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Abstract

The Internet of Things (IoT) is a new emerging Eco-system of networked devices with
the potential of delivering significant benefits to individuals and societies. By incor-
porating of IoT system into human lives, physical world information can be actively
collected and analyzed to facilitate the decision making process towards ultimate bene-
fits. To perform data analytics and smart decisions, machine learning based algorithm
becomes popular for IoT system. In this thesis, machine learning based algorithm has
been applied to IoT application in smart home/building field and biomedical field.
From machine learning algorithm perspective, the thesis first has studied single hid-
den layer neural network (extreme learning machine) for data regression. Then such
neural network is further extended to multi-layer neural network (convolutional neural
network) for more complex data analytics. From IoT application perspective, smart
building energy management system and lensless blood-cell counting system have been

designed and built with machine learning based data analytics.

e For modern residential buildings, the energy can be provided by main electricity
power-grid as well as additional power-grid of solar energy. As it is common for
main electricity power-grid to experience extremely huge load demand during
the peak period, renewable energy, such as solar energy, should be optimally
allocated for alleviating the effect of peak load demand on the main power-
grid. Therefore, the development of smart building energy management system
(BEMS) becomes strongly needed with ambient intelligence (Aml). Here, the
AmlI of BEMS refers to data analytics within an indoor environment in refsponse
to occupants’ presence. For current indoor Aml, the main challenge is how
to response dynamic ambient changes in real time because of the latency of
processing backend in cloud. Another challenge is how to deal robustness and
scalability in large space by using a distributed solution. Therefore, a real-

time data analytics platform with distributed architecture is needed for smart

il
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building with Aml. Moreover, occupant behavior with random nature, which
has significant effect on energy consumption in residential buildings, is also a
challenge for load forecasting. It is necessary to proposed an efficient and feasible

approach to detect and analyze the occupant behavior in real time.

To tackle aforementioned challenges, this thesis has proposed an on-line sequen-
tial machine learning based data analytics platform with distributed architec-
ture. It can build and update forecasting model continuously without increasing
computation complex due to incremental least-square solver. Then, occupant
behavior is monitored by real-time indoor positioning system through Wi-Fi sig-
nal detection and analytics. Based on extracted occupant behavior profile and
energy consumption profile, solar energy allocation problem can be solved which
aims at decreasing the peak load demand in main electricity power-grid. The
flow of the machine learning based data analytics for BEMS can be summa-
rized: sensing real-time data, predicting occupant behavior profile and energy
consumption profile, and allocating solar energy. Instead of using cloud, all
these operations are running on the smart-gateway network with limited com-

putational resource.

In the experiment, the proposed approach can achieve better in load forecasting
accuracy by 14.83% comparing with support vector regression (SVR). Based on
the extracted energy consumption profile and occupant behavior profile, solar
energy can be allocated, achieving reduction of peak load by 15.20% and saving
of energy cost by 51.94% with comparison of static prediction based allocation

strategy.

With the rapid development of biomedical [oT system, lensless blood-cell count-
ing system (LBCS) has become a potential solution for blood cell counting in
point-of-care testing (POCT) that can offer critical information for rapid on-site
disease diagnosis and monitoring. Composed by the complementary metal ox-
ide semiconductor (CMOS) and microfluidic channel, the LBCS has competitive
advantage over conventional lens based imaging system due to mass production
of inexpensive CMOS and rapid development of lab-on-a-chip technology. How-
ever, such a system can only capture low-resolution images with loss of detailed
information in cell morphology because there is no optical lens. It is impera-
tive to improve the image resolution through super-resolution (SR) processing

in system-level for cell counting and recognition, For current SR technology, the



main challenge is how to improve captured image resolution with low cost of

processing resource and also without degrading throughput.

In this part of thesis, convolutional neural network based super-resolution (CNNSR),
which is lightweight, feed-forward and potential in implementation of on-chip
hardware, has been employed to tackle challenges mentioned above. Moreover,
a lensless blood cell counting prototype is demonstrated, which not only uti-
lizes custom designed backside-illuminated CMOS image sensors but commer-
tial CMOS image sensors. Based on such a prototype, when the captured low-
resolution cell image is input, a corresponding high-resolution image is recon-
structed through CNNSR. In experiment, the image resolution can be improved
by 4x. Comparing with another machine learning technique, extreme learning
machine (ELM), CNNSR can perform better in resolution improvement quality
by 9.5%. Such experiment results can demonstrate that CNNSR approach pos-
sesses the potential of high-efficiency and high-quality resolution improvement

in the LBCS towards POCT.

In summary, the main contribution of this thesis can be summarized as follows.
Firstly, to manage residential building energy consumption and optimize renewable en-
ergy source allocation yet without sacrificing occupants’ comfort, an on-line sequential
machine learning based data analytics platform with distribution structure has been
proposed. It can build model with continuously update capability for both occupant
behavior profile and energy consumption profile extraction. Considering the result of
short-term load forecasting, solar energy allocation decision is made to reduce peak
load and save energy cost. Using such a platform, data can be analyzed and predicted
in real time with low computation complex. Secondly, to solve the low-resolution lim-
itation of lensless microfluidic imaging for point-of-care testing blood cell counting,
CNNSR is employed to recover high-resolution cell images from corresponding cap-
tured low-resolution images. Using such an approach, the cost of processing resources
is low and the system throughput is not degraded, which is matched well with the

developed lensless blood cell counting system.
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Chapter 1

Introduction

1.1 Motivation

The Internet of Things (IoT) is a new emerging Eco-system of networked devices
with the potential of delivering significant benefits to individuals and societies. By
incorporating of IoT system into human lives, physical world information can be ac-
tively collected and analyzed to facilitate the decision making process towards ulti-
mate benefits. For example, an energy-efficiency IoT based smart home can be built
by integrating energy sensors, environmental sensors and positioning sensors. Such a
smart home IoT system can analyze energy price, indoor environment and occupant
behavior in order to perform energy management yet with consideration of occupants
comfort level. Another example is biomedical IoT system such as blood cell count-
ing system which can perform disease diagnosis and medical treatment by utilizing
advanced algorithm and big data analytics. In this thesis, two IoT systems, namely
building energy management system (BEMS) and lensless blood-cell counting system
(LBCS), are designed and investigated. To perform accurate data analytics and smart
decision making, machine learning based algorithms have been applied to these two

[oT systems.

1.1.1 Building Energy Management System

Energy plays a vital role in residential daily life, social-economic development and
national security. Demand of electricity energy is exponentially increasing and the
traditional energy sources, such as coal and oil, are depleting at an alarming speed.

To alleviate the worldwide energy crisis, it is crucial to manage the usage of energy
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sources and improve the efficiency of energy consumption. As a large part of energy
consumption in a power system, residential energy consumption can be optimized by
Home Energy Management System (HEMS) [2].

HEMS is an IoT system based on devices interconnected by network communica-
tion. HEMS is mainly developed for monitoring, planning and controlling the energy
consumption according to predicted energy demand at user side. Therefore, to accu-
rately predict energy demand is vitally important for effective energy management.
Numerous approaches have been developed to predict more accurate energy demand
for HEMS, which can be mainly classified into artificial intelligence (AI) based models
and statistical technique based models. Both of them are widely adopted for short-
term load forecasting [3—-10]. Recently, machine learning has been proven as a powerful
approach for short-term load forecasting in [11,12]. However, most models cannot be
updated according to the dynamical changes of load pattern, which will increase the
error probability of prediction. Therefore, the first challenge for residential building
energy management is how to sequentially update model with new coming training
data for responding dynamic changes in real time. Moreover, short-term load is fluc-
tuate and random due to various influence factors such as temperature, humidity and
occupants behavior, which will make it difficult in establishing function relationship
between historical load sequence and future energy demand. Among numerous influ-
enced factors, the biggest challenge of prediction accuracy is occupants behavior with
random nature that is difficult to detect and monitoring. Furthermore, for modern
residential buildings, the energy can be provided by main electricity power-grid as
well as additional power-grid of renewable solar energy. As it is common for main
electricity power-grid to experience extremely huge load during the peak period, re-
newable energy should be optimally allocated to alleviate the effect of peak load on
main power-grid. Therefore, the development of BEMS becomes strongly needed with
the challenge how to deal robustness and scalability in large space by a distribution
solution.

To tackle aforementioned challenges, this thesis has proposed an on-line sequential
machine learning based data analytics platform with distributed architecture. It can
build and update forecasting model continuously without increasing computation com-
plex due to incremental least-square solver. Then, occupants behavior is monitored
by real-time indoor positioning system through Wi-Fi signal detection and analytics.

Based on extracted occupant behavior profile and energy consumption profile, solar



CHAPTER 1. INTRODUCTION 3

energy allocation problem can be solved which aims at decreasing the peak load de-
mand in main electricity power-grid. The flow of the machine learning based data
analytics for BEMS can be summarized: sensing real-time data, predicting occupant
behavior profile and energy consumption profile, and allocating solar energy. Instead
of using cloud, all these operations are running on the smart-gateway network with

limited computational resource.

1.1.2 Lensless Blood Cell Counting System

For rapid on-site disease monitoring and diagnosis, blood cell counting in point-of-care
testing (POCT) is vitally important, which can offer critical information [13,14]. Exist-
ing techniques for blood cell counting can be summarized as two types: one is manual
counting through high magnification optical microscopy with high numerical-aperture
objective lenses, the other is automated counting via commercial flow cytometers.
However, for manual counting, accuracy is greatly effected by operator experience
and the process is time-consuming with low throughput. And for automated count-
ing, commercial flow cytometers are really expensive due to bulky and sophisticated
optics. Both of these two techniques are thereby prohibitive for POCT. Recently,
rapid development of microfluidics-based lap-on-a-chip technology make it possible
for the miniaturized microflow cytometer of portable flow cytometry [15,16]. The in-
expensive CMOS image sensors (CIS) can be integrated underneath the microfluidic
channel to develop a microfluidic-based lensless imaging system [17,18]. With a white
light source illuminating from above, the contact image of cell or the direct projected
shadow can be captured by the underneath image sensor without lenses. However, as
there is no optical lens, these captured cell images are low-resolution without details
about cell morphology information. Therefore, some system-level solutions should be
proposed to improve the resolution of cell images, such as super-resolution (SR) [19].

SR aims at reconstructing high-resolution (HR) images based on corresponding
low-resolution (LR) images [20]. Existing SR approaches mainly include multi-frame
SR processing and single-frame SR processing, which are both applicable for lensless
imaging system. Since multi-frame SR processing requires large storage for continu-
ously capturing, storing and processing LR images, it is not suitable for on-chip hard-
ware implementation [17]. As the alternative method, single-frame SR approaches are
thereby imperative [21]. However, some problems of previous single-frame SR meth-

ods can not be ignored, such as overly smooth for bilinear interpolation [22], intensive
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computation for some machine learning based SR methods [23-25], learning speed and
optimization performance problems in [26].

In this thesis, aforementioned SR problems are tackled by employing an efficient
machine learning based a single-frame SR approach that is called convolutional neural
network based SR (CNNSR) [27]. Due to the lightweight and feed-forward character-
istic, it is potential for on-chip hardware implementation. Moreover, an IoT system
for lensless blood cell imaging and counting is built with a custom designed back-side
illuminated (BSI) CIS as well as a commercial CIS. This proposed microfluidic lensless
cell counting system can achieve high-quality super-resolution without limitation of
throughput, which can offer portable and cost-effective solution for POCT. The whole
processing flows can be described briefly as follows. First, HR image library, composed
by HR cell images of different types, is off-line prepared to train a reference model.
Then, with cell solution sample inputing into microfluidic channel, LR cell images are
on-line captured and processed by CNNSR using reference model to reconstruct cor-
responding HR images. Finally, these recovered HR images can be output for medical

counting and recognization.

1.2 Thesis Contributions

The contribution of this thesis can be summarized as below:

e This thesis proposed an online sequential machine learning based data analytics
on distributed computational platform. Based on captured real-time occupant
behavior information and energy consumption data, it can build a short-term
load forecasting model with sequential update capability. Then, the result of
short-term load forecasting is utilized to solve the solar energy allocation problem

which aims at decreasing the peak load value in the main electricity power-grid.

e This thesis proposed an efficient machine learning based single-frame SR ap-
proach based on convolutional neural network for microfluidic lensless cell count-
ing system. Such system can achieve high-quality super-resolution without lim-
itation of throughput, which can offer portable and cost-effective solution for

point-of-care testing system.
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1.3 Organization

This thesis is organized as follows. Chapter 2 presents overview and literature review
about IoT system and machine learning basics. Chapter 3 introduces distributed
online sequential machine learning based data analytics for smart building energy
management system. Chapter 4 describes the convolutional neural network based
super-resolution for lensless blood cell counting system. Conclusion and future work

are summarized in Chapter 5.



Chapter 2

Fundamental and Literature

Review

2.1 Internet of Things

2.1.1 Overview

The term Internet of Things (IoT) was firstly proposed by Keyin Ashton in 1991 in
an article about supply chain management [28]. With the evolution of technology in
decades, the definition of IoT has been developed on the base of main goal that a
computer can sense and analyze information without human intervention. The evo-
lution of IoT system has been summarize by Li et al. [1] as shown in Figure 2.1.
Gubbi et al. [29] summarized the definition of IoT without restriction of communica-
tion protocol: The interconnection of physical devices, computing devices and network
connectivity can enable all the objects to share collected information over a unified
network and perform common operation with data analytics in cloud computing.

The architecture design of [oT should take scalability, extensibility and interoper-
ability into consideration [1]. As a mainstream [oT architecture, the service-oriented
architecture (SoA) has been adopted widely [30-33]. The SoA can be described as
follows [1]:

e Sensing Layer: Various sensors are deployed to automatically capture the status

information of things and share data among IoT devices.

e Network Layer: The advancement of communication technology, mainly includ-

ing wired and wireless communication medium, facilitates the rapid development

6
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Figure 2.1: The evolution of Internet of Things [1]

of IoT. Based on network layer, all the IoT devices can be connected together,
resulting in data aggregation from sensors and data transmitting to decision-

making center for high-level services.

Service Layer: Composed by application programming interfaces (APIs), the
common requirements of applications and protocols, service layer can manage

and provide service to users.

Interface Layer: The interface layer can provide an effective interface mechanism

to simplify the interconnection between loT applications and users.

With rapid and great development of IoT, various areas have been benefited
from the IoT application, such as industrial applications, smart building application,
biomedical application [34], infrastructure, security and surveillance. Here, the smart

building application and biomedical application will be introduced in details.
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2.1.2 TIoT for Building

(a) Overview

As an individual and home scale of IoT application, distribution of sensors and ac-
tuators in house is helpful to controlling home equipment for a better home energy
management. For instance, the household heating equipments can be adjusted accord-
ing to the weather and users’ preference; the lighting appliances can be turned on/off
based on the light intensity; household appliances can be switched off automatically
when not needed. To manage residential energy consumption without sacrificing occu-
pants’ comfort, home energy management system (HEMS) has been become a popular
research topic. HEMS can perform energy optimization and building automation by
controlling an interrelated network of physical components. This system consists of
home gateways, smart meters, sensors, household appliances and communication sys-
tem, shown in Figure 2.2. Here, smart meter is a sensor device that measures energy
consumption for minimizing the power theft. Home gateway is the core controller for

household appliance scheduling and energy management.

e el
?ﬂE!ﬁ"

T E T Sl
_IQEJ’

L |

IEII;IEn

Control Unit ‘J

Connected Home Appliances for loT Buildings

Figure 2.2: IoT based building integrated with smart grid
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(b) Load Forecasting

Load forecasting plays a vital role in electric industry, which is helpful to make de-
cisions on generating electricity, purchasing electricity power, allocating renewable
energy source, switching load or developing infrastructure [35]. Generally, it can
be categorized as short-term, medium and long-term load forecasting. The short-
term load forecasting is utilized for hourly, daily or weekly energy forecasting, while
medium-term are usually from a week to a year and long-term is even longer than
one year. The accuracy of load forecasting is greatly decided by forecasting methods,
mainly including statistical techniques or artificial intelligence (AI). For statistical
techniques based forecasting methods, functional relationship can be established be-
tween load demand and effect variables. Generally, the generated forecasting function
is linear, which has no capability to provide sufficiently accurate prediction results
when there is non-linear relationship between effect variables and load data [36]. In
contrast, the artificial intelligent-based forecasting methods, such as artificial neural
network (ANN) [6-10], genetic algorithms [37] and fuzzy logic [38,39], can model
complex non-linear relationship between load data and influence factors.

For residential building energy management, short-term load forecasting is dom-
inant in predicting daily load profile and peak load period, which is beneficial to
decision-making of renewable energy source allocation. Therefore, short-term load

forecasting approaches will be introduced in detail as follows: [35]:

e Regression methods are one of typical statistical techniques, which models
the relationship between load data and influence factors. Papalexopoulos et
al. [40] proposed a linear regression-based model for the calculation of short-
term load forecasting, which completed innovative model building and robust
parameter estimation. Haida et al. [41] presented a regression based daily peak
load forecasting method with transformation technique. Charytoniuk et al. [42]
performed short-term load forecasting through nonparametric regression in the

form of a probability density function.

e Time series methods assume that there is internal structure in data, such as
trend, seasonal variation or autocorrelation. It aims to exploit and analyze these
internal structures. Classical time-series methods include autoregressive mov-
ing average (ARMA), autoregressive integrated moving average (ARIMA) and

autoregressive integrated moving average with exogenous variables (ARIMAX).
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Here, only taking time and load as input parameters, ARMA is generally uti-
lized for stationary process while ARIMA is used for non-stationary processes.
ARIMAX models also take weather, time of the day and other influence factors
for load forecasting [43,44].

e Fuzzy logic can associate an input with a certain qualitative ranges and then
deduce output from fuzzy input variables, which is also one technique for map-
ping inputs to outputs. The advantage of fuzzy logic is that precise input and
noise free input are not needed, and also a mathematical mapping model is
not necessary. With such generic conditioning rules, the fuzzy logic system can
perform load forecasting robustly [35,45,46]. Moreover, when precise output
value is expected, a ”defuzzification” process can be performed after logically

processing fuzzy inputs.

e Neural networks have capability to perform non-linear curve fitting, which
means that the output of ANN has a linear or non-linear relationship with the
input. Feinberg et al. [35] demonstrated that back propagation is the most
popular ANN architecture for load forecasting. Based on supervised learning
and continuously valued functions, the back-propagation neural networks can
determine input weights by matching historical data to desired outputs in the
training section. For example, Bakirtzis et al. [47] proposed a fully connected
three-layer feed-forward ANN for short-term load forecasting and utilized back
propagation algorithm for model training. This model takes historical hourly
load data, the day of week and temperature as input variables. Moreover, the
ANN can be combined with other techniques for load forecasting, such as time

series [48], fuzzy logic [49] and regression trees [49].

e Support Vector Regression (SVR) is a powerful technique in solving regres-
sion problems, which is typical one of machine learning methods. It can effec-
tively solve non-linear problems with a small number of training data. Dong et
al. [50] firstly utilized SVR to predict monthly power consumption and demon-
strated that SVRs have a good performance in load forecasting. Li et al. [51]
applied SVR to predict hourly cooling load for office buildings. Results showed
that SVR performs better than the conventional back-propagation neural net-

works. Hou et al. [52] demonstrated that SVR performs better than ARIMA
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model in load forecasting for the heating, ventilation and air-conditioning sys-
tem. These works shows that SVR has a good performance in predicting hourly,

daily and monthly energy consumption profile.

In summary, each approach has its own advantages and drawbacks in certain cases.
The statistical technique based methods are relatively easy to learn the linear mapping
between input and output, but the model is not flexible enough and the outputs are
lack of accuracy. Both ANN and SVR can perform well in non-linear problems so that
they are more applicable to solve load forecasting problem with complex variables.
Since ANN has some problems such as excessive training, tuning burden and unsat-
isfactory generalization performance, the SVR has better performance than ANN in
many cases [53]. However, most SVR experiments were performed using a small quan-
tity of training data [50-52]. For large amount of training data, the model training
process of SVR will become extremely slow and complex.

To solve the computation complex and running time problem, extreme learning
machine (ELM) is becoming popular for solving load forecasting problems [12, 54, 55].
Experimental results in these works demonstrated that ELM can perform well in
load forecasting with relative lower computation complex and faster training process.
Therefore, this thesis proposed distributed online sequential extreme learning machine
(ELM) for daily load forecasting. Through the proposed approach, the model is
generated by combination of several parallel training results and can be continuously

updated with new coming training data.

(c) Effect of Occupant Behavior

Among various influence factors of load forecasting, occupant behavior can be regarded
as one most significant reason of forecasting uncertainty due to its inherent complexity
and random nature. The occupant behavior influences building energy consumption
in direct or indirect ways, for example turning on/off heating, ventilation, and air-
conditioning (HVAC) system, opening/closing windows, turning on/off lights [56].
Some studies have demonstrated that occupants’ interaction with building components
has a significant effect on energy consumption prediction. For example, [57] studied
the effect of occupant behavior on building heating section and concluded different
ways that occupants utilize the heating system influence greatly on heating energy
consumption with obviously different consumption level. And [58] found that the

difference of energy consumption can reach up to 150% when occupant behavior was



CHAPTER 2. FUNDAMENTAL AND LITERATURE REVIEW 12

taken into consideration in maximized and minimized way. Therefore, it is significant
to take occupant behavior into consideration for load forecasting in building energy
management system.

As shown in the Figure 2.3 [59], occupant behavior affects building energy manage-
ment system through movement and actions, then further determines the environment
factors and energy consumption. In turn, both environmental factors and energy con-
sumption influence occupant behavior via economic, physiological and psychological
factors. Since an individual occupant behavior is affected by psychological, physical
and various factors, it is complex to thoroughly study occupant behavior in building

level.

o t Environment| |
ccupz.m Movement Action Building Energy usage] |
Behavior !
Energy cost !

Comfort
Culture
Economy

Physiology
Psychology
Economy

E External impact

factors
_____________________ Impact of occupant
behavior on building
ﬁ? energy performance
Principles from Human feeling in
ideology to behavior physiology, psychology
& economics

Figure 2.3: Scope of occupant behavior research in building energy management sys-
tem

To solve this problem, many researchers narrow the modeling of occupant behavior
down to a simplified representation with focus on occupants action and movement.
Here, these actions, mainly including dimming/switching lights, opening/closing win-
dows, adjusting HVAC or pulling up/down blinds, are influenced by multiple envi-
ronmental factors as well as psychological and sociological factors. As for the effect
of environmental factors, for example, occupants are usually driven to open/close the
windows by multiple factors, including indoor air quality, indoor humidity, outside
noise and outside weather conditions [60]. Pulling down blinds has a relationship
with the magnitude of vertical irradiance while there is no clear relationship between
pulling up blinds and the amount of solar radiation [61]. Also, opening/closing blinds

is also influenced by psychological factors, for instance, occupants are likely to open
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blinds if they want to keep view and connection to outdoors [62] while the blinds are
possible to be closed when occupants desire to obtain more personal private space [63].

Despite occupant action, occupants’ movement is an another popular research
topic in these years because occupants presence and movement are demonstrated as a
preeminent factor affecting occupants behavior [59]. [63—65] indicate that the arrival,
departure and duration of presence of occupants have a significant effect on building
energy consumption. In this thesis, we detect and analyze occupant behavior in terms
of occupant movement via Wi-Fi signal, which will be introduced in detail in Section
3.2.2.

2.1.3 10T for Biomedicine

(a) Overview

Composed by medical sensors, wireless communication techniques and data processing
center, the biomedical and healthcare [oT system can monitor medical parameters such
as blood pressure and body temperature, and then send the real-time information to
data computation center for medical analytics. If the captured information is analyzed
out of normal range, rapid response action will be performed at once [1]. Recently,
with the development of wearable sensors, patients can be monitored continuously in
living environment and the captured information, such as burned calories and walking
steps, can help patients to improve their lifestyle for preventing health problems [66].
Moreover, many works have been done for exploiting sensors and wireless computation
techniques to improve bio-medical and healthcare IoT system [34,67]. For example,
mobile devices and personal computers can be used as wearable sensors and analytics
center seperately, which leads to home-level healthcare. Therefore, such a system can

provide high-quality and high-efficiency healthcare service.

(b) Image Super-resolution

As partial function of biomedical and healthcare IoT system, blood cell counting and
recognization can help users to monitor their health status from a more professional
perspective. To perform better diagnosis via blood cells, the resolution improvement of
cell image is necessary. Image super-resolution (SR) is aimed at recovering one or more
high-resolution (HR) images from one or more low-resolution (LR) images input, which

has been a hot research field during last two decades. It has been employed in many
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applications, such as medical image processing [68,69], face image improvement and
recognition [70], satellite and aerial imaging [71]. However, the image super-resolution
is an inherent ill-posed problem. Since the LR data is assumed to be obtained by low-
pass filtering or down-sampling the corresponding HR data, the loss of high-frequency
(HF) information will cause that different HR images can be degenerated into same LR
images [72]. To solve the SR problem with under-determined nature, various methods
and algorithms have been proposed and developed.

SR algorithms can be categorized based on the number of LR images involved:
multi-image based SR algorithms and single-image based SR algorithms. Here, single-
image SR based algorithms will be introduced in detail. For the single-image based
SR algorithm, some algorithms will be employed to recover the missing information
though the relationship between HR and LR images from a training database. Gen-
erally speaking, it can be categorized into two types: domain-specific single-image SR
algorithm and generic single-image SR algorithm. The domain-specific single-image
SR algorithm is focused on specific image types, such as graphics artwork, scenes and
faces, while the generic single-image SR algorithm can process all kinds of images
by utilizing typical properties of the original image as priors. Based on these im-
age priors, the single-image based SR algorithm can be classified into four types of

approaches [73]:

e Prediction Models: For prediction models, HR images are generated from LR
images through a predefined mathematical formula without any training data.
For example, the interpolation-based methods, such as bilinearing, Lanczos and
bicubic, can generate HR pixel intensities through averaging neighboring LR
pixel values. Such kind of methods can perform well in smooth regions because
interpolated intensities have similar value as neighboring pixels. However, at
high-frequency region or along edges, these models can not generate sufficient

large gradients.

e Edge Based Methods: As an important original image structure, edge features
are learned as priors, such as the parameter of a gradient profile [74] and the
width and depth of an edge [75]. Such methods can generate high-quality edges
in recovered HR images. However, as the priors are learned form edges primarily,

other HF structure regions, such as textures, cannot be reconstructed effectively.

e Example Based Methods: For the example based methods, examples can be
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obtained from external datasets [76], internal datasets [24] and combined sources
[25]. The external datasets are formed by a great number of natural images,
resulting in that external-example based methods can be applied to any type
of input images while the generated HR image appearance is plausible without
specific features. Then the internal dataset is composed by patches extracted
from example images with common properties. Since these patches are quite
relevant to the type of input LR images, those specific features can be recovered
in the output HR images. However, this internal-example based method cannot
be applied to other kind of input due to the limited and small amounts of patch

pairs.

Moreover, based on a set of paired HR and LR training examples, the mapping
function between LR and HR images can be learned by various methods, such
as Gaussian process regression [77], kernel regression [78|, weighted average [79],
support vector regression [80] and sparse dictionary representation [26, 78, 81].
Here, sparse coding is a popular and effective methods, which can sparsely rep-
resent any natural image in a transform domain. It can effectively constrain the
ill-posed problem of SR by embedding the prior knowledge while it is computa-

tionally expensive due to nonlinear reconstruction.

Recently, another category of neural networks based SR algorithms have been de-
veloped quickly in single-image SR field, especially for large image database such as
ImageNet [82]. For these approaches, back-propagation algorithm [83] is generally em-
ployed to learn mapping function between LR and HR images. For example, inspired
by sparse coding methods, Dong et al. [27] proposed a multiple-layer convolutional
neural network (CNN) which directly learns end-to-end mapping function from LR
images to HR images. With the development of CNN, there is a great improvement
in algorithm efficiency, especially in memory cost and computational cost [84]. This
advantage is quite important for real-time cell image SR in a lensless blood cell count-
ing system because such a system requires limited usage of processing resources and

enough system throughput, which will be introduced detailedly in Section 4.2

2.2 Machine Learning Basic

Machine learning is a kind of artificial intelligence (AI) that performs data analytics by

automatically building model. It can enable computers to learn by themselves without
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being programmed explicitly. Because of the iterative aspect of machine learning, the
trained model can adapt independently when exposed to new data. Therefore, it
can perform high-quality data analytics and prediction in real time without human
intervention. In this thesis, two kinds of machine learning algorithms, extreme learning
machine and convolutional neural netowrk, will be introduced in terms of structure

and training process.

2.2.1 Extreme Learning Machine

Extreme learning machine (ELM) is a novel machine learning algorithm based on single
layer forward network (SLEN). As shown in Figure 2.4, this network is composed by
three layers: input layer, hidden layer and output layer. The hidden node parameters,
including input weight and bias, are generated randomly. And the output weight can
be determined through least-square solution, which is described by Huang al. [85] in
detail.

Single
Hidden
Input Layer

Figure 2.4: The structure of extreme learning machine (ELM) model

Given N arbitrary distinct training samples {(x;,y;)|x; € R")y, € R",i =
1,2,..., N}, the output function of standard ELM model with L hidden nodes can

be modeled as:

L
ZﬁiG(Oéubi,Xj) ZYj,j = 1,2,...,N (21)
i=1
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For SLFNs with additive hidden nodes, the output function can be expressed as:

L
> Biglai-x;j+b)=y;,j=12.,N (2.2)
=1

where x; = [z1, Tj2, ..., xjn)T and y; = [Yj1, Yj2, - Yjn) " - @ is the input weight vector
connecting input neurons and the i** hidden node. b; is the bias of the i**th hidden
node. Both «; and b; are assigned randomly with independence of training samples.

Above formula can be shown into matrix form as follows
Hp=Y (2.3)

Here, H € RV*% is the hidden layer output matrix.

By minimizing ||HS — Y|z, the output weight § can be calculated in training
process. With least-squares solution, the corresponding estimation of S can be given
by:

g=(HHA)HY (2.4)

2.2.2 Convolutional Neural Network

As a type of machine learning algorithm, convolutional neural network (CNN) is a
feed-forward artificial neural networks composed by one or more convolutional layers
[86]. Compared with ordinary neural networks with fully connected structure, CNNs
has local-connection architecture that neurons of one layer are only connected to a
small region of the layer before it, leading to easier training and fewer parameters
[86,87]. A typical architecture of CNNs includes convolutional layer, pooling layer
and fully-connected layer. Taking a simple architecture (Input - Convolutional layer -
ReLU layer - Pooling layer - Fully-connected layer) as an example [87], CNNs will be

described as follows:

e Input: Input is the raw pixel values h x w x d of a image. Here, h is the height of
image, w refers to the width of image and w represents the number of channels.
For example, an input 32 x 32 x 3 means that the height and width are both 32

and there are three color channels R, G, B.

e Convolutional Layer: There are n filters with spatial size f x f in convolutional

layer. These filters are convolved across the height and width of input to compute
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dot products. Composed by the dot products between filters and input at every

spatial position, two-dimensional activation maps can be generated.

e ReLU Layer: The ReLlU layer applies an elementwise activation function max (0, z)

to these filter response thresholding at zero.

e Pooling Layer: Each map generated in convolutional layer will be down-sampled
with max or mean pooling operation along the spatial dimensions. Through
reducing the spatial size of the input and decreasing the amount of parameters,

this layer is helpful to reduce the network computation complex.

e Fully-connected Layer: The neurons in this layer is fully connected to all the
nodes of previous layer, which is the same as the regular layer in ordinary neural

network.

Input layer (51) 4 fearure maps

(C1) 4 feature maps (52} 6 feawre maps  (C2) & feature maps

l convolution layer I sub-sampling layer | convalution layer | sub-sampling layer [ fully connected I"‘1LP|

Figure 2.5: The structure of convolutional neural network

Figure 2.5 is a classic image showing the structure of CNN which is composed by
two convolutional layers, two pooling layers and a fully-connected layer [88]. Moreover,
back-propagation is generally utilized for training parameters of CNNs. Deploying
proper loss function, parameters in convolutional layers and fully-connected layers
can be determined by matching historical data to desired outputs in the training

section.



Chapter 3

Smart Building Energy

Management System

3.1 Building Energy Management System

This thesis proposed an IoT system for energy monitoring, planning and controlling
for residential buildings. The building energy managment system (BEMS) is an am-
bient intelligence system that utilizes modern automation technology and advanced
sensors to react towards residents’ best experience by collecting environmental data
and occupants’ activity data. There are two sub-systems based on the BEMS archi-
tecture: indoor positioning system (IPS) and home automation system (HAS). Here,
IPS can provide information about occupants’ presence and movement in the building,
which is indispensable to ensure high-quality performance of BEMS. And HAS can
automatically turn on/off household appliance according to temperature, humidity,
light intensity and occupants activity information. For example, household appli-
ances, such as air-conditioner, humidifier and light, can be powered automatically and
set in a comfort model when occupants enter the room. And when nobody is in the
room, all the appliances will be turned off for energy saving, except security system
and fridge. Moreover, during the peak load period, the stored solar energy is sched-
uled to be supplied to the building for alleviating the great demand pressure of main
electricity power-supply.

The overall BEMS with distributed architecture can be shown as Figure 3.1. The
system infrastructures are implemented in each room on the base of smart gateway net-

work for capturing and analyzing data [89]. Since data-analyzing and decision-making

19
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are performed in each smart gateway independently, this distributed architecture en-
ables system work in a more stable way. Even if one gateway at room level is broken,
the function of overall system will not be influenced. The main components of BEMS

include computation unit, sensor unit, communication unit and power-grid.

Computation Unit Smart gateway is the central computation unit for intense com-
putation and control. It can link smart devices, smart meters and smart appliances in
the local network. Also, it can continuously collect energy consumption data and envi-
ronmental data from smart meters, and remotely control smart household appliances
according to data analytics results.

In this thesis, BeagleBoard-xM with AM37x1GHz ARM, an open hardware, is
selected as the smart gateway. This board is designed with an improvement in the
power level module and storage module. With its four USB ports, many extensions
can be achieved on this board. For example, the ZigBee extension can be used for
connecting household appliances with the computation unit in a fast way. Moreover,
a Linux based Ubuntu system is embedded into the BeagleBoard-xM as the operating
system. Based on this embedded operating system, various IoT applications can
be freely and efficiently developed due to several advantages. First, many suppliers
support software development with no royalties or licensing fee. Also, this operating
system has a stable kernel with ability to read, modify and redistribute source code
[90]. With the BeagleBoard-xM as the computation center and basic platform, both

household appliance control and occupants’ position monitoring can be performed.

Sensor Unit Various sensors are deployed for collecting energy data, environmental

data and movement data. Main sensors in BEMS are listed as follows:

¢ Environmental Sensors: Environmental sensors include temperature sensors,
humidity sensors and light intensity sensors. They can be used to collect environ-

mental factors and provide the information to computation unit for analyzing.

e Smart Power-meter: Smart power-meter is a kind of energy sensor. It not
only can sense current in real time, also can record energy consumption data.
Moreover, it can change the supplied energy source physically utilizing an in-
cluded switch.

e Wireless Adapter: Wireless adapter is a Wi-Fi sensor. It can be used to

capture Wi-Fi packets emitted from mobile devices according to IEEE 802.11
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Figure 3.1: The overview of smart building energy management system
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protocol. These captured packets are stored, parsed and computed in computa-

tion unit for positioning.

Communication Unit The proposed IoT system is designed and built based on
wireless network because it has advantage of low cost and low power usage. Internet
protocol (IP) can perform data deliver from source to destination according to an IP
address and perform data communication within one packet-switched internetwork.
As a popular IP-based communication technology, Wi-Fi can be setup and adopted
widely. Almost all the electronic devices, such as mobile phones, laptops, personal
computers and peripheral devices, have the function to access the network via Wi-
Fi. Moreover, since Wi-Fi can be setup easily without extra personal tag and can be
accessed with low cost, the sensor network based Wi-Fi can overcome main challenges
faced by other indoor sensor network, such as complex configuration, time-consuming
deployment and expensive operations.

In the proposed system, the Wi-Fi packet is captured by the TL-WN722N wireless
adapter according to IEEE 802.11 protocol. The captured Wi-Fi packet contains
one important information, Management and Control Address (MAC), in a 30-byte-
length header, and another significant information, received signal strength indicator
(RSSI), in the radio-tap header. Radio-tap header and Wi-Fi header are shown in
Figure 3.2. With the MAC address to identify objects and RSSI values to reflect

distance information, the Wi-Fi signal can also be used for position monitoring.

| Preamble | PLCPHeader | IEEE 802.11 Protocol Data Unit |

| Frame Ctrl | Duration | Addr1 | Addr2 | Addr3 | SeqCtri | Addr4 |
2 bytes | 2 bytes 6 bytes 6 bytes 6 bytes 2 bytes 6 bytes

_________________
1

Protocol Ver‘ Type | Subtype | To DS ‘ From DS ’ More Flag | Retry | Pwg Mgr ’More Data‘ WEP | Order |
2 bits 2bits 4 bits 1 bits 1 bits 1 bits 1 bits 1 bits 1 bits 1 bits 1 bits

Figure 3.2: Frame format in Wi-Fi header field

Power-grid Smart building is supplied with energy by both the main electricity

power-grid and the additional power-grid of renewable energy.
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e Main electricity power-grid: As an external electricity supplier, the main
power-grid is the primary energy supplier for residential buildings, whose price

is much higher compared to renewable energy supplier.

e Additional power-grid of solar energy: Additional power-grid is the solar
photovoltaic constructed by connected photovaltaic cells [91]. The solar energy
can be stored in the energy storage module [92] and supplied to customers during

the peak load period.

Graphical User Interface Smart devices with graphical user interface (GUI) are
designed for providing information to users in a visual interface, which can satisfy
the requirements about user-friendly and simple integration of numerous networked
appliances [93]. Occupants can not only learn about historical or real-time power
consumption as well as environmental factors record, but also can remotely control

household appliances through the smart phone or tablet.

3.2 Distributed Machine Learning based Data An-
alytics

3.2.1 Distribution of Online Sequential ELM
Review of OS-ELM

To provide sufficient background for developing distribution of online sequential ex-
treme learning machine (DOS-ELM), this section briefly introduces related work of
online sequential extreme learning machine (OS-ELM) proposed by Liang et al. [94,95].
OS-ELM is developed on the basis of ELM for single layer feedforward networks
(SLFNs) with additive and radial basis function (RBF), which can learn data chunk-
by-chunk or one-by-one.

There are mainly two phases of OS-ELM algorithm: initialization phase and se-

quential learning phase.

Initialization phase: N, training samples I' = {(x;,y;)} are used to initialize
the learning model. Here, N, is required to be equal or greater than the number of
hidden node L, i.e. Ny > L, in order to guarantee OS-ELM perform the same learning
performance as original ELM with rank(Hy) = L.
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e Set k as the number of chunks of training data which is input to the network.
In the initialization phase, k is set as zero.
e Generate input weight parameter «; and bias b; randomly.
e (Calculate the initial output matrix Hg with L hidden nodes:
G(ag, b, x1) -+ Glag,bp,x1)
G(Oél,‘bl,Xl) G(OAL,[;L,XNO) NoxL
e Calculate the initial output weight 8(©:

A% = (HyHo) 'H; Yy = PoHj Y, (3.1)
where
P, = (H'H,)!
0 ( 0 0) (32)
Qo =P;' =H{H,
SN

Sequential learning phase The (k+1)" chunk of training data I' = {(x;, y;)} kN
=2j=04Vs
is input to the network. Here Ny, is referred as the number of the training sampfe

in the (k + 1) chunk.

e (a) Compute the partial output matrix Hy,; with L hidden node:

G(an, br, Xk, Nj)-‘rl) - Glag, b, Xk, Nj)+1)
Glonbixgy) oo Glonbrxgey) |
+

e (b) Compute the output weight for the (k + 1) chunk:

With Yy = [yz§:0 Nyy410 o Yok N, Ny y1xm» the output weight B*+D can be

calculated as follows:

g+ — glk) le—il-ng—l-l(Tk—&—l — Hk+1/3(k)) (3.3)

where
Qi1 =Qr +H)  Hy g (3.4)
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Since B**1 can be calculated using Qj},, Woodbury formula [96] is applied to

modify the equation for avoiding the inverse calculation in the recursive process.

Qi = (Qe+H  Hyy) ™!

(3.5)
= Q' — Qu Hyyy (T4 Hin Q' Hy ) Hin Q!
With Py = Q,;il, the B*+1) can also be expressed as:
B = 8" + P Y (T — H %) (3.6)
where
Py =P, —P.H. (I+H, . PH. ) 'H.P, (3.7)

e (c) Assign k = k+ 1 and go to (a) in sequential learning phase to process next

chunk of training data.

OS-ELM with Incremental Least-Square Solver

The number of hidden node is initially assigned as a small integer number in appli-
cation. With the number of training samples increasing, the training accuracy may
become worse due to the limitation of hidden node number. Therefore, it is neces-
sary to increase the number of hidden node to reduce the training error. Since large
number of hidden node will cause increasing of computational cost and time consum-
ing, an incremental solution is needed for hidden node number adjustment with low
computation complexity.

Cholesky decomposition with computational cost O(%Lg’) is adopted to solve the
least square problem of minimizing ||[HB — Y||o. Compared with SVD and QR de-
composition with computational cost O(4NL? — g) and O(2NL? — %Lg) respectively,
its incremental and symmetric property saves half memory and reduces the computa-
tional cost [97].

Here, Hy, is denoted as the matrix with L number of hidden neuron nodes (L < N).

We decompose the symmetric positive definite matrix H'H into

H'H, = G,GT (3.8)
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where T is transpose operation of the matrix and G represents a low triangular

matrix.

HIH, = [Hpy hy) [Hp oy hy)
- <H£1HL—1 pL) (39)

P s
where hj, is the new column added by increasing the number of hidden nodes L and

can be calculated from (2.1).

The Cholesky matrix can be expressed as

G;GT

. GL—l 0 Ggfl qr (310)
qf t 0 t

According to Equation 3.8, we can easily calculate the q and scalar ¢ for Cholesky

factorization as

Gro19r =P, t=14/s—dlqr (3.11)

where G,_; is the previous Cholesky decomposition result and p; can be known from
(3.9). When [ = 1, Gy is a scaler and equals with «/H;"H;. In this way, we can

continue using previous factorization result and update only according part.

Distribution of OS-ELM

DOS-ELM is composed by several parallel OS-ELM networks with the same activa-
tion function and the same number of hidden nodes. For each SLFN in DOS-ELM,
input parameters are assigned randomly and the output weight is computed based on
sequentially new arriving training data. After paralleling operation of each network,
the final result is determined by the average of outputs of all the independent OS-ELM
networks.

The architecture and working flow of DOS-ELM can be described in Figure 3.3.
Ny original training samples are sent to each gateway for initial training process inde-
pendently and then new arriving data is input to each gateway for sequential training
in parallel operation pattern. The trained weight of each network is stored in a small

data storage for sequential learning process. In the process of real-time application,
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Figure 3.3: Architecture of DOS-ELM

each well-trained network is used to analyze the same format input data and gen-
erate prediction result independently. To determine the final output, all the results
from each OS-ELM network are collected using message passing interface (MPI) pro-
tocol and computed in the central gateway. Considering the result of each network is

r(x;), j = 1,2,..., M, the final output can be expressed as follows:

r(x;) = % > r0(xy) (3.12)

here, M is the number of distributed OS-ELM network and r(x;) is the final output
with x; as input.

In this distribution system, each OS-ELM network is distinct due to randomly
and independently generated parameters. When the new arriving data is input into
each distinct network, some of them can adapt well and fast while some may not.
Since the DOS-ELM is regarded as a whole system, it can keep a good prediction
result even if individual network may not adapt well to the new arriving data. In
other words, the output of the whole DOS-ELM system fluctuates in a smaller range
in comparison with the output of single OS-ELM network. When the number of
single OS-ELM network is getting larger, the prediction result of the whole system is
getting more accurate. Moreover, with the number of OS-ELM network increasing,

the training time and testing time will not increase obviously because each OS-ELM
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network works in parallel.

3.2.2 Occupant Behavior Profile
Occupant Behavior Definition

In this thesis, occupant behavior is represented by the information about occupants’
movement combining with the function of specific room. Here, the information about
occupants movement mainly focuses on whether the room is occupied, how many oc-
cupants are in the room, what time the occupants enter/leave the room and how long
occupants present. Since the function of each room is different with various kinds of
household appliances, occupant behavior in each room is of quite typical features with
different energy consumption levels. For instance, when occupants enter kitchen and
move around actively, it is highly possible for occupant to use microwave, rice cooker,
kettle and other household appliances related to cooking, resulting in high energy con-
sumption level. When the occupant is present in the living room, it is possible for him
to watch TV, surfing the Internet on personal computer or carry on other activities
related to entertainment, which will lead to low level of energy consumption. There-
fore, we can classify occupant behavior into several types according to the function
of room, and then detect occupant behavior through indoor positioning information.
For residential buildings, main rooms generally includes kitchen, bedroom, living room
and washing room. Considering general types of household appliances, the occupant

behavior can be generally categorized as shown in Table 3.1.

Occupant Behavior Cognition

Occupants’ movement and presence can be monitored by real-time indoor position-
ing system through Wi-Fi signal analytics as shown in Figure 3.4. The system is
composed by a transmitter unit and a measuring unit. Here, smart mobile devices
emit Wi-Fi signal as transmitter unit. Smart gateway (BeagleBoard-xM) works as
the measuring unit to collect Wi-Fi signal. As the central unit of the whole system,
the BeagleBoard-xM can also store captured data, parse Wi-Fi packets and compute
positioning algorithm.

Wi-Fi packets, captured by Wi-Fi adapter (TL-WN722N) in monitor mode, in-
cludes two important information for indoor positioning. One is media access control

address (MAC) that is unique for each mobile device. It can be used to identify the
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Table 3.1: Relationship Between Room Type and Occupants Behavior

Room Type Kitchen Bedroom/Living room Washroom
Behavior Cooking/Fating | Rest/Entertainment | Washing/Cleaning
Microwave
Rice cooker
Kettle
Dish washer
Fridge
Toaster
vV
Personal computer
Laptop
Washing machine
Cloth dryer
Water heater
Bath heater

Lights v
General Heating

Appliances | Air-conditioning

Ventilation v

SNENENENENEN

Functional
Appliances

NENEN

NENEN

ANEEENENENENENEN

device that emits the Wi-Fi packet. Another information is received signal strength
indicator (RSSI) that is a reflection of distance between the transmitter unit and the
measuring unit. Considering captured MAC address and RSSI value of each Wi-Fi
packet, DOS-ELM can be trained on smart gateways. The trained weights for net-
works are stored and then used for real-time positioning application with same format
data as input. The positioning prediction result of each smart gateway will be col-
lected through MPI protocols and processed using soft-voting to determine the final

positioning result.

Occupant Behavior Extraction

To extract occupant behavior according to occupant positioning information, position-
ing record should be organized as training data format. Since the occupant behavior is
different in each room with specific function, the detected occupant positioning record

should be processed respectively.
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Figure 3.4: Indoor Positioning System Overview

For each room r, occupant positioning can be categorized into four states repre-
sented by S:

$1:0 no occupant in the room r
So: 1 occupants in the room r

s=4{ 7 P . (3.13)
s3: 0 — 1 occupants entering the room r

s4:1 —> 0 occupants leaving the room r

here, occupant positioning state S is monitored by real-time indoor positioning system
through Wi-Fi signal detection and analytics. 1 represents occupants’ presence in the
room while 0 indicates the room is not occupied.

The probability that occupants are present in the room r can be computed as
follows:

b(i) = %UZT(S?’)’@' =1,2,...,24 (3.14)
here, b(i) represents the occupants movement probability of room r in the i* time
interval. Here, the length of time interval T} is set as 60 minutes, which results in 24
time intervals. T'(s2) and T'(s3) are the time length when occupants are present in the

room 7.

For the room r, the daily occupant movement probability B can be represented
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based on b(1):
B = [b(1),b(2),b(3), ..., b(24)]" (3.15)

where, the daily occupant movement probability B is referred as the occupant behavior
profile.

For the dth day, the occupant behavior profile B, can be predicted according to the
trend of behavior profile in previous several days. Here, we choose previous seven-day
occupant behavior profiles as the training data Xp and the 8th-day behavior profile

as the training data Y g, which can be shown as follows:

Xg={14-0-By1<d<7}

(3.16)
Y = {By|ld = 8}
here, By is the occupant behavior profile on the d* day.
vq is the daily weight parameter which should be assigned as:
Yd—1 > Vd—2 > o > Vd-7 (3.17)

here, since the latest captured data has greater effect on prediction result, the new
arriving data should be paid more attention by assigning heavy weight.
o is the weaken factor used to reduce the effect of abnormal value, which can be

computed as:

1 IA<KB<K3A
o= _ _
0.1 B< %A or B > %A
s.t (3.18)
24 7 _
> b(4) > Ba
B — =L _ d=1
24 7

here, these extremely abnormal data can be detected using the average of movement

probability value in previous days. The upper bound is set as §A and the lower bound

1
is set as —A.
is set as 5
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3.2.3 Energy Consumption Profile

Energy consumption profile F is composed by hourly energy consumption e(¢) in the

time span of 24 hours, which can be expressed as:
E = [e(1),e(2),...,e(24)] (3.19)

The characteristic of daily energy consumption profile is various due to different out-
side weather, inside environmental factors, day types as well as occupant behavior

profiles. The input features are vital for the accuracy of prediction model.

Table 3.2: Input Feature For Daily Load Forecasting

Inputs Descriptions
H(d-1,t), H(d-2,t), H(d-3,t), H(d-4,t), H(d-5,t), H(d-6,t),
1-24 H(d-7,t): Humidity of the 7 days before the

predicted day at the same time
T(d-1,t), T(d-2,t), T(d-3,t), T(d-4,t), T(d-5,t), T(d-6,t), T(d-7,t):
25-48 Temperature of the 7 days before the
predicted day at the same time
L(d-1,t), L(d-2,t), L(d-3,t), L(d-4,t), L(d-5,t), L(d-6,t), L(d-7,t):
49-72 Light intensity of the 7 days before the
predicted day at the same time
Date type: weekend is expressed as 0 and
weekday is represented by 1

73

To forecast the daily energy consumption on the (d + 1) day, the actual data,
including temperature, humidity and light intensity, of previous days and the type of
(d + 1)th day are referred as training features shown as Table 3.2:

3.3 Solar Energy Allocation for Peak Load Reduc-
tion

During the peak load period, the energy demand is possible to exceed the upper limit of
main electricity power-grid supply level, which will lead to load shedding and power
outage. Since the electricity price is adjusted dynamically in accordance with the
fluctuation of energy demand, the price of main electricity power-grid is usually higher

during the peak load period. In order to compensate the peak load demand of the
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main electricity power-grid and save the energy cost for users, a dynamic solar energy
allocation strategy has been proposed. Based on the predicted energy consumption
profile and occupant behavior profile, the peak load period can be detected and the

solar energy can be allocated for each room as an additional power supply.

3.3.1 Problem Formulation

For each hour ¢, the generated solar energy is denoted as Sgeneration(t) and the energy
demand of the main electricity power-grid is referred as Epemana(t) . The solar energy
allocation amount Sayecation(t) can be determined by predicted occupant behavior

profile and energy consumption profile:
SAllocation(t) = f(B7 E) (320)

here, B is the predicted occupant behavior profile. E is the energy consumption
profile.

Two objectives of solar energy allocation strategy are defined:

Objective 1: Aiming at peak load reduction, the solar energy allocation strategy
should minimize the standard deviation of actual energy consumption from main elec-

tricity power-grid, which can be expressed as:

t=24

argmin(dev Z(EDemand(t) — Sattocation(t))) (3.21)

t=1

Objective 2: The solar energy allocation strategy is expected to minimize the daily

electricity cost, which can be shown as:

t=24

CL’I"g’I?’LZ"I’L Z(EDemand(t) - SAllocation(t))p(t) (322)

t=1

here, p(t) is the real-time electricity price of main electricity power-grid.
Note that the solar energy allocation amount Sajecation (t) can not exceed the avail-

able amount of solar energy storage at anytime. This constraint can be expressed as:

SAllocation(t) g SStorage (t) (323)
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here, Ssiorage(t) is the available amount of solar energy at time ¢, which is stored in

the energy storage module of the additional power-grid.

Step 1:
p—— : - _I
Detect peak load period |
Step 2: I
Compute solar energy allocation I
amount - I
=2 Step 3: I
. Compute the solar energy storage I
51 ft I=0 I
Step 4:
ep 4 | J

Update parameters

Figure 3.5: The flow of solar energy allocation

3.3.2 Solar Energy Allocation Strategy

To realize above two objectives and achieve the optimal utilization of solar energy, a
dynamic solar energy allocation strategy has been proposed, which can be summarized

as shown in Figure 3.5:

Step 1: Peak Load Period Detection To formally illustrate the parameter used
for peak load detection, two factors will be defined firstly.

(1) Pp(t) is defined as the occupants movement probability for the whole house at

time ¢:

Pp(t) = =—— TR

here, the b;(t) is the components of occupant behavior profile B, which represents

0<0; <1 (3.24)

the occupant movement probability for room ¢ at time ¢. For each room with

specific function, household appliances are diverse leading to different energy
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consumption levels. To identify the level of energy consumption in each room,
weight parameter 6; is assigned. And M represents the number of rooms in the

house.

(2) Pg(t) is referred as the proportion of energy consumption at time ¢:

P(t) = - (3.25)

z (1)

here, e(t) represents the component of predicted 24-hour energy consumption
profile E.

When occupants are present and move around actively in the room, energy con-
sumption is quite likely to increase [98]. Therefore, the peak load period is detected
by fusing the probability of occupant movement Pg(t) and the proportion of energy
consumption Pg(t). The probability of peak load Ppe.x(t) with weight parameter n

can be expressed as:
Ppeak(t) = nPB(t) + (1 - n)PE(t)v O < n < 1 (326)

With a pre-assigned upper limitation, the peak load moment can be detected when
Pear(t) exceeds this upper limitation. At such moment, a specific amount of solar

energy should be allocated.

Step 2: Allocation Amount Computation During the peak load period, the

expected amount of solar energy allocation Ag(t) can be determined by
Ap(t) = a(E(t) — E) + BPp(t) (3.27)

here, E represents the average value of predicted 24-hour energy consumption. o and
[ are initialized according to actual energy demand. To perform optimal utilization
of solar energy, o and (3 should be adjusted until the total amount of daily generated
solar energy can be used up.

Since the amount of solar energy storage is regarded as a a limiting condition, the
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actual amount of solar energy allocation can be expressed as:

Ap(t) Sstorage(t) = Ap(t) and e(t) > Ap(t)

A(t) = e(t) Sstorage(t) = Ag(t) and e(t) < Agp(t) (3.28)
SStorage(t) S,S'torage( ) < AE(t) and €(t) > SStorage(t) .
e(t) Sstorage(t) < Ap(t) and e(t) < Ssiorage(t)

here, Ssiorage(t) is the total available amount of solar energy at time ¢. e(t) is the

energy demand at time ¢ which is the component of energy consumption profile E.

Step 3: Solar Energy Storage If the solar energy amount allocation is less than
the total available amount of solar energy at time ¢, the remained solar energy S (t)

can be computed in different cases:

Sstorage(t) — Ap(t) Sstorage(t) = Ap(t) and e(t) > Agp(t)
Spop(t) = Sstorage(t) — e(t) Sstorage(t) = Ag(t) and e(t) < Ag(t)

0 Sstorage(t) < Ag(t) and e(t) > Sstorage(t)

Sstorage(t) — €(t)  Sstorage(t) < Ap(t) and e(t) < Ssiorage(t)

(3.29)
The remained solar energy at time ¢ can be accumulated for next allocation period.

For next time ¢ 4 1, the solar energy storage Ssiorage(t + 1) can be determined by

SStorage(t + 1) = SLeft(t) + SGeneration(t) (330)

Step 4: Parameter Adjustment For the optimal utilization of solar energy, the
stored solar energy should be used up at the end of one day, which can be expressed
as:

Sreft(24) =0 (3.31)

If there is remained solar energy at the end of one day, the parameter o and 3 should
be adjusted to assign the expected amount Ag(t) of solar energy allocation as a more
proper value. Then go back to the Step2.

The whole flow on smart-gateway platform in BEMS can shown in Figure 3.6
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Figure 3.6: Flow of data analytics for building energy management system

3.4 Results and Discussion

3.4.1 Setup and Benchmark

In this section, daily occupant behavior profile and daily energy consumption pro-
file are predicted through the proposed DOS-ELM method. In order to estimate the
performance of DOS-ELM, support vector regression (SVR) is adopted to forecast
occupants behavior profile and energy consumption profile for comparison. The pre-
diction accuracy is estimated by mean absolute percentage error (MAPE) and root
mean square error (RMSE). MAPE and RMSE can be defined as:

MAPE = % > |W| (3.32)
RMSE — %i(m) ~ R(t)? (3.33)

t=1

where P(t) is the prediction value and R(t) is the actual value.

Then, based on the prediction results of occupant behavior profile and energy con-
sumption profile, peak load period can be detected and solar energy can be allocated
to the smart building for reducing the peak load demand of main power-grid and also
saving the daily energy cost.

In this experiment, one dataset from the Smart* Home Dataset [99] and a dataset
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Table 3.3: Summary List of Experiment Set-up

Parameter Value
Number of Gateway 5
Initial Training Days 7 Days

Continue Evaluation Days | 23 Days
Environmental Data 30 Days
Occupant Motion Data | 30 Days
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provided by Energy Research Institute of Nanyang Technological University are uti-

lized for short-term load forecasting. A real-time electricity pricing strategy from [100]

is adopted to elaborated the performance of the proposed solar energy allocation strat-

egy.

The data analytics and prediction based on DOS-ELM are running on the com-
puting platform of BeagleBoard-xM with AM37x 1GHz ARM processor.

Experiment set-up is described in Table 3.3.
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Figure 3.7: Motion probability within 15 minutes interval in a living room (3 training

samples, 1 predicted result and 1 actual result).
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3.4.2 Occupant Profile Extraction

Daily occupant behavior profile is predicted and represented by movement probability
in fifteen-minute interval as shown in Figure 3.7. The measured actual data and cor-
responding training data are also displayed in the Figure 3.7 to verify the prediction
accuracy. It is obvious that the predicted profile has the same trend as actual one,
which means the predicted active period and movement probability is similar to the
actual ones. This relatively accurate prediction result is quite helpful for energy man-
agement strategy which will be introduced in next section. In order to estimate the
daily occupant movement profile for the whole residential house, occupant movement
profiles in four rooms, including living room, kitchen, basement and bedroom, are

predicted as shown in Figure 3.8 and combined for analytics.
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Figure 3.8: Motion probability within 15 minutes interval in a living room, kitchen,
baseroom, bedroom.

3.4.3 Energy Profile Extraction

Daily energy consumption profile is extracted using proposed DOS-ELM and SVR
respectively as shown in Figure 3.9. The energy consumption profile is various for
different days while the proposed DOS-ELM can capture the peak load period and
predict the load demand value accurately. For extremely high peak load, both DOS-
ELM and SVR has no capability to predict the exact load value while the result of

DOS-ELM is relatively more similar to the actual one.
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Figure 3.9: Daily energy forecasting using DOS-ELM and SVR respectively

The prediction accuracy is estimated using MAPE and RMSE as shown in Table
3.4. Comparing with the performance of SVR, the DOS-ELM can achieve better
prediction by 14.60% and 14.83% average improvement.

Table 3.4: Prediction Accuracy Comparison between DOS-ELM and SVR

Machine MAPE RMSE
Learning | Max | Min | Avg | Max | Min | Avg
DOS-ELM | 0.23 | 0.10 | 0.15 | 29.37 | 10.92 | 20.30
SVR 0.34 | 0.14 | 0.20 | 33.75 | 15.72 | 23.14
Imp.(%) |31.20 | 0.50 | 14.83 | 30.53 | 3.32 | 14.60

3.4.4 Peak Load Reduction

Based on predicted results mentioned above, solar energy can be effectively and op-

tically allocated to smart building. To estimate the proposed solar energy allocation

strategy, the convetional static allocation method is used as comparison reference,

which immediately allocates all the generated solar energy without storage. As shown

in Figure 3.10, the proposed strategy performs better according to the more flat curve

which demonstrates the standard deviation of energy consumption profile is lower.

Moreover, Table 3.5 shows the reduced load value during peak load period. With

different solar PV areas, the proposed solar energy allocation strategy achieves peak

load reduction by 6.08% to 18.19%, leading to about 50% cost savings.
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Figure 3.10: Demand response using proposed solar allocation strategy and conven-

tional static allocation method respectively

Table 3.5: Energy Cost Saving and Energy Peak Reduction

Energy Cost Saving(%) | Energy Peak Reduction(%)
Area | Max | Min Avg Max | Min Avg
25 m? | 83.19 | 11.59 43.60 16.44 0 6.08
30 m? | 86.26 | 11.59 48.37 18.30 | 1.43 9.07
35 m? | 88.46 | 17.26 51.94 23.31 | 1.76 15.20
40 m? | 90.10 | 27.81 51.92 25.32 | 2.01 16.82
45 m? | 91.38 | 24.19 49.83 25.32 | 4.37 17.12
50 m? | 92.41 | 19.84 45.93 25.32 | 13.04 18.19




Chapter 4

Lensless Cell Counting System

4.1 Lensless Blood Cell Counting System

The proposed lensless blood cell counting system (LBCS) consists of a poly-dimethylsiloxane
(PDMS) microfluidic channel which is bonded on the top surface of a CMOS image
sensor (CIS) as shown in Figure 4.1. Through an external syringe pump, cell sample
solution can be continuously driven into the microfluidic channel at a typical flow rate
of buL/min. Meanwhile, a white LED lamp is setup above to illuminate the flowing
cells, whose light intensity is designed as 1.5k Lux at the sensor surface. Then, the
cell shadow images will be continuously captured by the CIS underneath and buffered
to be processed by machine-learning based SR algorithm. The design of the whole

system is introduced as follows.

lllumination
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Figure 4.1: General lensless blood cell counting system: cross-sectional view of the
lensless system
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CMOS Image Sensor There are two kinds of CMOS image sensors employed in
the proposed system.

One is a commercial grayscale CMOS image sensor (MT9MO032, Onsemi, San
Jose, C A, US A) whose pixel size is 2.2um x 2.2um and array size is 1472(H) x 1096(V)
with an active pixel area of 3.2dmm(H) x 2.41mm(V’). Before bonding with the
microfluidic channel, the microlens layer is removed by plasma treatment (PDC —32G,
Harrick Plasma, Ithaca, NY, USA) and the CIS protection glass is removed by a
razor blade. However, as shown in Figure 4.2 a, because a front-side illuminated (FSI)
structure is adopted by the pixels of MT9INO032, a thin PDMS film should be coated
on the sensor die. In this way, it can not only protect and encapsulate the sensor top

circuit, but also make the sensor surface flatter resulting in tighter bonding. However,
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Figure 4.2: Comparison of FSI and BSI CMOS image sensor pixel. (a) FSI pixel: the
photodiode is far from cell samples; (b) BSI pixel: the photodiode is closed to the cell
samples

the extra PDMS layer causes some problems. First, it will degrade the contrast of
lensless shadow image and increase the object distance. Second, because the metal
layers which are stackted above photodiodes (PD) suffer light degradation, FSI CIS
is low sensitivity.

To overcome the aforementioned problems, a back-side illuminated (BSI) CMOS
image sensor is designed with 1.7mm x 2.2mm photosensitive area, dmm x 5mm die
area, a 3.2-Mega pixel array and a 1.1um pixel pitch. As shown in Figure 4.2 b,

Photodiodes are fabricated on the top layer without metal, which can block incident
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light. Such a design can make the cell sample directly contact the pixel surface, which
achieves quantum efficiency and better sensitivity. Moreover, the top layer of the BSI
sensor is a smooth and flat silicon as well as silicon dioxide layer without a microlens.

In this way, the microfluidic channel can be integrated directly.

Microfluidic Channel In order to capture flowing cells and avoid missing cells at
high rates, it is necessary for the microfluidic channel to fit in the sensor die on a
diagonal, which leads to the channel length maximization. The channel length is set
as 2.6mm for the BSI CIS based prototype and 4.6mm for the commercial CIS based
prototype. For both prototypes, the channel width is designed as 500um. When the
flowing cell sample is in high concentration, such a relative wide channel will be helpful
for alleviating clogging effect. The channel height is designed as 30pum, which is just
longer than the diameter of tumor cells and blood cells. Cell samples can thereby
flow through in close proximity to the sensor surface, resulting in generating higher

contrast lensless images.

Figure 4.3: Testing board. (a) System with the commercial FSI CIS; (b) Package BSI
CIS that is integrated with elastic thin tubing and the microfluidic channel; (c¢) The
custom designed BSI CIS chip

Testing Board As shown in Figure 4.3 a, it’s a 5.6¢m x 5.6¢m printed circuit board
(PCB) which is equipped with power supplies for the sensor and one USB interface
(CY7C68013 —56 EZ —USB FX2, Cypress, San Jose, CA, USA) for transferring
data. On such a PCB, the commercial CIS chip is soldered. As shown in the inset of
Figure 4.3, it’s an enlarged figure of a PDMS microfluidic device.
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As shown in Figure 4.3 b, the BSI CIS chip is fabricated in a 65nm BSI CMOS
image sensor process and bonded to a 144-pin ceramic pin grid array (CPGA) package.
To build a prototype system, this packaged BSI CIS chip is also mounted on one
small field-programmable gate array (FPGA) testing board (X EM 3010, Opal Kelly,
Portland, OR, USA).

4.2 Convolutional Neural Network based Super-

Resolution

Convolutional neural network based super-resolution (CNNSR) consists of two steps:
off-line training step and on-line testing step. In the off-line training step, the model
parameters are optimized, which can correlate the LR images with HR images. In
the online testing step, the captured lensless cell image is reconstructed into HR one

using the trained model.

Input
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Figure 4.4: Processing flow of CNNSR: off-line training step and on-line testing step
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4.2.1 Off-line Training Process

In the off-line training process, consider n training images. Firstly, these LR training
images are scaled up to the desired size through bicubic interpolation. These pre-
processed images are represented by Y;. The corresponding ground truth HR images
are denoted as X;. Note the interpolated images Y; are the same size as X;. The aim
of off-line training step is obtaining an end-to-end function F'(Y;, ©) that can improve
the LR images Y; to the HR images F'(Y;) whose resolution is similar as that of Xj.
The mean squared error (MSE) acts as the loss function L(©) between Y; and X;:

L(O) = - S| F(¥i6) - X (4.1

Here, n is denoted as the number of training images. © = {Wy, Wy, W3, By, Bo, B3}
represents the group of model parameters which should be estimated by minimizing
the loss function.

Training process can be summarized as three steps: feature extraction, non-linear

mapping and reconstruction.

First step aims to extract overlapping patches from input LR images Y and rep-
resent each one as a high-dimensioned vector. It includes convolutional layer and

rectified linear unit (ReLU) function, which can be expressed as F;(Y):
Fi(Y) =max(0,W; Y + By) (4.2)

here, W7 can be expressed as ¢ X f; X fi1 X ny, which represents n, filters of spatial
size fi x f1 that convolute the input Y with ¢ channels. B; is the bias and can be
represented as a ni-dimensional vector whose each element is associated with the filter.
The output of convolutional layer is composed by ni-dimensional feature maps. The
ReLU function applies an elementwise activation function max(0,z) to these filter

responses thresholding at zero.

Second step performs non-linear mapping from each ni-dimensional vector to no-

dimensional one. It is also comprised by convolutional layer and ReLLU function, whose
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operation is similar as the first step. The operation can expressed as:
FQ(Y) = ma:L‘(O, WQ * Fl(Y> + Bg) (43)

here, W; represents weights of size ny X fo X fo X ng, which means ns filters of spatial
size fo X fo applied in Fi(Y) with ny depth. B, is a mo-dimensional bias vector.
Conceptually, each output ns-dimensional vector can represent one HR patch that

can be used to reconstruct the final HR image.

Third step can reconstruct HR image by aggregating the above HR patchewise
representations. The generated HR image is produced by a convolutional layer and is

expected to be as similar as possible to the ground truth HR image X.

here, W3 is weights of size ny X f3 X f3 X ¢. It represents that no filters of spatial size
f3 X fa is used. c is equal to the number of HR image channel. And Bj represents
c-dimensional bias vector. Resulting in producing the recovered full HR image, the
filter on a set of feature maps can be considered as averaging the predicted overlapping
HR patches.

In order to get the end-to-end mapping function F(Y,©), network parameters
© = {W;, Wy, W3, By, By, B3} should be optimized by minimizing the loss function
L(©) through stochastic gradient descent with the standard back-propagation. The

weight matrices can be updated:

oL
A11:09XA1+’I7X—
! oW} (4.5)

Wiy =W + A

1

here i is the index of iterations and [ represents the index of layers. [ € {1,2,3}. n is
the learning rate.

For the bicubic interpolated image, the magnification factor is implemented as 4 x.
For the first convolutional layer, the number of filters n; is 64 and the spatial size of
filter f; x f; is set as 5 x 5. For the second convolutional layer, the number of filters
no is 32 and the filter spatial size fy X fy is set as 1 x 1. And the filter size in the

third convolutional layer is set as f3 = 3. Moreover, the number of channel ¢ is set as
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1 because both the input LR image and ground truth HR image are Grayscale image

whose color channel is only 1.

CNNSR Off-line Training
Input: LR cell images Y; and corresponding HR cell images Y
Output: Model parameter O=W1, W2, W3, B1, B2, B3

1 O are initialized by drawing randomly from Gaussian Distribution (;z = 0, o = 0.001)
2 For i = 0 ton // n is the number of training image

3 For 1= 1 to 3 // 3 convolutional layer to tune

4 Calculate F(Y;) based on Equations (13)-(15)

5 End For

6 Calculate L(0) = %i IF(Yi;0) — X;||2

7 If L(©) <ceis closed to zero

8 Calculate A1 = 0.9 x A; + 17 % d‘if’, Wh, =W+ A,

9 End If

10 End For

CNNSR On-line Testing
Input: LR cell image Y’ and network parameter © = W,, Wy, Ws. By, By, Bs
Output: Corresponding HR cell images F'Y’

11 For 1 = 1 to 3 // 3 convolutional layer network

12 Calculate F(Y') based on Equations (13)-(15)

13 End For

Figure 4.5: Pseudo code for CNNSR

4.2.2 On-line Testing Process

LR cell images are captured by LBCS and upscaled to desired size through bicubic
interpolation. When interpolated LR images are input to the CNNSR network with
trained grouped parameters O, the corresponding HR cell image F(Y’,©) can be
recovered.

The overall architecture of CNNSR can be described in Figure 4.4. The pseudo
code for CNNSR off-line training and on-line testing can be described in Figure 4.5.

4.3 Results and Discussion

In the experiment, both tumor cell and blood cell images are utilized as testing samples
for evaluating the performance of CNNSR model. To evaluate the quality of recovered

HR images, the structure similarity (SSIM) is selected as a metric. Moreover, another
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machine-learning based single-frame SR processing method, extreme learning machine
based super-resolution (ELMSR) described in detail by Huang al. [19], is also adopted
to process the captured cell images in this experiment. Through the comparison of
two SR processing machine-learning approaches, the advantages and disadvantages of
CNNSR is analyzed and demonstrated.

4.3.1 Sample Preparation

HepG2 RBC WBC HepG2 RBC WBC
Cell1 Cell1 Cell1 Cell2 Cell2. ) Cell2
1) | (@2 (a3) e (2 (e3)
HR Image
HR Image O
48x48 e B0x80
(f@ = RE)
LR |mage iﬂ G LR Image
12x12 20x20
‘ (9@ Y (03
Interpolated ] Interpolated
Image o Image
48x48 Saxe0
HF Image HF Image
48x48 80x80

ELMSR Training Image Library CNNSR Training Image Library

Figure 4.6: Example images in CNNSR and ELMSR training libraries, including of
RBC, HepG2, and WBC.

HepG2 tumor cell and red/white blood cell sample solution are prepared for the
experiment. Volunteers in Nanyang Technological University (NTU), who signed in-
formed consent forms, donated the blood cell samples with approval of relevant in-
stitutional guidelines and laws. The HepG2 tumor cells (American Type Culture
Colletion, Baltimore, M D, USA) were cultured in Minimum Essential Media (MEM)
and grown in a T75 flask in a 5% CO, atmosphere and 37 degree Centigrage. The
harvested cells were washed and re-suspended in PBS. Moreover, before inputing cell
sample solution into the microchannel, all the samples are sonicated by an ultrasonic
cleaner (2510E — DT H, Branson Ultrasonics, Danbury, CT, USA) for 10 minutes,

in order to prevent cell aggregation.
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4.3.2 Off-line Super-resolution Training

In this section, the building off-line training image libraries will be introduced. First,
a microscope camera (OlympusI X 71, Tokyo, Japan) is used to capture HR training
images of blood cells and HepG2 tumor cells. As shown in Figure 4.6 al — a3, el —e3,
these HR images are collected in HR image library. Because of two prototypes with
different CIS, these original HR images should be saved as two sizes, 80 x 80 and
48 x 48 corresponding respectively to the CNNSR training image library and ELMSR
training image library.

Next, according to the enhancement factor of four, the 48 x 48 HR images are
down-sampled to 12 x 12 LR images in Figure 4.6 b1 — b3, and the 80 x 80 HR images
are down-sampled to20 x 20 LR images in Figure 4.6 f1 — f3. Then, these down-
sampled LR images are resized to 48 x 48 and 80 x 80 through bicubic interpolation, as
shown in Figure 4.6 c1-c3, gl-g3. Since bicubic interpolation operation can not recover
high-frequency (HF') components, detailed structure information in those interpolated
images has been lost already. Then, by subtracting the original HR cell images with
corresponding interpolated one, the HF components of the training cell image can be
obtained. In the HF components images in Figure 4.6 d1-d3, h1-h3, specific features in
each cell types are obviously different. Through above four steps, the training sample
libraries for both CNNSR and ELMSR can be generated. To build the library, thirty
HR cell images for each cell type are selected.

Finally, based on the built training sample libraries, model can be trained using
CNNSR and ELMSR approaches respectively.

4.3.3 On-line Super-resolution Testing

In this section, the on-line testing results of both CNNSR and ELMSR will be shown
and analyzed. Based on built library and trained model, the testing process can be
performed with captured lensless LR images inputting. Since there are two CMOS
image sensors of pixel sizes (2.2um vs. 1.1um) in the lensless imaging systems, the
directly captured LR images can be compared as shown in Figure 4.7 a, d. It is obvious
that the captured LR RBC in Figure 4.7 d1 is much clearer than that of Figure 4.7 a2,
because the pixel pitch of BSI CIS is smaller than the commercial FIS CIS. Moreover,
the diameter of LR RBC images is 4 pixels using FSI CIS while the LR RBC images
cover 8 pixel using BSI CIS. According to these results, CIS of the smaller pixel
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Figure 4.7: Example of HepG, RBC and WBC images in CNNSR and ELMSR testing.

pitch can be validated to perform better for generating LR images of higher spatial
resolution. Then, the interpolated LR images will be generated as shown in Figure 4.7
b,e. Next, these interpolated LR images are input into the trained model. As shown
in Figure 4.7 c1, 2, the HR images of the RBC cell and HepG2 cell can be recovered
through ELMSR model. And the HR images of the WBC cell and RBC cell can be
reconstructed by CNNSR model as shown in Figure 4.7 f1, f2.

Through the comparison between interpolated LR images in Figure 4.7 b,e and
recovered HR images in Figure 4.7 ¢, f, it is obvious that more cell internal and edge
information can be displayed in recovered HR images no matter which SR approaches
are used. Moreover, comparing the performance of ELMSR, the CNNSR can perform
better in HR image reconstruction with less noise. As shown in Figure 4.7 ¢2, there
is some blur effect in the cell edge recovered by ELMSR, while the cell membrane
and nucleolus in the recovered cell image by CNNSR can be seen clearly as shown in
Figure 4.7 f1,£2.

In Figure 4.7 g, the performance of CNNSR and ELMSR is evaluated by comparing
the MSSIM metric. The MSSIM of HepG2 in Figure 4.7 ¢1, RBC in Figure 4.7 ¢2, f1
and WBC in Figure 4.7 f2 are 0.5190, 0.7608, 0.8331 and 0.8102 respectively. As
shown in Figure 4.7 g, CNNSR can achieve 9.5% improvement over ELMSR on SR
improvement quality. This advantage of CNNSR is probably resulted from the filter
optimization in all the layers of CNN network, while there is no such joint optimization
for ELMSR model training. Note that even though the input LR images for CNNSR
and ELMSR approaches are obtained from different CMOS image sensors, there is no
effect on results evaluation because the recovered images are only compared with their

original HR images in corresponding off-line training sample libraries.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

In conclusion, this thesis has investigated machine learning based data analytics for
energy management in smart buildings and lensless cell counting system respectively.
From machine learning algorithm perspective, this thesis has proposed online sequen-
tial extreme learning machine with distribution architecture, which can update model
continuously. Then, convolutional neural network has been employed to perform image
resolution improvement. From application perspective, this thesis has designed and
built IoT system for smart home/building field and biomedical field: smart building
energy management system and microfluidic lensless blood-cell counting system.

For energy management in smart residential buildings, we have firstly performed
short-term load forecasting in a distributed real-time pattern. To perform accurate
load forecasting, we have considered occupants behavior, indoor and outdoor environ-
ments for model building and updating. Furthermore, based on such load forecasting,
we have performed solar energy allocation to reduce peak power consumption and
save bills for users. Experimental results have shown that the distributed machine
learning algorithm (DOS-ELM) is 14.83% more accurate for load forecasting than the
traditional machine learning (SVR) method. By applying our proposed dynamic solar
energy allocation algorithm, 51.94% more energy saving and 15.20% more peak load
reduction can be achieved comparing to the static energy allocation method.

For microfluidic lensless blood-cell counting system, captured cell images are low-

resolution without detailed information, resulting in a challenge for cell counting and
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reorganization. To solve this problem, convolutional neural network based super-
resolution (CNNSR) is employed to recover HR images with low cost of computation
resource and without limitation of system throughput. Based on the built system with
commercial CMOS image sensors and custom designed backside-illuminate CMOS sen-
sors, high-resolution cell images are reconstructed through CNNSR with comparison
of ELMSR. The experiment results show that the cell resolution is improved by 4x,
and CNNSR has 9.5% improvement over the ELMSR on resolution enhancing per-
formance. The CNNSR can be matched well with the developed lensless blood cell

counting system.

5.2 Recommendation for Future Work

5.2.1 10T for Residential Building

Since the energy demand prediction is the base of energy management, it is important
to further improve the accuracy of short-term load forecasting in future work. Accu-
racy of energy profile extraction can be improved according to several work plans as

follows:

e The current model is updated day by day through online sequential machine
learning. To obtain an energy profile with higher resolution, the solution can
update the model hour by hour. In this way, the predicted load value can be

adjusted with the dynamic changes of energy consumption.

e In current work, the energy profile is independent to occupant behavior profile
which is represented by positioning information. Actually, the occupants be-
havior has an important effect on energy consumption. It is difficult to work
out their quantitative relationship. A further task aims to analyze the occupant

behavior and extract behavior pattern as a feature of load forecasting.

e For current IPS developed based on Wi-Fi communication technique, the oc-
cupants’ positioning can be only detected when Wi-Fi is turned on as well as
stable. It is a problem how to detect occupants’ position when the Wi-Fi is
turned off. To solve this problem, auxiliary communication technology can be
adopted for IoT devices or more functions of mobile phone can be explored. For

example, when the Wi-Fi of smart devices is turned off, GSM can be a solution
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because GSM signal collector can be integrated with existing antenna to monitor

phone signal.

5.2.2 10T for Bio-medicine

Rapid diagnosis is expected for on-site disease monitoring, leading to that the bio-
medical [oT system should output data analytics result in real time. For current
work, pre-processing operation and non-linear mapping are regarded as the most time-
consuming part. Such a convolutional neural network is strongly needed to accelerate.
So future work is expected to focus on further investigating the convolutional neural

network for faster image super-resolution.
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