. 

 
4.4.1 Building Characteristics 

It is critical to understand the building characteristics before we perform building energy 

prediction since each type of buildings may require different DL parameters. The characteristics 

of buildings that we consider consists of three different aspects, including site differences, various 

energy usages as well as floor levels. By processing these features, we can find out the size and 
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characteristics of the raw data. And then a suitable number of parameters can be allocated to each 

edge server. Those features can also increase the interpretability of the modeling results. 

As shown in (Figure 4.4), there is a large concentration near site 3, whereas there is barely 

any building near site 11. Since we use the same weather data for all buildings associated with the 

same site, it may be more difficult to predict the energy usage for the buildings associated to site 3. 

The building size distribution shows that most buildings are less than 100K square feet. However, 

there are still some large buildings in excess of 800K square feet. 
 

Figure 4.4: Building frequency by site and building size distribution by square feet  

Education, lodging (or residential), office, entertainment and public service buildings are the 

most popular building usages, according to (Figure 4.5). The building log size is mainly statistically 

distributed at 11 square feet, as shown in (Figure 4.5) (right). 

In (Figure 4.6), we can see that most of the buildings were built in the 70s to 80s along with 

some recent ones (2010s and 2020s), and there is half of the missing data on the construction dates. 

Moreover, there is a lack of buildings built in the 20s and 50s. It may be because that less 

constructions were made during those time periods or those documents were either lost or did not 
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Figure 4.5: Building frequency by usage and building log size distribution by square feet 
 
exist in the first place. With most of the floor count data is missing in the figure, we could assume 

that either the ground floor is counted as one floor or it is counted as an additional floor. In the 

cases that the floor count includes all the floors in addition to the ground floor, we can assume that 

most missing data represents the cases where there is only the ground floor, and we can thus just 

replace the missing data with zero. Other methods may be used to fill out the missing data. Most of 

the buildings in our data have less than five floors. Then we can find out the distributions of top five 

usage buildings, building sizes, and floor plans, as shown in (Figure 4.7). 

 

Figure 4.6: Building frequency by floor count and building frequency by year built 
 

(Figure 4.7) shows that the top five building usage takes 90.75% of the total building usage, 

the buildings with the size less than 100K square feet account for 69.98% of the total usage. The 

figure on the rightmost part shows that the buildings with less than five floors account for 76.34% of 

the total usage. 

While site 3 has the largest number of buildings, many of them are small-size buildings, as 
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Figure 4.7: Building usage percentage in terms of the top five consumption building, building sizes 
and floor plans 

shown in (Figure 4.8). There is a huge concentration of public services and education buildings on 

site 3. 

Figure 4.8: Heat plot of each building site in terms of square feet and log square feet 

Compared to other sites, site 11 has only a few buildings, according to (Figure 4.9). In terms of 

total surface area, site 3, 8 and 13 are almost the same. In site 11, the building information is 

limited. 

 
 
 
 
 
 
 
 

Figure 4.9: Total size and building number by site ID 
 

In (Figure 4.10), it shows that there is not enough information on the construction dates for 

the buildings in sites 6, 8 and 14. It also shows that we have much missing information on site 3. 
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Besides, there is still not much data available except for sites 1, 4, 5, 7, 10 and 12. 

 

 
Figure 4.10: Joint plot of site in terms of year built and floor count 

 
Parking is the largest building usage, as shown in (Figure 4.11). Compared to other 

buildings, there is also a large number of healthcare buildings, shown in the upper figure. It is also 

obvious that the construction of buildings aimed for education, lodging (or residential), office, 

entertainment as well as public service never stopped from 1900s to 2020s. 

In (Figure 4.12), the buildings with the size of around 100K square feet have a big number 

than other sizes. Some medium-size buildings are built recently. It is also shown that most 

buildings have small size and floor count. The buildings with various floor counts were mostly 

built around 1970s. 

4.4.2 Energy consumption Characteristics 

After we understand the building’s characteristics, we then investigate the patterns of the 

energy consumption in different buildings. Meter readings vary a lot due to different building 

parameters such as building types, site ID, primary usages as well as square feet. 

The meter ID code is interpreted as follows: 0 represents electricity, 1 is chilled water, 2 is 

steam, and 3 means hot water. In (Figure 4.13), it shows that a large number of buildings are only 

equipped with one meter type, and there are more buildings equipped with three meter types than 
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two types. Steam is the most inefficient way of heating things up. Below we will discuss the meter 

types in details. 

 
 

Figure 4.11: Box plot of primary use in terms of square feet and year built 
 

 

 
Figure 4.12: Joint plots (size year built, size floor count, floor count year built) 
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Figure 4.13: Meter readings with building counts 

 
Different types of meter readings are presented in (Figure 4.14). Some buildings are not 

equipped with electricity (shown as the absence number -1.00). Below we will analyze the 

relationship between meter types with other parameters. 

 

Figure 4.14: Presence or absence of meter types by building IDs 
 

In (Figure 4.15), it is obvious to see that site 3 mainly uses electricity. Food sales, services or 

healthcare, lodging or residential, and offices are better equipped with different kinds of meter types 

with different advantages. 
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Figure 4.15: Meter type count by site ID and primary use 

 
Buildings with different sizes better use the electricity; hot water is more suitable for small 

buildings, as shown in (Figure 4.16). 

As shown in (Figure 4.17), meter readings are expected to be significantly higher during 

 

 
 

Figure 4.16: Relationship between building energy types and sizes 



76  

work hours. There are considerable differences between building types as to what time the meter 

readings reach the highest value. Healthcare buildings’ peak value occurs in a slightly later time 

than other buildings. Manufacturing has high readings at an earlier time than other buildings. 

 
Figure 4.17: Time of Day and Meter Reading 

 
In (Figure 4.18), we can see that there are two months of time during which neither chilled 

water nor hot water usage is observed (the observation range is from Jun 2016 to Sep 2016). There 

is also a big spike in hot water usage at one point. 
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Figure 4.18: Examples of four different meter types in a building 

 
Four types of meter reading results are shown in (Figure 4.19). The log results are similar, 

which means that we can analyze the sensor data in the edge servers by using the same simulation 

method. 

4.4.3 Aggregation Characteristics of edge computing 

After processing the building energy data, the edge computing platform can then execute the 

LSTM model. Meanwhile, we can also build the aggregated data visualization models to find 
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Figure 4.19: Distributions of meter reading (log) by meter type 

out the anomalies or extremities among the edge computing data patterns. 

The total energy consumptions can be influenced by different parameters, as shown in 

(Figure 4.20). Generally, larger buildings use more energy; but there are a few exceptions due to 

some special building features. 
 

 
Figure 4.20: Total consumptions by site ID, floor count, year built and building size 

 
In the edge server, we can remove the outlier points and calculate the energy consumption 
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based on meter types during different time ranges, such us an hour, a day, a week and even a year. 

As shown in (Figure 4.21), in general there is less energy usage at the end of the week. 

Steam usage reaches the peak earlier than the case of chilled water and electricity on daily basis, 

whereas hot water has no peak. Additionally, the peak of steam usage occurs in the beginning and 

end of the year. 
 

 

Figure 4.21: Total meter readings by meter type in weekday, hour, month and year 
 
4.4.4 Weather Characteristics 

The edge server also processes the time series of weather data collected from the sensors. 

Here LSTM is used as the model to analyze and predict the energy consumption. Wind speed data 

are collected and processed through the edge servers and the results are shown in (Figure 4.22). The 

missing values are highlighted among the time series data. 

Wind directions and speed can also be collected and processed in the edge server, as shown 

in (Figure 4.23). Circular histograms are used to illustrate the wind characteristics. It is obvious that 
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the strength of wind changes rapidly. Therefore, the online processing in the edge server is necessary 

for future modeling purpose. 

 
 

 
 
 

Figure 4.22: Examples of wind speed V.S. time in selected site ID 
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Figure 4.23: Examples of wind directions and speed 
 

4.4.5 Edge computing of LSTM model results 

The simulations of LSTM models are performed in an IoT device with the following 

configurations: Intel Core™ i7-7700HQ CPU @ 2.8 GHZ, NVIDIA, GeForce GTX1050Ti 

graphics card, Python 3.6.5 (64-bit), Tensorflow with version 1.8.0 and Keras 2.6.1. 

The forecasting algorithm is performed using two well-known error metrics, including 

root-mean-square error (RMSE) and Root Mean Squared Logarithmic Error (RMSLE). 

(Figure 4.24) shows the results of the model when it is applied to the training dataset by using a 

3-layer network with 50 parameters in each layer. Here RMSE is 1.368 and RMSLE is 0.174. 

Dropout [82] is used as the regularization method to increase the accuracy. As we can see, for 

the case single-meter load forecasting, LSTM has much better performance than simple 

recurrent neural network (RNN) model. This is mainly due to LSTM’s capability of 

establishing a temporal relationship and the load nature in the granular level. 

Additionally, multiple variables with different time horizontals have been used. A large 

number of parameters can be reduced by using the edge computing platform, so that LSTM model 

can be performed in the edge server to predict the building energy consumption. 

 
 

Figure 4.24: Load forecast results using LSTM model 
 
 
4.5 Conclusions 

 
This paper has presented an edge computing simulation methodology for the online 
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prediction of the energy consumption of the buildings. Three edge computing methods have been 

used, including small neural network in edge devices, partial deep neural networks on edge 

devices, and distributed computation between edge devices and edge servers. Building and energy 

characteristics have been investigated to understand the environment of the edge computing 

platform. Time series data are processed using the edge computing platform with short 

computation time. LSTM is used as the deep learning neural works for online prediction of the 

energy load. The inconsistency in weather profiles generally influences the predictability of the 

load. Compared to other simple backpropagation neural network models, the higher the 

inconsistency is, the more advantages the LSTM model shows. Moreover, the result is 

interpretable since the energy data is preprocessed in each edge device. 

As for the future work, the sensor network architectures, such as the centralized or 

decentralized networks, will be considered to further enhance the energy consumption predicting 

accuracy with low latency. 



83  

 
 
 
 
 

CHAPTER 5 
 

A S2S ATTENTION MODEL FOR ENERGY PREDICTION 

 
Due to the increasing expansion of high-density cities and the growth of commercial and 

residential societies, energy consumption has been continuously rising. In order to reduce the 

negative impacts on the environment and improve sustainability, it is important to manage energy 

consumption efficiently by using prediction-based Heating, ventilation, and air conditioning 

(HVAC) control. The predicted results give the HVAC enough time to adjust its parameters to 

achieve the optimal energy use. There are some energy prediction methods, such as collecting data 

through Internet of Things (IoT) based on widely used smart meters. Some machine learning models 

can be used to predict the energy consumption. However, they are not able to capture the patterns of 

the time/value dependency among the input signals. Therefore, we propose a sequence-to-sequence 

convolutional bi-directional long short-term memory (Seq2Seq CNN bi-LSTM) with attention 

model to predict the building energy consumption with the preservation of the intrinsic patterns. In 

our model, the important time series pattern information can be extracted from several input 

variables by using CNN model to analyze the correlated sensor data. Because the long-range 

temporal dependencies are captured, the Seq2Seq models could provide a higher accuracy by using 

two bi-LSTM architectures: encoder and decoder. Meanwhile, bi-LSTMs can capture the temporal 

and spatial patterns of time series data. Specifically, the trends of time series in two directions 

(including the forward and backward states) are used by bi-LSTM layers to make more accurate 

predictions. The attention model can highlight the most relevant input information in the energy 

prediction by allocating the attention weights. The communication overhead between the sensors 
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and HVAC control server can also be alleviated via the attention mechanism, which can 

automatically ignore the irrelevant information and amplify the relevant information during CNN 

training. Our experiments and performance analysis show that, compared with traditional LSTM 

neural network, the performance of the proposed method has 30% of higher prediction accuracy. 

 

5.1 Introduction 
 

Energy consumption is one of the biggest contributors to the global warming, and most 

energy uses are due to human activities, for example, electrical heating for commercial and 

residential buildings could consume almost half of the total energy production. Therefore, it is 

critical to manage energy use efficiently to reduce the negative environment hazards including 

carbon dioxide emission [1]. Energy systems often do not have dramatic changes of load supply, 

which makes it possible to perform a prediction of future load with small errors. Due to the 

importance of energy scheduling and allocation, load prediction has brought a huge attention to 

researchers. In this context, wireless sensors are widely used to collect energy-related data (such as 

the number of people in the building) due to their low cost and low power consumption [58]. 

However, the popular uses of sensors also cause some issues, such as higher wireless transmission 

delay, poor RF transmission quality and higher energy consumption. Meanwhile, Due to the 

reduction of the cost of a single sensor, some problems rise up, including hardware failure, data 

transmission failure, missing data, etc. To recover or correct the abnormal data, some features 

should be extracted when the data is being preprocessed. With data pre-processing, the data 

collection process could be optimized and the correlation between features can also be reduced. 

Therefore, the energy prediction models should overcome the above data collection issues. 

Due to certain stability of surrounding environment (such as temperature consistency in the same 

room), there exist some correlations among sensor data. However, it is difficult to extract useful 



85  

characteristics from correlated data if just using simple classical machine learning methods. 

Therefore, in this paper, we propose to use deep learning to extract the relevant features. Particularly, 

Convolutional Neural Network (CNN) [65] can be utilized to process different types of data. CNN 

has translation invariance by calculating convolutional characteristics among data [100, 125] . 

In this research, both the sensor data and energy consumption data from smart meters in the 

building will be used to build a load forecasting model. Compared with traditional machine learning 

models such as Decision Trees and Support Vector Machine (SVM) [54], Deep Neural Networks 

(DNN) [19, 47] could achieve better prediction performance due to its powerful pattern extraction 

capability from raw data without the need of data preprocessing. However, general DNN can only 

take the current input to perform the predictions. Therefore, some time-dependent features cannot be 

captured by DNN. Recurrent Neural Network (RNN) can be used to create a directed graph among 

nodes so that it can capture the time dependencies. Such directed graph can be used to connect the 

current input together with the previous input. Thus RNN could capture the dynamic behavior of 

data. Additionally, the Long and Short-Term Memory (LSTM) is an improved model of RNN 

[125]. The cell structure is used in the LSTM, and three gates in the cell (i.e., input gate, forget gate 

and output gate) are used to determine whether to choose or discard the data. 

While the standard LSTM structure can only process the historical data in a time series 

sequence, a bi-directional LSTM (bi-LSTM) can obtain more accurate prediction result. The bi-

LSTM can utilize both the historical and current data to extract the timing relationships in the 

features. Compared with classical LSTM, this bi-directional model structure can provide the higher 

prediction accuracy and longer prediction horizon. 

While bi-LSTMs have an advantage in analyzing the temporal dynamic behaviors [45], a 

Sequence-to-Sequence bi-directional LSTM (Seq2Seq bi-LSTM) is introduced in language 

translation models for powerful context capture [98]. The Seq2Seq model structure consists an 
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encoder bi-LSTM and a decoder bi-LSTM. In this structure, data is encoded into a fixed-length 

input feature vector by an encoder, while the output data can be generated through the decoder. To 

find the most relevant information for each decoder output, attention mechanisms are introduced 

[7]. With attention model, the encoder can also use it to compress the required data into a fixed-size 

vector [7, 67]. This paper proposes the use of Seq2Seq CNN bi-LSTM with attention mechanism for 

energy prediction, as shown (Figure 5.1). CNN model can be used to extract the translation 

invariance within the input feature vectors. Seq2Seq bi-LSTM is adopted for the energy prediction 

and deals with the medium-term data independence. Attention mechanism is used to obtain the most 

relevant information among input data. It can also ease the connection between the encoder and 

decoder. By using bi-LSTM with attention model, the accuracy of the energy predictions is greatly 

improved. 

 

Figure 5.1: Proposed Model Framework 
 

The remainder of this paper is organized as follows: Section II summarizes the related 

work, Section III introduces some necessary background knowledge, Section IV describes our 

methodology, Section V discusses the experiments and results to validate the efficiency of our 

scheme, followed by the conclusions in Section VI. 

 
5.2 Related Work 

 
This section will summarize the related studies on energy prediction, CNN model, Seq2Seq 
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structure and attention mechanism. 

5.2.1 Building Energy prediction 

Building energy prediction models include three main categories: short-term forecasting, 

mid-term forecasting and long-term forecasting. The prediction algorithms are typically from the 

fields of statistics, physics, or machine learning. In this paper, our algorithm is based on the 

machine learning and deep learning models. Some solutions use support vector machine (SVM) and 

neural networks to estimate the energy consumption [47, 93, 114]. Due to the large size of thedataset, 

neural networks have been used to increase the prediction accuracy [26, 50, 64]. A one-day-ahead 

energy prediction scheme is proposed with an ensemble parameter selection model [53]. In [16, 

118], a Bayesian regularization algorithm is introduced to optimize the neural network prediction 

scheme. An anomaly detection model based on ensemble neural networks is proposed in [6] to use 

random forest to achieve the prediction-based classifiers. 

In the latest works, recurrent neural networks (RNN) have also been used as one of the most 

popular models to predict the energy consumption. RNNs can be used to extract the patterns of time 

dependencies. Some LSTM-based RNN models are introduced in [59] to forecast the short-term 

load. Similarly, a deep RNN model based on pooling is also proposed in [95]. And a standard 

LSTM model with a generic algorithm is also proposed in [11] for load forecasting in short- and 

mid-term estimation problems. RNNs is used in [12] to handle multiple input sequences so as to 

extract the most relevant features among several time slots. Daily load forecasting has also been 

modeled in [117] using dynamic time warping together with GRUs. In [48] a cycle-based long-

/short-term memory and a time-dependency convolutional neural network are used to increase the 

prediction performance. 

RNNs and LSTMs have shown to outperform most of other predicting models [59, 95, 117]. 

The sequence-to-sequence recurrent neural networks are originally used in the language translation 
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problems [102]. The standard LSTM and LSTM-based sequence-to-sequence models in [71] are 

applied to the residential building energy prediction. A hybrid algorithm in [127] is proposed to 

predict the energy consumption using LSTM neural networks, empirical mode decomposition and 

similar days selection. Two sequence-to-sequence LSTM-based models [85] are used to predict 

medium- and long-term energy consumption. 

However, our work differs from those schemes by means of feature extraction, different 

connections between the encoder and decoder, bi-directional LSTM prediction, and the use of 

attention mechanisms. The details will be provided in Section IV. 

5.2.2 Convolutional neural networks 

Convolutional neural networks have also been applied to the prediction of the energy 

consumption. In [3, 99], the comparison between CNN and SVM shows the advantages of CNN 

models. With the usage of local receptive fields and shared weights, CNN can reduce the number of 

processing parameters in time series input data. Moreover, it can also improve the learning 

efficiency [31]. 

5.2.3 Sequence-to-sequence (S2S) models 

Many tasks can use the sequence-to-sequence (S2S) models, together with the encoder and 

decoder neural networks [92]. These models are used to deal with some classification problems so 

that it can improve the statistical machine translation performance. In [21] It proposed a S2S 

architecture with a novel recurrent neural network GRU unit cell structure. A slight variation to the 

S2S RNN is introduced in [7] for translation purpose. A sequence-to sequence LSTM model is 

proposed in [103] to process the video data. In [57], the sequence model is used to predict the 

protein stability changes. 

5.2.4 Attention mechanism 

While S2S LSTM models have found success in some applications, it is difficult to get the 
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most relevant information from the input vectors for the encoders. The attention mechanism could be 

used to extract more relevant information. This point will be illustrated in Section III. 

 
5.3 Framework of Seq2Seq CNN bi-LSTMs 

 
This section introduces the concepts of LSTM models, Seq2Seq CNN bi-LSTMs, and self-

attention architectures. The data processing based on CNN models will also be illustrated. 

5.3.1 Proposed model framework 

A hybrid in-depth learning structure is proposed for the building energy consumption 

prediction. It can process multivariable nonlinear time series. As shown in (Figure 5.2), our model 

consists of the data processing modules using CNN and Seq2Seq bi-LSTM with attention 

mechanism. CNN is used to analyze the input data and extract some important input feature vectors. 

Seq2Seq bi-LSTM model is used to receive the output data from CNN layers, extract time series 

features and finally predict the energy consumption. The attention mechanism is used to further 

obtain the relevant information within the input feature vectors. 
 

 

Figure 5.2: Data processing in model framework 
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5.3.2 Bidirectional Long short-term memory neural networks 

Recurrent neural network (RNN) has similar model architecture as feed forward neural 

network. However, it is equipped with an additional recurrent connection to the same neurons in 

each time step [35]. The output of each time step is based on both the current input and the input 

from the previous time steps.RNN is suitable to use in modeling temporal behaviors found in time 

series data. Specifically, RNN is used in sequence-to-sequence model structures. It uses a sequential 

input such as x1, x2, ..., xT , and the previous hidden states, to compute a sequence of outputs y1, y2, ..., 

yT . The output yt at time step t is: 

yt = f (xt, h(t−1)) (1) 

where h(t−1) denotes the previous hidden state; f is a non-linear function. 

Conventional RNNs can be used to establish the relationship between the previous and 

current data inputs. Such a feature is beneficial to the energy consumption prediction based on a 

large amount of time series data. LSTM is an enhanced RNN [108, 110] that is specifically 

constructed to address the vanishing or exploding gradient problem in sequential data processing. It 

can store a longer time sequence than general RNN. Gradient vanishing means that the norm of the 

gradient in back propagation process decreases to zero at an exponential rate, while the exploding 

gradient shows the opposite trend. Therefore, LSTM model structure addresses the problem that two 

RNN cells are far away from each other due to the gradient vanishing problem. 

An LSTM model consists of some self-looping memory cells. Temporal data can be stored 

in the cells. Each cell in LSTM sends two state variables to the next cell, which ensures the 

reliability of data transmission [105]. It can also avoid the gradient vanishing problem. 

Additionally, the results of LSTM models are highly repeatable [46]. There are three gates 
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(input gate, forget gate and output gate) to determine whether it should ‘accept’ or ‘forget’ the 

information. 

The definition of LSTM model is given by the following 6 equations, 

ft = sigmoid(Wf xxt + Wf hh(t−1) + bf ) (2) 

it = sigmoid(Wi xxt + Wihh(t−1) + bi) (3) 

gt = tanh(Wg xxt + Wghh(t−1) + bg) (4) 

ot = sigmoid(Wo xxt + Wohh(t − 1) + bo) (5) 

st = gt ∗ ∗it + s(t−1) ∗ ∗ ft (6) 

ht = tanh(st) ∗ ∗ot (7) 

where W represents different weight matrices, ft is the forget gate, it stands for the input gate, 

ot corresponds to the output gate, gt is the updated gate signal; and the operator ∗∗ means the 

operation of element-wise multiplication. 

All the three gates are used to determine whether the updated data can change the memory 

state or not. Sigmoid function is used as an ‘on/off’ switch to connect the previous and current 

information. Specifically, data is updated (switch is ‘ON’) when the output of sigmoid function is 

close to 1. Therefore, an LSTM block serves as the ‘soft’ switch to determine whether  

signalsshould be passed or not. If the gate is 0, the signal is blocked by the gates. 

All the decisions made by input gate, forget gate and output gate are independent of each 

other. The input gate signal controls what to preserve in the internal state. Meanwhile, the forget 

gate controls what to forget from the previous state. Afterwards, the output gate determines which 

updated state could be passed as the LSTM block output. For the sequential data, all the above 

processes are iterated in each timestamp. All the weights and biases can be learned by minimizing 

the cost function, which is to decrease the difference between actual sample labels and the LSTM 

block outputs. LSTM cells can be stacked into a multi-layer architecture to build a DNN, as shown 



92  

in (Figure 5.3). Information of the current time step can be maintained to compute the future 

LSTM block output. 

 
 

Figure 5.3: Multilayer LSTM architecture 
 

Moreover, LSTM can be used to address the classification and regression issues, such as 

classification evaluation, data prediction, and non-linear patterns recognition, etc. There are three 

main steps for the LSTM networks, including feature extraction, LSTM neural network 

computation, the use of a Softmax layer or fully-connected neural network layer for the 

classification or regression purpose [104, 111]. The above 3 steps are detailed as follows: 

First, feature extraction can be implemented by using a fully connected layer with ReLU as 

the activation function, that is, 

zt = σ (Wxt + b) (8) 
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where xt is the input of the fully connected layers, zt is the output of the fully connected 

layers; W is the weight vector of the layers; b is the bias of the layers; σ is the ReLU activation 

function, which is formulated as ReLu is the max compared with 0. There are several advantages by 

using this function, including efficient gradient propagation, sparse representation and efficient 

computation. Second, two layers of the LSTM neural networks are stacked together to build a more 

reliable model. It is used to train the weights after the feature extraction layers. It improves the 

prediction and classification performance with a strong learning capability. Third, the Softmax layer 

is utilized as the last layer before the fully connected layer to calculate the probabilities for 

regression or classification problems. Moreover, it also maps the N-dimensional vector to the 

normalized data, such that we have the prediction results. Therefore, backpropagation can then be 

used to train the LSTM neural networks recurrently. Moreover, Adam optimizer can also be used to 

optimize the model training process. 

Generally, the LSTM neural network is one-way processing model. It can only use the past 

data. bi-LSTM has more benefits: It takes both past and future data into consideration, as shown in 

(Figure ??). In bi-LSTM, the same output connects two LSTM networks with opposite timings. 

Therefore, the past input data can be obtained by the forward LSTM, and the future input information 

can be used by the backward LSTM. In this figure, the bi-LSTM is illustrated in the encoder and 

decoder part. 

The input data x1, x2, . . . , xt in bi-LSTM is processed by the forward and backward neural 

network layer. Meanwhile, the hidden layer h1, h2, . . . , ht is generated by feed-forward neural 
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Figure 5.4: Seq2Seq Un-folded bi-LSTM neural networks 

network, and hi
1, hi

2, . . . , hi
t  is obtained by backward neural network respectively. Together with 

input states, the hidden states are fused to obtain the output layer y1, y2, . . . , yt. With all the states, 

compared with the normal LSTM, the bi-LSTM can extract more information. To obtain the 

current timestamp information in the past and the future, both feedforward and backward time 

series data should be considered. In this case, the energy prediction performance can be improved 

[113]. There is no direct connection between feedforward layer and backward layer. 

Therefore, the whole model structure is acyclic. For the input data x1, the results of the 

feedforward and backward layers are fused together at the last output layer to form the output y1. 

5.3.3 Attention Mechanism 

It is difficult for a traditional neural network to obtain all the necessary information when the 

given input sequence is very long [7]. In this case, attention mechanism can be used to handle the 

situation that the decoder sequence only relies on the fixed length feature vector in a S2S data 

structure. It is efficient for the model to use the attention layer to obtain the pertinent information of 

the input data. Moreover, it also enables the decoder to query the most relevant embeddings at every 

decoding step. Additionally, it makes the distance between information flow shorter. Thus, all the 

information can be obtained for the decoder at any timestamp in only one step [67]. 

With all the advantages discussed above, the attention mechanism can be applied to different 

models. In [42], a convolutional S2S model has been proposed by using a CNN (instead of RNN) as 

encoder and decoder neural network. The attention mechanism in the model is used to transmit the 

data between the encoder and decoder. As a successful application, a transformer model was 

proposed in [102] to use RNN as the encoder and decoder, together with the self-attention 

mechanism in the model to process and transmit the relevant data. 
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In this paper, the attention mechanism is used in the S2S (encoder and decoder) structure to 

extract the relevant information from the building energy data. Compared with the traditional RNN, 

the attention mechanism can calculate the regional information in parallel (thus the operation speed 

can be accelerated rapidly). 

In the attention model, the importance of each encoder state hj in terms of generating the next 

hidden state hi and predicting the result yi , is reflected in the calculation of the attention weight ai j 

and its corresponding energy parameter ei j. In this case, the decoder can just pay attention to the 

relevant part in the input embeddings. 

5.3.4 S2S Model Architectures 

In the recent works, most energy prediction algorithms have achieved some good 

performance. However, the validity of the extracted features still needs to be verified. Therefore, the 

S2S model, an encoder-decoder structure originated from the machine translation and speech 

recognition, is used to solve this problem [56, 98]. In this sequence model, the input can be 

compressed into a fixed-size input feature vector in the encoder. Moreover, the context vector 

generated from the encoder will be used as the initial input for the decoder. 

Additionally, the input sequence can also be restored by the decoder while reading the 

generated context vector. Therefore, the S2S model is proposed with two modules, i.e., encoder and 

decoder module. Attention mechanism in the encoder module produces an enhanced input for the 

encoder-decoder attention layer. There are two different attention mechanisms in the decoder 

module. One focuses on the embedding data generated from the previous output during decoding. 

Another one pays attention to the features extracted by the encoder. In this case, the previous output 

information is used to match the extracted features. The attention layer also restores the relevant 

information from the original input embeddings. Therefore, by comparing the original input with 

the decoder output results, the extract features can be validated. 
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Seq2Seq LSTM consists of an encoder and decoder LSTM neural networks, as shown in 

(Figure 5.3). In this figure, a sequence input data x1, x2, . . . , xt is passed one point at a time into the 

proposed encoder in bi-LSTM structure, so that a context vector can be generated from the encoder. 

For decoder part in the sequence model, the processed context vector will be passed to the decoder as 

the input sequence. In this case, the output sequence y1, y2, . . . , yt could be generated at each 

timestamp using this extracted information in the context vector. 

The use of two bi-directional LSTM models can improve the performance of the 

consecutive input sequence in energy consumption prediction problems. Besides, it can also be used 

for the inputs or outputs in different time dimensions [98]. Moreover, this model can also benefit 

from a longer consecutive sequence length with the characteristics of the bi-directional LSTM. 

5.3.5 Further Model Enhancement 

The model proposed in this paper further optimizes the basic S2S (encoder to decoder) 

model structure. The encoder could extract different features to train the model in the pretraining 

steps of deep neural network (DNN). Afterwards, the model will be fine-tuned via supervised 

learning. Nevertheless, it is not effective to keep many parameters for subsequent supervised 

learning since it will take a long time to train the model. This could make it unsuitable for the 

online process. If we see DNN as an optimization problem, it is difficult to achieve the global 

optimization since the model may easily get trapped into the local optimal. 

To deal with the problems illustrated above, it is important to change the training pattern 

of the S2S model structure. Therefore, the attention mechanism can be used as a constraint added 

in the middle of the S2S neural network, as shown in Figure 6. In this model, two processes are 

used to optimize the training loss. Meanwhile, the final loss in the last step is calculated through 

the sum of these two losses. As can be seen from the encoder, the parameters of the encoder 

sequence are the same since they all share the same feature extraction layer. The encoder part can 
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learn the most efficient expression of data features. Therefore, the model can be trained with a 

high accuracy. 

Additionally, to capture the long-distance relevant information and get better prediction 

performance, the traditional LSTM models in the DNN will be replaced by the attention 

mechanism. In the proposed model structure, three modules are used for the model 

construction, i.e., encoder module, decoder module and prediction module. 

Encoder module: the attention mechanism is used to extract the relevant input 

information. The output of the attention layers in the encoder can be utilized as the input to the 

decoder sequence to restore the previous input data. Moreover, it can also be used to predict the 

energy consumption in the prediction module. By adding this constraint in the module, it can 

prevent the encoder module from copying the input embeddings directly to the output. Instead, 

the encoder is forced to learn more characteristics of the input embeddings so as to improve the 

load forecasting performance at the next timestamp. Besides, the key and value matrix generated 

by the attention mechanism in the encoder module can also be used in the transition layer 

between the encoder and decoder module. 

Decoder module: the extracted features from the encoder module are restored. In this 

case, by comparing the differences between the original input data with the restored embeddings, 

the validity can be calculated and verified. 

Predict module: It predicts the energy consumption by using the embeddings generated 

from the encoder module. Instead of directly using the information, it needs to be flattened and 

processed by the fully connected layer. Therefore, the feature dimensions can be modified for the 

specific prediction task. 

Moreover, multi-step training approach is used in our model for the multi-tasking 

problems. In our proposed model, the multi-tasking training method is used first. Then it is split 
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into several single task trainings. In the single training process, the extracted relevant data is used 

for the load forecasting. Specifically, in our proposed method, all relevant feature embeddings can 

be extracted by using the multi-tasking model. When the model prediction is close to the 

convergence point, it is necessary to learn some unique information to improve the prediction 

performance. Therefore, after the multi-tasking process, the encoder can be used to continue the 

prediction task by using the step-by-step training approach. Eventually, the prediction 

performance can be improved with this training method. 

5.4 Performance Evaluation 
 

The main challenge of building energy forecasting is the consideration of diversity, 

volatility, and latency. This section first introduces the data collection equipment we have built as 

well as the dataset architecture. Then we will describe the conducted experiments, present the 

results and discuss the findings. 

5.4.1 Hardware and Dataset 

The dataset is collected from a Heating, ventilation and cooling (HVAC)-equipped 

building with different kinds of sensors. The system is setup for mimicking the HVAC control. 

Temperature and humidity sensors are connected to the Raspberry Pi board, which is used as the 

edge-computing device (deployed near the end devices). The dataset contains power-

consumption-related features with 20,216,100 measurements, ranging from 2016s to 2020s, 

including building characteristics and weather time series data collected from different sensors. 

The circuit connection of the Raspberry Pi is illustrated. The system can mimick the 

HVAC control, together with the relay bus and the three lights (to represent different building 

occupancy states). The experimental results demonstrate that the Raspberry Pi can be used as the 

edge computing device to process data and send out the trigger signals based on the information 

collected from connected sensors, such as the room temperature sensor. Raspberry Pi can use the 
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relay bus to control the three lights’ ON/OFF which emulates the room’s HVAC control status. 

Various sensors are used to collect the building parameters such as temperature and 

humidity, etc. The data is processed in the Raspberry Pi. The laptop shows the DL modeling 

results in the edge computing platform. LSTM DNNs are utilized to predict the energy 

consumption amount. This testbed demonstrates that a small-scale sensor network could perform 

the edge computing operations in each node. The architecture of DL inference in edge computing 

nodes will be explained in the next section. Moreover, a dataset from ASHRAE is also included in 

the dataset. 

5.4.2 Experiments 

The proposed method is evaluated on the real-world dataset from both residential and 

commercial buildings with people-counting sensors. The dataset is pre-processed by enhanced 

CNN model explained in the previous section. In this section, we present the conducted 

experiments and compare modeling results. 

There are five different time window prediction lengths used in the proposed sequence 

model, including 10, 20, 30, 40, 50. Five-minute time interval is used to read the meter results. 

Therefore, the corresponding time is 50 min ( 1 hour), 100 min ( 2 hours), 150 min (2.5 hours), 

200 min ( 3 hours) and 250 min ( 4 hours), separately. We predict the energy consumption using 

four difference time intervals. Meanwhile, all the selected models are trained for nine different 

epochs, ranging from 1 to 9. These epochs are acceptable levels in terms of algorithm 

convergence since the model can be well trained within those epochs. 

The number of parameters is compared and illustrate in (Figure 5.5). The bi-directional 

LSTM contains the largest number of parameters compared with other models. As can be seen 

from the figure, the attention mechanism consumes most of the model parameters, since it needs 

to calculate the relationship between input feature embeddings with output embeddings. In that 
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scheme, the most relevant input data can be extracted in terms of each output. Moreover, bi-

directional LSTM also needs to use more parameters than traditional unidirectional LSTM model 

since it can capture the information from both sides of the model. 

 
Figure 5.5: Model parameter comparisons 

Accordingly, the hyperparameters used in the selected model are as follows: three layers of 

stacked model, 0.001 learning rate, 256 batch size and 64*128-dimension size. With the increase of 

the parameters, the model accuracy can be improved. Four models are compared in this paper, 

including LSTM, deep LSTM, LSTM with attention mechanism and bi-directional LSTM with 

attention mechanism. 

5.4.3 Results 

The proposed approach was implemented using Tensorflow platform in Python code. Two 

machines with GPUs are used to train the models, including two NVIDIA GeForce RTX 2080 TI 

GPU cards and one NVIDIA GeForce GTX 1060 GPU card. 

In the following discussions we will compare and analyze the performance of different 

models, including different running epochs, various training layers, several time indexes and 

algorithm overhead. To prove that the proposed model is effective enough and run faster than the 

traditional neural networks, we have conducted the following comparative experiments. 

A simple traditional math model (Random Forest) is used as the baseline for comparison. 
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Moreover, CNN, bi-directional LSTM and attention mechanism are utilized to extract the relevant 

features and conduct the training process. The bi-directional LSTM and the attention layers are 

also utilized as the training layers of encoder and decoder to extract the pertinent information and 

predict the energy consumption. While the model has reached to convergence, the encoder has 

been well-trained. Therefore, it can be used to continue the training of the prediction process. 

Grid search is often used as the training method for parameter tuning. During the model 

comparison, the structure of the components is the same, including CNN, bi-directional LSTM. 

To maintain the fairness of the results, the same data are provided to each model. As can 

be seen in the (Figure 5.6), MAPE is used as the metric to compare the performance of each 

model. Compared with the general LSTM model, bi-directional LSTM, deep LSTM and deep 

bi-LSTM model with attention mechanism make the better performance after certain epochs (in 

this case, approximate 5 epochs). One of the possible reasons is that LSTM did not extract 

enough relevant information in a very long time series data. Specifically, the bi-directional 

LSTM model with attention mechanism obtains the best results. According to different epochs 

used for each model, since the model with attention mechanism works in parallel, it can make 

the model converge faster than others. Single LSTM model can capture sequence characteristics; 

however, it is trained in serial which slower the training speed. Therefore, the attention 

mechanism not only speeds up the training process, but also improves the prediction 

performance. 
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Figure 5.6: MAPE for different models by various epochs 
 

In terms of the layers for different model in (Figure 5.7), after 8 layers, the bi-directional 

model has the higher performance than one-directional model. The reason is that the bi-

directional LSTM is a combination of a forward and backward model, and they share the same 

gate LSTM unit. In this case, both the future and previous information are considered to predict 

the energy consumption. Then it can gain the higher precision results. 

 

 
Figure 5.7: Comparisons between bi-directional and one-direction with attention 

 In (Figure 5.8), the prediction performance of different models in various time windows is 

illustrated. The MAPE of different models can be observed here. Even if the time window changes, 

the deep bi-directional LSTM model with attention mechanism has the highest performance. The 

traditional model is the baseline here since it uses the rule-based calculations in building system. 

However, since the model structure is relatively simple and it cannot effectively extract the relevant 

feature information, it is not suitable to find the optimal building energy consumption result. With a 

higher performance in different time windows, bi-directional LSTM with attention mechanism can 

capture time series sequence features. Moreover, it can make use of the trained encoder to get 

efficient feature information while learning some unique features that are beneficial to the 

prediction process. Therefore, the deep bi-directional LSTM model with attention mechanism is the 

best option among all the models. 
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Figure 5.8: Model comparisons with different time window lengths 
 

As shown in (Figure 5.9), compared with other models, the deep bi-directional LSTM model 

with attention mechanism has the lowest computation overhead since it can be calculated in a parallel 

way. 

 

 
 

Figure 5.9: Model overhead comparisons 
5.5 Conclusion 

 
With precise energy consumption predictions, we can further perform optimal production 

planning and scheduling. Compared with traditional models, deep neural network has witnessed 

the better predicting performance due to its ability to extract relevant information and model time 

dependencies. 

In this paper, a S2S (encoder to decoder) neural network based on the deep bi-directional 

LSTM attention model is proposed to predict the building energy consumption. The CNN model 

is used to preprocess the correlated input data. LSTM is used to model the time dependencies. 
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Bi-directional model can extract the pertinent information in previous and future data. The 

S2S (encoder to decoder) structure strengthens the ability to model the time series data. The 

encoder is utilized to extract the relevant information and perform the prediction task, while the 

decoder can restore the extracted features. Additionally, the attention mechanism is used to get the 

relationship between the output and its corresponding input data. It can also build the connection 

between the encoder and decoder sequence model. Overall, the S2S model based on deep bi-

directional LSTM attention mechanism outperforms all other models. 

For the future work, we will draw some new conclusions with more datasets with various 

features. It is also necessary to consider and explore some industrial applications. Moreover, we 

will investigate the optimization of the S2S model structure, such as adding the models to 

construct a hybrid model for better prediction. 
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CHAPTER 6 

FUTURE WORK 

Nearly 40% of the total energy consumption in the United States is used by buildings. 

Specifically, the HVAC system is always adopted for controlling indoor thermal conditions, since the 

ambient thermal condition may change significantly. Accordingly, it will cause the fluctuation of 

indoor thermal condition and the discomfort of the occupants. However, the HVAC system 

accounts for approximately 20%-40% of the total energy usage among various types of building 

energy loads, including lighting, electric vehicle charging, HVAC and appliances [81]. Building 

operator can maintain the room temperature and perform pre-cooling as well as pre-heating to shift 

energy requirement for HVAC system together according to the thermal flywheel effect [80]. 

Therefore, it is necessary to research on how to reduce the HVAC system energy consumption 

while keeping occupant comfort, because of the increase of electricity consumption, environment 

pollution as well as the high electricity price. 

There are several factors that could influence the HVAC building thermal control, including 

the HVAC system related factors, HVAC inside/outside building thermal environment related factors 

as well as human activity related factors. Firstly, for the HVAC building system related factors, the 

building thermal condition can be changed by modifying the set-point of air temperature and 

humidity. Meanwhile, the building energy consumption can also be adjusted. Secondly, there are 

various causes that can influence the HVAC building thermal environment, such as building 

structures, different heat sources like electrical equipment and thermal environment (inside and 

outside the building). The last one is about the human activity related influences. People under 
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different conditions could have different comfort temperature 

feelings [23]. Therefore, the occupants’ satisfying degree should be estimated precisely so 

that we could control the thermal environment more efficiently. Additionally, all theses three factors 

are correlated. Thus, they should be considered all together to achieve the building thermal comfort, 

reduce the building energy cost and improve the grid energy efficiency and stability. 

Many approaches have been proposed to control building HVAC systems for optimizing 

energy more efficiently [30, 106]. There are some methods simply applying the HVAC building 

thermal dynamics model to predict the temperature inside the building [68, 69, 79, 107]. The authors 

demonstrate a non-linear cooling system model. The system contains cooling towers, building 

thermal storage banks as well as chillers. In order to minimize the energy consumption, they also 

develop a predictive model in [68]. A model with bi-linear parameters is proposed by the writers in 

[79]. The parameters include weather inputs and states information. There are some model-based 

methods that can create a thermal dynamic model like Fuzzy Control [13, 94], Proportional Integrate 

Derivative (PID) [27, 29], Linear-Quadratic Regulator [69] as well as Model Predictive Control 

(MPC) [13, 94]. However, it is difficult to apply these models due to its high computational 

complexity of the thermal dynamics. In addition, the building temperature could be affected by 

various factors, including building materials and structures, internal heat gains from equipment and 

occupants, outside environment like solar radiation intensity, humidity and temperature. In this case, 

the building temperature could show as a random fluctuation behavior. Therefore, they are still 

needed to be modified and customized to meet the specific requirement. 

There are some learning-based approaches can be used to optimize the HVAC building 

energy control policy, such as the reinforcement learning (RL) method. The RL method can interact 

with the HVAC building thermal environment, so that it can learn the optimal control policy. 

However, only the basic RL method cannot achieve high performance while the state-action space is 
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large [8, 25, 37, 62, 78, 120]. In [8, 78], classical Q-learning approaches are shown. Tabular Q value 

function is utilized in this method and they are not fit to control with large state space. Authors in 

[37] demonstrate a neural fitted DL approach by using the interactions of the occupants to 

determine the optimal setting point for the room temperature. A model-assisted batch RL method is 

proposed in [24]. It uses the randomized trees to determine the actions of turning on/off the 

switches. However, all the methods above need high computational cost due to the batch update in 

the training process. Therefore, deep reinforcement learning (DRL) have been introduced to deal 

with these limitations. Deep learning can address the large state-action space problems caused by 

the curse of dimensionality. 

Deep reinforcement learning (DRL) is widely used from 2015 and 2016, deep learning 

combined with Q-learning has been introduced to playing the Atari2600 games and Go at expert 

human levels [73, 96]. The DRL models could address large state space problems. Authors in [39] 

present the use of deep Q-learning for scheduling the storage regarding microgrids. All the methods 

above start a new research point namely DRL, which has combined reinforcement learning as well 

as deep neural networks. 

The distributed deep reinforcement learning (distributed-DRL) technique proposed in this 

paper is the first to apply attention-based distributed DRL on HVAC control system with sensor 

data fusion. In Figure 1, it illustrates the system framework and the evaluation of the 

attention-based distributed-DRL. A combination of various ambient sensors is provided to 

detect the inside room environment, including temperature, humidity, CO2 concentration, sound and 

motion. All the sensor data is processed in real time by using neural network based on radial with 

distributed system to estimate the number of occupants. The density heatmap could be generated 

while the number of occupancies is stabilized in a certain amount of time. Afterwards, the zone-

based building HVAC system is established according to the occupancy heatmap. 
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During building operations, it learns an effective control policy based on HVAC 

environment data input and deep neural network. Attention-based distributed-DRL based algorithm 

is introduced in this paper to minimize the building energy consumption while maintain comfortable 

feelings for occupants. Markov decision process is used to formulate the HVAC control operations. 

System state, control action as well as reward function are defined within this system. Zone-based 

occupancy heatmap is generated for temperature control. In a large auditorium, zone temperature is 

varied due to the distribution of the occupants inside. Thus, we can save energy by using the zone-

based temperature control system. The general ideal is shown in (Figure 6.1). 

 

 

Figure 6.1: Attention-based distributed deep reinforcement learning (distributed-DRL) based 
framework for HVAC control system with sensor data fusion 

 
Recurrent neural network (RNN) has similar model architecture as feed forward neural 

network. However, it is equipped with an additional recurrent connection to the same neurons in 

each time step. The output of each time step is based on both the current state input and the input 

from the previous time steps. 

RNN is suitable to use in modeling temporal behaviors found in time series data. 

Specifically, RNN is used in sequence-to-sequence model structures. It uses a sequential input such 

as x1,x2,...,xT , and the previous hidden states, to compute a sequence of outputs y1,y2,...,yT . The output 
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yt at time step t is: yt = f (xt, h(t−1)) (1) where h(t−1) denotes the previous hidden state; f is a non-linear 

function. 

Conventional RNNs can be used to establish the relationship between the previous and 

current data inputs. Such a feature is beneficial to the energy consumption prediction based on a 

large amount of time series data. LSTM is an enhanced RNN that is specifically constructed to 

address the vanishing or exploding gradient problem in sequential data processing. It can store a 

longer time sequence than general RNN. Gradient vanishing means that the norm of the gradient in 

back propagation process decreases to zero at an exponential rate, while the exploding gradient 

shows the opposite trend. Therefore, LSTM model structure addresses the problem that two RNN 

cells are far away from each other due to the gradient vanishing problem. An LSTM model consists 

of some self-looping memory cells. Temporal data can be stored in the cells. Each cell in LSTM 

sends two state variables to the next cell, which ensures the reliability of data transmission. It can 

also avoid the gradient vanishing problem. Additionally, the results of LSTM models are highly 

repeatable. 

Research efforts are motivated in providing much more effective occupancy detection 

solutions to save the building energy. There are several existing occupancy detection methods by 

using single type sensors inside the building. CO2 has been widely used to estimate the occupancy 

number according to the its concentration changes. A larger occupancy in a certain space could lead 

to a higher CO2 concentration. Nevertheless, it always takes a lot of time to wait for the stable CO2 

concentration results. Meanwhile, CO2 concentration is also influenced by passive ventilation such 

as through open doors. In this case, sensors based on only CO2 concentration are not suitable to the 

real-time occupancy estimation system. It is also unable to provide the accurate estimation number. 

There are some other sensor options such as passive infrared sensor (PIR) systems. Studies have 

shown that the PIR sensor networks can work well for occupancy presence detection for building 
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controls (especially for light control), as opposed to single point PIR occupancy sensing, as it tends 

to minimize the incidence of false-offs, and therefore improve the detection accuracy. However, 

current PIR sensor systems cannot differentiate between one or more occupants in an observed 

space. With the database equipped in the PIR sensor systems, it could add the number of occupants, 

but it still cannot subtract the counting results. Another sensor system is to use acoustic sensors to 

estimate the occupancy number. The effectiveness of this network for occupancy number estimation 

is examined by combining different sound features in several papers. 

However, the sensory data from various data sources are usually heterogeneous, 

representing different diverse and granularity quality. Moreover, these data are usually time labeled 

due to the time-related-occupancy-number-change characteristics. Therefore, it is an important topic 

for researches to work on the heterogeneous data with time labels. There are some existing studies 

proposed sensor fusion methods to learn the sensory data [40, 55]. In these papers, features from 

each sensor are computed independently as the method to extract the features. Afterwards, the 

extracted features are integrated for fusion of information for multi-sensors. Even though they can 

derive some comprehensive characteristic of sensory data, they still could not show the internal 

relationships of the heterogeneous data, and they could never consider the time labels. In this case, 

there might be some typical features ignored. Therefore, in this paper, we propose a data fusion 

method of heterogeneous data with time labels to extract typical features using deep learning. We 

set the same sampling frequency on different sensors. Due to these data is sequenced, they can be 

labeled by the sequence-tag. 

Afterwards, the collected data and their sequence-tags are combined as the integral features 

which could be used as the input for the deep learning neural network. The integrated features 

generated from multiple sensors are much more useful to recognize the data pattern. We can also 

learn the temporal knowledge from raw data according to the sequence-tag sensor data. Thus, we 
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can combine the temporal data information with the heterogeneous data from different sensors. 

Attention is one of the common used mechanism in sequential data processing, however, it is 

of O(n2) time complexity and space complexity, since it requires multiplying two matrices (to get 

Query and Key). In this case, it is not applicable in some long sequences. We can use neural 

Shuffle-Exchange network to optimize the space efficiency to O(nlogn). The model uses a 

sophisticated gating mechanism which is originated from the Gated Recurrent Unit. We can use a 

residual network applying GELU and layer normalization. 

There are some other techniques that can improve the efficiency of Transformers. First, we 

can replace dot-product attention by one which utilizes locality-sensitive hashing. In this case, it can 

reduce the complexity to O(nlogn), where n is the length of the sequence. Furthermore, reversible 

residual layers can also be used instead of the standard residuals. In this case, it can store only one 

time of activation function instead of N times, where N is the number of layers. Therefore, it is much 

more memory-efficient. 
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CHAPTER 7  

CONCLUSIONS 
 

Heating, ventilation and cooling (HVAC) is the largest source of residential energy 

consumption. Occupancy sensors’ data can be used for HVAC control since they indicate the number 

of people in the building. HVAC/sensor interactions show the essential features of a typical cyber-

physical system (CPS). 

However, there are communication protocol incompatibility issues in the CPS interface 

between the sensors and the building HVAC server. Through either wired or wireless 

communication links, the server always needs to understand the communication schedule to receive 

occupant values from sensors. We will illustrate the background of building energy consumption 

optimization problem. 

In this paper, we first propose two hardware-based emulators to investigate the use of 

wired/wireless communication interfaces for occupancy sensor-based building CPS control. The 

synchronization scheme between sensors and HVAC server requirements will be discussed. We 

have built two hardware/software emulation platforms to investigate the sensor/HVAC integration 

strategies. The first emulator demonstrates the residential building’s energy control by using sensors 

and Raspberry pi boards to emulate the functions/responses of a static thermostat. In this case, room 

HVAC temperature settings could be changed in real-time with a high resolution based on the 

collected sensor data. The second emulator is built to show the energy control in commercial 

building by transmitting the sensor data and control signals via BACnet in HVAC system. Both 

emulators discussed above are portable (i.e., all hardware units can be easily taken to a new place) 

and have extremely low cost. We test the whole system with YABE (Yet Another BACnet Explorer) 
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and WebCTRL. 

Secondly, power system is facing a rapid transition to a highly interpretable, interactable and 

intelligent system. Effective simulations based on fast energy data processing algorithms have 

attracted many attentions due to the massive amount of data generated by the edge sensing devices 

in the smart grid systems. Machine learning (ML) and deep learning (DL) can be used to improve 

the performance of energy consumption forecasting. However, substantial computational resources 

are required for the training and inference of deep neural network. Instead of simply adopting the 

DL model for the offline processing of aggregated residential load, our platform can perform the 

online analysis of the load of building energy system with dynamic and stochastic characteristics. 

Today, edge computing platform that consists of a fine mesh of compute nodes and end devices, has 

become a promising system to reduce the computation complexity. In this paper, we propose an 

online, distributed, edge-computing-oriented simulation methodology to analyze the building 

energy data. A long short-term memory (LSTM) based framework is used for real-time forecasting 

of the building energy load. A public dataset is used to prove the effectiveness of the simulation 

model. The results show that the proposed simulation model provides satisfactory online load 

forecasting performance and has good scalability. 

At last, In order to reduce the negative influence on the environment and improve 

sustainability, it is very important to efficiently manage energy consumption. There are some 

energy prediction methods using sensors, such as collecting data utilizing Internet of Things (IoT) 

based on widely used smart meters. Some machine learning models including support vector 

regression are used to predict the energy consumption. However, they are not able to figure out the 

relationships between time dependency input signals. Therefore, a sequence to sequence 

convolutional bi-directional long short-term memory (Seq2Seq CNN bi-LSTM) with self-attention 

model is proposed in this paper in order to predict the building energy consumption. In the 
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framework, the important time series energy information can be extracted from several input 

variables using CNN model. Because of the long-range temporal dependencies are offered, the 

Seq2Seq models could provide better accuracy by using two bi-LSTM architectures including 

encoder and decoder. Meanwhile, bi-LSTMs are also used to capture the pattern of time series data. 

Specifically, the above information and the trends of time series in two directions including the 

forward and backward states are used by bi-LSTM layers to make better predictions. 

Self-attention model can highlight the most relevant input information in the energy 

prediction by allocating the attention weights. The connection burden can also be alleviated by the 

attention mechanism. In this case, the self-attention can be used to ignore the irrelevant information 

and amplify the needed information. We may also apply deep reinforcement learning to the energy 

optimization problem. 
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