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Power consumption of cellular communication infrastructure has been considered 

as a global issue due to its exceptional growth rate. In order to address the challenges posed 

by the increasing power consumption such as carbon emissions, many studies have been 

focused on designing green cellular networks where carbon emission can be mitigated by 

reducing power consumption at base stations. Although the previous studies have a 

common theme of the power saving strategies at base stations, most studies develop the 

power saving techniques are restricted to cases where the electricity is supplied from 

conventional grid instead of renewable energy sources.  

The use of renewable sources poses two main issues such as large footprint and 

power output variability due to the variation of the natural phenomena driving the sources. 

This research thus aims at addressing the cellular networks power consumption issue by 

considering a cluster of neighboring base station in a microgrid configuration, called 

sustainable wireless area (SWA) that can not only reduce the carbon emission effectively 

by being powered from distributed renewable sources, but also overcome the renewable 

power output variability issue by using local energy storage and renewable power 
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prediction two-days. In this sense, this dissertation investigates a novel approach to realize 

sustainable power supply in a SWA, which incorporates the design of renewable sources, 

energy storage, and base station electric architecture, and a power control algorithm for 

their operation. 

With the aim of mostly powering base stations from renewable sources, the power 

control strategies are explored based on the predicted renewable energy and battery bank 

state of charge (SOC). Finally, the effectiveness of the control strategies is evaluated 

regarding on SWA resiliency and battery bank lifetime aspects.  
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Chapter 1. Introduction 

1.1 RESEARCH MOTIVATION  

In recent years, power consumption of information and communication 

technologies (ICT) have been considered as global issues due to their rapid global growth 

rate. Recent studies [1], [2] expect a potential continuous and significant growth in the 

future, which is reflected in past and present growing tendency: from the average power 

consumption of 168 GW in year 2008 to the predicted power consumption of 433 GW in 

year 2020 (about 2.58 times) as shown in Table 1.1 and Fig. 1.1. This trend shows the 

exceptional growth rate of electric consumption itself, but it is more remarkable when it is 

compared with a worldwide electricity consumption of 2350 GW in year 2008 to 2970 GW 

in year 2020 (about 1.26 times). 

 

Type Year 2008  

Power 

consumption [GW] 

Year 2020 

Predicted power 

consumption [GW] 

Data centers 29 113 

Network 

Equipment 

25 97 

TVs 44 79 

PCs 30 71 

Other 40 72 

Total 168 433 

 

Worldwide 

Electricity 

2350 2970 

ICT fraction 7.15% 14.57% 

Table 1.1: Worldwide ICT Power Consumption. 
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Fig. 1.1: Worldwide electricity consumption prediction of ICT. 

 

Among the ICT infrastructure, telecommunication networks, which account for about one 

sixth power demand have been researched in order to develop power saving strategies for 

the operation equipment [3]. Within cellular networks, to be more concrete, a considerable 

increase in a decade (from 700 million users in year 2000 to 5.9 billion users in year 2011) 

anticipates a continuous growth in the near future [4]. With the increase of power 

consumption, carbon dioxide (CO2) emissions and grid reliability have been pointed out as 

the main challenges in the cellular network area. 

 

1.2 LITERATURE REVIEW 

In the past, most studies in cellular network focused on solutions that improve the 

Quality of Service (QOS) and availability corresponding to the rapid growth of mobile 
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users. As environmental and network resilience concerns rise researchers have increasingly 

been interested in designing “green” cellular networks in which energy-efficiency system 

architectures and operation algorithms can be designed to ease environmental concerns [5]. 

To end this, the research focus has turned to the operation of base stations because they are 

attributed to about 60% of the energy consumed in cellular networks [6], [7]. Although the 

related literature has the common subject of optimal operation aspects, the associated 

problems are dealt from different points of view for the power saving strategies. The studies 

in [8] and [9] present an approach, which is to switching off (sleeping mode) a one selected 

base stations (BSs) according to traffic demand condition in cellular networks. Also, the 

study [10] proposes an efficient cell zooming technique that can adjust cell size in order to 

balance traffic load and reduce energy consumption. Another study in [11] suggests various 

techniques such as interference management (IM) and resource management by power 

control. These techniques might be helpful in reducing CO2, which are effective since the 

existing methods are powered from conventional grid or diesel generators. However, the 

mitigating effects are less when renewable sources are considered in cellular network for 

powering BSs. 

Renewable energy, such as photovoltaics (PVs) and wind turbine, might be a better 

alternative means for power saving and reduction of CO2 emission in the cellular networks. 

Renewable energy is desirable for its independence from conventional grid and allows 

avoiding the uses of fossil fuel reserves, thus aiding in mitigating CO2 emission [12]. In 

remote areas where conventional grid cannot be reached, renewable energy allows 

avoidance of huge capital investment for installing grid infrastructure or fuel delivery costs 
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for operating diesel generators [13]. The studies [14], [15] propose renewable energy 

installations as main power sources for BS so that CO2 emission would be effectively 

mitigated in cellular networks. In [14], power management policies among LTE BSs are 

developed using online and offline algorithm with stochastic and deterministic energy 

profile in order to minimize the use of conventional sources. In [15], the study focuses on 

dimensioning renewable sources and energy storage (battery) for a BS operation while 

preventing excessive battery discharging. However, as the number of renewable sources 

increases, system planners would be concerned about space allocation due to its large 

footprint. For example, a general PV module’s power density (250 W/m2) is relatively 

small when compared to a typical BS (5 kW/m2). This indicates a footprint that is 20 times 

larger [16].  

More importantly, system operators would be concerned about the generated power 

output variability, which may cause BSs low power supply availability. Power output 

variability depends on numerous variables that can be roughly categorized into two main 

components: 1) systematic effect and 2) natural environmental elements. The former 

category includes inverter performance and the arrangement or size of the PV arrays’. The 

latter category includes dust accumulation, precipitation, temperature, and cloud 

movement. The highest number of disturbances occurs when clouds pass over the PV 

arrays caused by changes in irradiance. Because of this, many studies have focused on the 

variability of PV system’s output power. The study in [17] analyzed the impact of the 

power output variability on the various levels of PV penetration and gave an alternative to 

mitigate the negative effects on the grid. Other studies in [18]-[20] estimated the output 
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variability in situations, where PV systems were dispersed over a wide area ranging from 

a few km to hundreds of km in distance. From a relationship between distance and time 

intervals, correlation factors were calculated and the system’s output variability was 

estimated. These studies evaluated the smoothing effect of wide-spread PV systems. There 

have also been several studies of energy storage models. In [21], Bucciarelli illustrated 

battery energy transition through a fundamental model, in which only one level of energy 

transition was used to represent the charge and discharge process. In [22], the energy 

transition states were developed with more possible transition probabilities in order to more 

closely mimic situations that would likely occur in real energy storage systems. Although 

an energy storage can assist in supplying more sustainable power against the solar and wind 

power variability [23], [24], in order to improve reliability, it is still necessary to estimate 

the variability impact on storage models at different time scales that depend on application 

types [25]. 

 

1.3 BSS IN A MICROGRID CONFIGURATION  

In order to address the issues outlined above (CO2 emission and reliability) more 

effectively, the cellular network sites are considered as a microgrid configuration. 

Microgrids are comprised of local distributed generators with energy storage system and 

loads, which have been proposed in recent literature as promising power supply solutions 

for critical loads [26]. Due to this, microgirds are required to be designed and operated 

optimally in order to have sustainable power supply availability [27], [28]. For example, 
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the critical loads such as telecommunication facilities require over 5 nines (0.99999) 

availability [29]. Moreover, two major drawbacks in conventional grids such as aging and 

distinct entities namely, generation, transmission, and distribution, spread over large 

geographic areas, which lead to an increased incidence of weather-related power outages 

support the necessity of microgrids for the critical loads. The studies in [30], [31] reveal 

how recent natural disasters affect the wireless communication infrastructure that is 

powered from conventional grid and the needs of the distributed renewable energy systems 

are observed in telecommunication networks [32]. 

Fig. 1.2 and 1.3 (provided by A. Kwasinski) show several examples where the 

renewable energy and base station in an urban or suburban residential area can be potential 

applications based on a microgrid. Fig. 1.2 represents two types of horizontal and vertical 

axis wind turbine that are available in a microgrid configuration. The horizontal wind 

turbine “Fuhrlander FL 250” is currently used for powering a plastic molding company. 

As shown in Fig. 1.2, the height of the FL 250 wind turbine is similar to a cell site tower 

which is located approximately 400 meter from the FL 250. If a residential urban location 

would be expected to have smaller wind turbines due to space limit, a typical installation 

can be used such as a vertical axis turbine as shown in Fig. 1.2. Moreover, Fig. 1.3 shows 

the sufficient space for installing base stations and PV arrays. 
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Fig. 1.2: Wind turbine applications which are found in  

a centralized location in a microgird configuration. 

 

 

Fig. 1.3: PV applications for powering BSs. 
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1.4 CONTRIBUTIONS 

First, this dissertation proposes modeling renewable sources (solar and wind 

power), which can predict available energy over the following 48 hours. Based on the 

hourly forecasted and observed weather information at the National Oceanic and 

Atmospheric Administration (NOAA) [33], global horizontal irradiance (GHI) and wind 

speed are predicted with naïve Bayes (NB) classifier. A key contribution of the proposed 

NB model is to reduce the error in the prediction of solar irradiance variability using the 

five sky coverage states and partitioning daily hours into subsets by an hour. The proposed 

model is fairly simple in that it requires small training data (less than two months) and uses 

only four weather variables (temperature, relative humidity, dew point, and sky coverage), 

whereas the prediction accuracy shows improved results compared to the recent other 

related models. In contrast with the other models, moreover, the proposed NB model 

provides hourly GHI prediction as well as a daily total GHI without the effect of the 

previous predicted results (statistics-based results will be discussed in more detail in 

Chapter 3). Predicting daily or hourly renewable energy requires GHI or wind speed data 

that is modeled accurately for designers who need to optimally size the renewable systems 

before installation, and it might be helpful to users to indicate whether the system is 

operating efficiently and economically or not. 

Second, this dissertation proposes the battery state of charge (SOC) estimation 

technique that is a key feature in terms of increasing battery life and preventing battery 

failure [34]-[38]. Different to the existing studies, which measure battery voltage and 

current in order to estimate battery SOC [34], [35], state of health (SOH) [36], or battery 
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life [37], [38], this dissertation uses stochastic Markov chain based on the proposed NB 

model for the real-time battery SOC estimation. Since the NB model shows a good 

agreement on mean bias error (MBE) metric, which represents over-predicted or under-

predicted tendency between actual and predicted values given the test period, the predicted 

renewable energy is used to estimate battery SOC. Then this SOC information is used to 

control the battery operation in cellular works in order to increase availability and prevent 

the battery deep discharge.    

Finally, this dissertation is intended to develop a novel approach that integrates 

power, computing, and communication system knowledge using the existing models. 

Therefore, this novel approach can benefit industries, where the integrated operation 

knowledge currently has been requested such as smart grids and critical infrastructures 

(CIs) (data centers [39] and military bases [40]). 

1.5 ORGANIZATION OF DISSERTATION 

This dissertation is organized as follows. Chapter 2 introduces the power output 

models such as renewable energy (solar and wind) and BS with the actual measurement 

data. Chapter 3 introduces the naïve Bayes (NB) classifier in order to predict renewable 

energy. The performance is evaluated and compared with various statistics values and other 

recent models. More importantly, the properties of proposed NB model is discussed that 

can be appropriate for renewable energy storage system. Chapter 4 discusses battery SOC 

estimation with steady-state and real-time condition. The former one is used to size a 

battery capacity in order to avoid over-sized capacity and the latter is used to control the 

battery operation in order to increase availability. Chapter 5 investigates the effectiveness 
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of local and global operation in cellular networks from the two points of view of resiliency 

and battery life. Finally, Chapter 6 concludes the dissertation. 
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Chapter 2. Power Output Model 

2.1 DATA DESCRIPTION 

The hourly weather and GHI data set was obtained at the city of Austin, Texas, 

USA, from January 2013 to March 2014. GHI represents the total solar irradiation from 

the entire sky on a horizontal surface, which includes the sum of the direct-beam and 

diffuse and reflected solar radiation [41]. The weather data were taken from the publicly 

available website NOAA [33]. Two types of weather data were collected daily: hourly 

observation as shown in Fig. 2.1 and two day ahead forecast data as shown in Fig. 2.2. 

Austin typically indicates a warm humid temperature climate with hot summer and no dry 

season [42].   

 

 

Fig. 2.1:  Hourly NOAA observation, Aug. 31st 2013. 
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Fig. 2.2: Hourly NOAA forecast, Aug. 31st 2013. 

 

2.1.1 Weather Variables 

The available weather variables of interest for this dissertation were temperature, 

relative humidity, dew point, sky coverage, visibility, wind speed and direction. These 

weather variables can be categorized into continuous or discrete variables. Of the two 

categories, the former one includes temperature, relative humidity, dew point, and wind 

speed. The latter includes sky coverage, visibility, and wind direction. Continuous 

variables are better suited for the proposed NB model because discrete variables represent 

some finite states, which cannot be shown in the process of classification of various values 
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between two states. Thus, the three weather variables, temperature, relative humidity, and 

dew point, are used as features in the NB model and the sky coverage, which represents 

the different types of clouds is used to figure out the impact on GHI variation before the 

NB classification is performed. Also, the study in [43] supports the use of the three 

continuous weather variables that indicate the certain correlation with GHI. With this point 

of view [43], the properties of the three variables are summarized as follows. 

1) Temperature 

The hourly measured temperature values show a similar trend as with GHI. 

Given the data set, temperature varies in the range of 23F and 112F. 

2) Relative humidity 

Relative humidity is the ratio of the density of water vapor to the saturated water 

vapor in the air. Relative humidity shows opposite trend with GHI. It shows 

typical ranges between 10% and 99%. 

3) Dew point 

Dew point is the temperature at which the relative humidity reaches 100%. Dew 

point varies from 1F to 77F given the data set. 

 

2.1.2 Solar Irradiance 

GHI measurements can be an important variable to produce and forecast PV power 

output. Since the values of GHI are proportional to the PV power curve, GHI is appropriate 

for forecasting PV power output. 
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Fig. 2.3 shows hourly actual GHI of which the maximum value is about 1000 

Wh/m2 in August. In order to classify GHI in the proposed NB model, the measured range 

of GHI values is divided into several groups, so that the classified GHI according to 

weather features belongs to certain finite groups.   

 

Fig. 2.3: 8 months solar irradiance data set used in NB model: (a) hourly actual GHI,  

(b) normalization factor ESR, and (c) clear index kt. 

 

Then, GHI is transformed by the extraterrestrial solar radiation (ESR) called clear index kt 

in [44] since ESR has greater values than GHI. The calculation of kt is done as,  
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𝛽 =
2𝜋𝑛

365
    [𝑟𝑎𝑑𝑖𝑎𝑛𝑠]                                                     (2.1) 

 

      (
𝑅𝑎𝑣

𝑅
)
2

= 1.00011 + 0.034221 ∙ cos(𝛽) + 0.00128 ∙ sin (𝛽) 

+0.000719 ∙ cos(2𝛽) + 0.000077 ∙ sin(2𝛽)                        (2.2) 

 

𝐸𝑆𝑅 = 𝑆𝐶 ∙ (
𝑅𝑎𝑣

𝑅
)

2

  [𝑊 𝑚2⁄ ]                                              (2.3) 

 

𝑘𝑡 =
𝐺𝐻𝐼

𝐸𝑆𝑅
                                                                      (2.4) 

 

where SC is solar constant (1367 W/m2) and Rav and R are the mean sun-earth distance and 

the actual sun-earth distance, which vary depending on the day of year. ESR in Fig. 2.3 (b) 

has the range of 1320 to 1420 W/m2, so the range of kt is derived from 0 to 1. Fig. 2.3 (c) 

shows kt levels that have the similar trend of GHI as in Fig. 2.3 (a). In the proposed NB 

model, 100 kt levels are chosen based on a step size of 0.01. After the NB model is 

performed, the classified kt levels would be converted back to GHI values by multiplying 

kt with ESR in (2.4). 
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2.2 RENEWABLE SOURCE MODEL 

GHI measurements are used for the PV power output calculation. PV modules 

exhibit a difference between the inside and outside temperature. Usually, the PV inside 

temperature is higher than the outside temperature. For simplicity of calculations, the 

assumption is that the temperature inside and outside the PV module is the same [45] and 

the power output by a PV module can be expressed as, 

 

𝑃 = 𝐺𝐻𝐼 × 𝐴 × 𝜂𝑃𝑉                                                         (2.5) 

 

where A is the PV module area (m2) and 𝜂𝑃𝑉 is the module conversion efficiency. With a 

USA MX60-240 PV module which has a size of 1.7 m2 in this study, assumes an efficiency 

of 14 % and maximum power of 240 W. 

For the wind power output, a theoretical turbine wind speed-power output curve is 

used. The Excel 10 kW wind turbine, BergeyBWE10, is considered, which is comprised 

of 3-blade horizontal axis (7 m rotor diameter) with 5.6 mph cut-in wind speed and 

maximum power of 10kW at 26 mph. 

Fig. 2.4 shows monthly renewable energy profiles, which are according to the given 

two configurations in a cellular network that include 6 PV modules and a wind turbine 

(blue) and 20 PV panels (red) from April 2013 to March 2014. As shown in Fig. 2.4, the 

renewable sources tend to be affected by seasonality. Solar energy shows the higher harvest 

in summer, but the wind energy shows more generation in winter. 
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Fig. 2.4: Monthly average energy production in two configurations from  

August 2013 to March 2014. 

 

2.3 BS MODEL 

Fig. 2.5 represents a generalized scheme of a BS which is comprised of a baseband 

(BB) unit and multiple transceivers that consist of radio frequency (RF) part, power 

amplifier (PA), and antennas. With a 48 V input voltage, the BS contains a DC-DC 

converter, cooling system, and an AC-DC converter for a connection to the power gird. In 

traditional deployments, BS equipment is located far from the antenna which causes high 

power losses by long feeder cables. However, in a LTE BS, the feeder cable losses can be 

reduced with a remote radio unit (RRU) layout, which allows the equipment (RF and PA) 

to be close to the antenna [6].  
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Fig. 2.5: Simplified scheme of a BS 

 

Since LTE networks adopt an orthogonal frequency division multiplexing (OFDM) 

modulation scheme, which allows PA to operate in a linear region between 6 and 12 dB, 

the most power is consumed by PA part in a LTE BS. 

The peak power consumption of a LTE macro BS is about 1350 W with the 10 

MHz bandwidth, 3 sectors, and 2 antennas per sector. However, when the RRU layout is 

considered, the peak power consumption deceases to about 800 W due to power efficiency 

by cooling system and PA part. At the peak power consumption (full load), the most power 

is consumed by the PA part, which accounts for about 60 % of the total power consumption 

in the macro BSs. The actual power consumption in a BS depends on PA power 

consumption, which in turn represents a linear relation with the traffic carried by the BS as 

shown in Fig. 2.6 and (2.6) 
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Fig. 2.6: BS power consumption vs traffic load 

 

 

𝑃𝑖𝑛 = {
𝑁𝑇𝑅𝑋 ∙ (𝑃0 + ∆𝑝𝑃𝑜𝑢𝑡),        0 < 𝑃𝑜𝑢𝑡 ≤ 𝑃𝑚𝑎𝑥

𝑁𝑇𝑅𝑋 ∙ 𝑃𝑠𝑙𝑒𝑒𝑝,                  𝑃𝑜𝑢𝑡 = 0
                       (2.6) 

 

where 𝑁𝑇𝑅𝑋 is the number of antennas, 𝑃0 is the linear model parameter when the RF 

output is zero, 𝑃𝑚𝑎𝑥 is the maximum PA power at full load, ∆𝑝 is the slope of relation 

between power consumption and load, and 𝑃𝑠𝑙𝑒𝑒𝑝 is the power output value when the BS 

is in sleep mode [6].   

The proposed cellular network is considered in an industrial or residential urban or 

suburban area where a BS in each site has a coverage radius of 250 meters. Based on a 

macro BS, transmitting 3 sectors with 2×2 MIMO (two transmitters and two receivers) 

antenna configuration and transmitting power of 40 dBm are assumed. Also, frequency 
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reuse factor of 3 and 10 MHz system bandwidth are assumed as in [46]. From the hourly 

average traffic profiles as shown in Fig. 2.7 [47], a BS’s power consumption is calculated 

using the model from [48], which can shape the traffic corresponding to the forecasted 

renewable energy and battery SOC. Based on (2.6) the power consumption is expressed by  

 

𝐵𝑆𝑡 = 𝑁𝑇𝑅 ∙ (97 ∙ 𝜎𝑡 ∙ 𝑇𝑃𝑡 + 65)                                            (2.7) 

  

where 𝑁𝑇𝑅 is 6 (number of antennas per sector, 2, times the number of sectors per BS, 3) 

when the BS operates and 𝜎𝑡 is traffic shaping factor (control factor) ranging from 0.3 

(maximum traffic shaping) to 1 (no traffic shaping) that affects the dynamic behavior of 

the BS power demand. 𝑇𝑃𝑡 and the number of 97 and 65 are traffic profile in t th trial 

(hour) in Fig. 2.7 and constant power terms which are determined in [48]. More 

specifically, the power consumption term in (2.7) can be divided into two components: a 

constant and a dynamic component. The constant term of 65 W includes the basic power 

consumption in a BS such as baseband interface, cooling, and radio resource overhead 

(pilot signals), etc. The dynamic component, which has the approximately linear 

relationship with the utilization of resource blocks, depends on the cellular traffic 𝑇𝑃𝑡.  
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Fig. 2.7: Normalized hourly average traffic profile in Europe [47]. 
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Chapter 3. Renewable Energy Prediction Model 

3.1 LITERATURE REVIEW 

Present state and federal agencies are in the process of increasing the penetration 

of PV systems on local utility grids. PV power is desirable for its minimal environmental 

impact, reduced reliance on oil and improved secure electricity supply [49]. Moreover, 

since the efficiency of PV cells is expected to improve by 44 to 50 percent in the future 

[50], the contribution of power production by PV systems to electricity grids will increase 

significantly. However, as the grid-connected PV systems increase, grid operators and 

system planners will also be more concerned about the PV system’s power output 

fluctuation. Since the power output varies significantly depending on the solar irradiance 

variability, some potential risks on the utility grid or system would be expected such as 

scheduling the primary and spinning reserve capacity and the control of the voltage levels. 

As a back up plan, an energy storage can assist in supplying more sustainable power against 

the solar irradiance variability [51], but in connection with power dispatching plan, 

transmission scheduling, and a-day-ahead market industry still needs the accurate solar 

irradiance forecast techniques based on an hourly resolution in order to reduce the 

uncertainty of the variability [52]. Furthermore, the forecasting solar irradiance a day ahead 

or even more can be helpful in agriculture by constructing temperature maps that are 

directly affected by the solar irradiance [53].   

Until recently, many studies have worked on forecasting GHI or solar power output 

directly. The solar forecast techniques can be divided into two classes by data resolution. 
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For the high resolution (i.e., less than one hour), most time series techniques such as 

regression, autoregressive integrated moving average (ARIMA) [54], artificial neural 

networks (ANN), and hybrid models that are combination of regressions with ANN all 

show good accuracy compared to the reference model in [55]. For the a-day-ahead forecast 

with hourly resolution, the study in [56] forecasts solar irradiance using ANN with 

multilayer perceptron (MLP) model during sunny and cloudy days. For the sunny days, the 

forecast accuracy is verified with correlation coefficient of 98.95 to 99.96 %, relative mean 

bias error (RMBE) of -6.43 to 32 %, and relative root mean square error (RRMSE) of 18.98 

to 67.08 %. Similar to [56], the study in [43] proposes solar power forecast using ANN in 

several weather types. For sunny days, the correlation coefficient shows 98.43 to 99.39 %, 

and mean absolute percentage error (MAPE) represents 8.29 to 10.8 %. However, over the 

several hours or on the cloudy or rainy days, the majority of them show larger errors due 

to the severe transitions in the solar irradiance and weather change by a diurnal cycle. The 

studies in [57] and [58] also have developed solar irradiance forecast hour-by-hour or day-

by-day using ANN. However, they produced results with large errors given the previous 

poorly forecasted value. 

The ANN forecast techniques are frequently used in many areas and works well 

these days, but it also has drawbacks. Complicated architecture, large training data set, and 

choosing the optimal number of hidden layers and input nodes for the better results still 

remain as issues. Furthermore, the use of different test criteria (i.e., comparison to the 

unclear reference model, normalization factor or test duration) or performance testing 

under the several defined weather types (i.e., sunny, foggy, rainy, and cloudy day) makes 
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it difficult to compare with other developed models and understand with real-time weather, 

which can be a series of changes without certain weather types for a day or few days. 

Although these forecast models can be a baseline against which certain change occurs in 

its similar environment or evaluated according with its weather types, it is hard to compare 

generally with other developed values or evaluate for the whole period of the test, which 

is close to real-life situations. 

In order to solve these problems, this paper proposes a simple probabilistic 

classification method, NB classifier for two-days-ahead GHI forecast. Since the variability 

of solar irradiance raises many problems as mentioned above, the proposed NB model 

considers two main characteristics of solar irradiance (diurnal cycle and daytime variability) 

in order to improve the forecast accuracy by avoiding the overlapping classification. Based 

on the Bayes’ theorem, conditional probabilities are calculated which not only include the 

prior knowledge of solar irradiance but also account for uncertainties in the future solar 

irradiance variability. Using the four forecasted and observed weather variables such as 

temperature, relative humidity, dew point, and sky coverage, two day ahead solar 

irradiance is predicted with hourly resolution. Moreover, the proposed NB model, which 

consider above two characteristics, can provide hourly GHI forecast as well as a daily total 

GHI without the effect of the previous forecasted results.     

The two-day-ahead forecast accuracy is validated with the statistical values and 

several error criteria. For the whole data (8 months), the proposed NB model indicates 

RMBE of 2.73 %, and RRMSE of 41.7 % based on the mean GHI of 333.04 Wh/m2. 

Especially, August, which represents mostly clear days, satisfies the guideline for the 
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evaluation of two days ahead forecast, in which the acceptable limit of RRMSE is about 

23 % in [52]. Moreover, the mixed weather types for 4 days results are evaluated with error 

criteria in order to compare the existing weather type models.  

 

3.2 SOLAR POWER PREDICTION MODEL 

In this section, the proposed NB model is constructed as consisting of three steps. 

In the first step, the daytime hours in the NB model are partitioned into subsets in order to 

avoid an overlapping classification. In the second step, the observed weather variables are 

filtered by the five states of forecasted sky coverage to improve the classification accuracy. 

In the final step, the proposed NB model is performed based on a Gaussian kernel 

estimation and with the forecasted weather values as input. 

 

3.2.1 Step 1: Deterministic Characteristic of GHI 

In many studies, GHI is considered as a random variable due to its uncertainty, 

which arises from the random weather changes. As shown in Fig. 3.1, on a clear day, the 

values of GHI over time follow what can be best described as a bell-shaped curve, 

increasing until noon and decreasing thereafter until sunset. This trend allows the random 

component in the GHI can be estimated by leveraging the observations that the 

deterministic characteristic (24 hour cycle) in a day dominates the overall GHI value. 

However, this trend also causes the overlapping classification because there are two 

overlapped points over the GHI values (red points in Fig. 3.1), when the whole day (24 
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hours) data are applied in the proposed NB model. And this trend is also observed on an 

overcast day. Therefore, the basic idea for step 1 is to reduce the GHI variation as well as 

the overlapping classification by limiting the classification range to one hour. 

 

 

 

Fig. 3.1: Deterministic characteristic of GHI on a clear day and an overcast day. 

 

Fig. 3.2 shows that, after excluding the trivial hours with no sunlight, a day can be 

partitioned into 14 hour-long subsets (i.e., daytime hours, 7:00 A.M. to 20:00 P.M.). In this 

paper, we assume that the daylight hour is fourteen hours, but it can be adjusted depending 

on location and season (i.e., latitude or longitude and summer or winter). The rows of the 

matrix 𝑜𝑏𝑠𝑤ℎ𝑜𝑙𝑒 𝑑𝑎𝑦 correspond to each day in the training data (here 30 days) and the 

columns correspond to each daylight hour. The elements in the matrix, 𝑊𝑜𝑏𝑠,ℎ =

[𝑉𝑇𝑒𝑚𝑝,ℎ  𝑉𝑅𝐻,ℎ  𝑉𝐷𝑃,ℎ  𝑉𝑆𝐶,ℎ] ∈ ℝ1×4 , represent the feature vectors consisting of the 
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temperature, relative humidity, dew point, and sky coverage observation values, 

respectively. The partitioning of the daily data set into hours increases the number of 

iterations the NB classifier requires to process the data. However, the speed of calculation 

is not impacted due to the simplicity of the NB classifier. 

 

 

Fig. 3.2: The fourteen one-hour observation training sets obtained  

from separation of the daylight data (step 1). 

 

3.2.2 Step 2: GHI Variation by Clouds 

Sky coverage plays a pivotal role in the GHI forecast model. Other factors may also 

affect GHI, e.g. dust, trees, buildings etc., but most disturbances occur due to cloud 

movement. In contrast to the other observed variables, sky coverage is a discrete quantity. 

The sky coverage can be divided into 5 states according to the reported weather data 
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observations [33]: clear (0-1%), mostly clear (2-23%), partly cloudy (24-48%), mostly 

cloudy (49-81%), and overcast sky (82-100%). Fig. 3.3 represents how the new training 

sets are obtained. The 14 observations from a single day that make up the training sets from 

step 1, are filtered individually by following these 5 states of the forecasted sky coverage. 

 

 
Fig. 3.3: Filtered training set using the forecasted sky coverage variable (step 2). 

 

For a better understanding of step 2, an example can be given as follows. If the next 

day sky coverage state at 8 A.M. indicates clear sky and 4 days training data are assumed 

as in (3.1), the same states (clear sky) of the feature vectors 𝑊𝑜𝑏𝑠,8 in the matrix 𝑜𝑏𝑠8 

are selected and the rest of feature vectors including the other states (i.e., overcast and 

partly cloudy) are excluded in the 𝑜𝑏𝑠8 . Therefore, the new observation training set 

matrix, 𝑜𝑏𝑠𝑛𝑒𝑤,8 is determined as in (3.2). In step 2, this process is repeated continuously 

for the entire observation training set (𝑜𝑏𝑠8 𝑡𝑜 𝑜𝑏𝑠19) in order to improve the estimate of 
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the feature vector (weather variables) given the GHI observations. This process will be 

discussed further in the next section while discussing the NB classifier. 

 

𝑜𝑏𝑠8 =

[
 
 
 
 
𝑊𝑜𝑏𝑠,8𝑎𝑚 = [       ⋯          , 𝑐𝑙𝑒𝑎𝑟 ]

𝑊𝑜𝑏𝑠,8𝑎𝑚 = [       ⋯   , 𝑜𝑣𝑒𝑟 𝑐𝑎𝑠𝑡]

𝑊𝑜𝑏𝑠,8𝑎𝑚 = [ ⋯ , 𝑝𝑎𝑟𝑡𝑙𝑦 𝑐𝑙𝑜𝑢𝑑𝑦]

𝑊𝑜𝑏𝑠,8𝑎𝑚 = [       ⋯          , 𝑐𝑙𝑒𝑎𝑟 ]]
 
 
 
 

4×1

                            (3.1) 

 

 

𝑜𝑏𝑠𝑛𝑒𝑤,8 = [
𝑊𝑜𝑏𝑠,8𝑎𝑚 = [       ⋯          , 𝑐𝑙𝑒𝑎𝑟 ]

𝑊𝑜𝑏𝑠,8𝑎𝑚 = [       ⋯          , 𝑐𝑙𝑒𝑎𝑟 ]
]
2×1

                           (3.2) 

 

3.2.3 Step 3: NB Classifier 

The NB classifier is an effective probabilistic classification algorithm. Based on 

Bayes’ theorem, classification is performed with the assumption that the features (the 

weather variables) are independent of each other given the corresponding classes (the 

levels or values of the kt). This assumption considerably simplifies the training step of the 

proposed algorithm for forecasting, and for that reason the calculations are fast while the 

performance is highly accurate in many practical applications [59].  

Fig. 3.4 represents the process of the NB model. The input value, in conjunction 

with the observation training set, draws the output value 𝑘𝑡𝑁𝐵 ∈ {1,⋯ ,100} that belong 

to each hour in the daytime. Unlike the observation feature 𝑊𝑜𝑏𝑠,ℎ ∈ ℝ1×4  in step 1, the 

forecasted feature vector 𝑊𝑓𝑐𝑠𝑡,ℎ ∈ ℝ1×3, which includes 𝑉𝑇𝑒𝑚𝑝,ℎ, 𝑉𝑅𝐻,ℎ, and 𝑉𝐷𝑃,ℎ is 
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used as an input for the proposed NB model. The relationship between the input and output 

in Fig. 3.4 can be expressed as follows:  

 

 

Fig. 3.4: Modified NB classification using forecasted weather variables (step 3). 

 

𝑘𝑡(ℎ + 48) = 𝑓 (𝑉𝑇𝑒𝑚𝑝(ℎ + 48), 𝑉𝑅𝐻(ℎ + 48), 𝑉𝐷𝑃(ℎ + 48))             (3.3) 

 

where the function f represents the NB classification. 

The fundamental idea of Bayes’ theorem is that the probability of class 𝐶 ∈

{1,⋯ , 𝑙}, where l is integer including the class levels, in other words the set of values that 

GHI can take (here, 𝑙 = 100) can be estimated based on the observations features. For 

ease of notation, hereafter let [V1, V2, 𝑉3] = [𝑉𝑇𝑒𝑚𝑝  𝑉𝑅𝐻  𝑉𝐷𝑃]  and 𝑉𝑖  represents the 

features 𝑉1, 𝑉2, 𝑉3  for 𝑖 = 1,2,3. With multiple features, Bayes’ theorem is expressed as,  
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𝑃(𝐶|𝑉1, 𝑉2, 𝑉3) =
𝑃(𝑉1, 𝑉2, 𝑉3|𝐶) ∙ 𝑃(𝐶)

𝑃(𝑉1, 𝑉2, 𝑉3 )
 .                                     (3.4) 

          

The prior probability of C, 𝑃(𝐶), is obtained for a given data set before the features are 

observed, but the posterior probability 𝑃(𝐶|𝑉1, 𝑉2, 𝑉3) is obtained after the features are 

observed. With the independence assumption, the multiple conditional probabilities of 

(3.4) can be described as  

 

𝑃(𝐶|𝑉1, 𝑉2, 𝑉3) =
𝑃(𝑉1|𝐶) ∙ 𝑃(𝑉2|𝐶) ∙ 𝑃(𝑉3|𝐶) ∙ 𝑃(𝐶)

𝑃(𝑉1, 𝑉2, 𝑉3)
.                              (3.5) 

 

Equation (3.5) represents the effect of each feature 𝑉𝑖  on a given class 𝐶  that is 

independent of the other features. Moreover, the denominator in (3.5) can be omitted in the 

calculation since 𝑃(𝑉1, 𝑉2, 𝑉3)  has the same effect on all the classes.  

There are two parts in obtaining the posterior estimate 𝑃(𝐶|𝑉1, 𝑉2, 𝑉3). First part is 

estimating the conditionals 𝑃(𝑉𝑖|𝐶) using kernel density function as explained next. The 

second part is using the estimate of the conditional probabilities 𝑃(𝑉𝑖|𝐶) in part 1 into 

(3.5) to obtain the posterior 𝑃(𝐶|𝑉1, 𝑉2, 𝑉3). 
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3.2.4 Estimation of P(Vi|C): Kernel methods  

The estimation of 𝑃(𝑉𝑖|𝐶) requires itself an estimation of the probability density 

functions (PDF) for the random variables involved. This estimation can be implemented 

using parametric or non-parametric methods. The parametric estimation for the PDF 

assumes that it is a member of some parametric family of distributions, e.g. a normal 

distribution 𝑁(𝜇, 𝜎2) . When the assumption is correct, the parameters (mean 𝜇  and 

standard deviation 𝜎  in case of the Gaussian) can be easily estimated from the data. 

However, when the underlying distribution generating the data has multiple modes or a 

skewed shape, the probability calculation might be wrong, due to the restrictions imposed 

by the choice of the distributions family. 

Non-parametric kernel density estimation can deal with large variations in the 

features. In other words, the kernel density estimation is not necessary for the assumption 

that the features follow some generic probability distributions as mentioned above. In 

addition, since the GHI classification is a nonlinear problem [45], the kernel density 

function may be preferable to the estimation of 𝑃(𝑉𝑖|𝐶). Therefore, this paper uses kernel 

density function based on Gaussian kernel in order to estimate 𝑃(𝑉𝑖|𝐶). Gaussian kernel 

for each feature 𝑉𝑖 as follow 

 

𝐾𝑔𝑎𝑢(𝑉𝑖,𝑛, 𝜎𝑖) = exp(
−𝑉𝑖,𝑛

2

2𝜎𝑖
2

)                                         (3.6) 
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where 𝑉𝑖,𝑛  indicates 𝑛  observations (𝑉𝑖,1, 𝑉𝑖,2, ⋯ , 𝑉𝑖,𝑛 ) and 𝜎𝑖  represents bandwidth. 

The bandwidth has a decisive effect on the decay of the Gaussian kernel in (3.6). However, 

the methods used to choose σ
𝑖
 are seldom discussed in related works. The bandwidth σ

𝑖
 

can be determined from an estimator �̂�𝑖, which is a combination of the inter-quartile range 

�̂�𝑖 and a rule-of-thumb bandwidth [60]. First, the interquartile range is �̂�𝑖 is determined 

as 

 

𝑅�̂� = 𝑉𝑖,𝑄3 − 𝑉𝑖,𝑄1,                                                            (3.7) 

 

which indicates that the interquartile range �̂�𝑖, is the length of the interval in the support 

of the feature 𝑉𝑖 between the upper quartile of 75% (𝑉𝑖,𝑄3) and the lower quartile of 25% 

(𝑉𝑖,𝑄1). Equation (3.7) also can be transformed into the standardized Z-scale [61], which 

has a Gaussian with mean of 0 and standard deviation of 1 as shown in (3.8) by rescaling 

the horizontal axis with the feature mean 𝐸(𝑉𝑖) and standard deviation 𝜎(𝑉𝑖). 

 

𝑍𝑖 =
𝑉𝑖 − 𝐸(𝑉𝑖)

𝜎(𝑉𝑖)
                                                            (3.8) 

 

Based on (3.8), then, the inter-quartile range �̂�𝑖 in (3.7) can be derived as 

 

�̂�𝑖 = (𝐸(𝑉𝑖)  + 𝜎(𝑉𝑖)𝑍𝑄3) − (𝐸(𝑉𝑖) + 𝜎(𝑉𝑖)𝑍𝑄1)          
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   = 𝜎(𝑉𝑖)(0.675 − (−0.675)) = 1.35𝜎(𝑉𝑖)                                      (3.9) 

 

𝜎(𝑉𝑖) =
�̂�𝑖

1.35
.                                                             (3.10) 

 

The standard deviation 𝜎(𝑉𝑖) in (3.10) is then plugged into the rule-of-thumb bandwidth 

�̂�𝑖,𝑟𝑜𝑡 in (3.11), where n represents the number of hourly data in feature 𝑉𝑖. 

 

�̂�𝑖,𝑟𝑜𝑡 = (
4𝜎(𝑉𝑖)

5

3𝑛
) 0.2   ≈ 1.06 𝜎(𝑉𝑖)𝑛

−0.2                                 (3.11) 

 

�̂�𝑖,𝑟𝑜𝑡 = 1.06
�̂�𝑖

 1.35
𝑛−0.2                                                  (3.12) 

 

3.2.5 Update Posterior of C: Calculating the value of P(C|Vi) 

Once the bandwidth estimator �̂�𝑖,𝑟𝑜𝑡 in (3.12) is derived, the above process, (3.6) 

through (3.12), is repeated in the training step in order to estimate a posterior density of 

each feature in each class using the Gaussian kernel density estimation. Based on the 

training step, the naïve Bayes classifier can be expressed as, 

 

𝑘𝑡𝑁𝐵 = arg max
𝐶∈{1,⋯,𝑙} 

 𝑃(𝐶)∏𝑃(𝑉𝑖|𝐶)

𝑖

                                      (3.13) 
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where 𝑘𝑡𝑁𝐵  stands for the target class value, chosen to be the one maximizing the 

probability (3.13). Therefore, this proposed NB model is used to estimate the hourly GHI 

by multiplying ESR in (2.4) with 𝑘𝑡𝑁𝐵  from (3.13). It is worth noticing that the 

𝑘𝑡𝑁𝐵value has interval [(𝑙 − 1) × 0.01; 𝑙 × 0.01], where l=1,⋯,100 so the median value 

of 0.005 is used for the 𝑘𝑡𝑁𝐵 when the GHI is re-estimated. Furthermore, after training 

two-day-ahead average daily solar energy can be forecasted by summing the daily 𝑘𝑡𝑁𝐵,ℎ 

values regardless of the previous forecast results since the input values are obtained from 

the weather reports. 

 

3.3 TESTING, RESULTS, AND DISCUSSION 

The outputs of the proposed NB model, kt classes, are re-converted to GHI values 

to compare with actual GHI. In order to consider seasonal effects, several error tests are 

compared month by month from August 2013 to March 2014. 

 

3.3.1 Diagnostic Checking 

To comprehensively evaluate the forecasting performance clearly, multiple error 

metrics were calculated. These metrics were the mean bias error (MBE), mean absolute 

error (MAE), root mean square error (RMSE), relative mean bias error (RMBE), mean 

absolute percentage error (MAPE), and relative root mean square (RRMSE) and were 

evaluated as,  
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𝐸 = 𝐺𝐻𝐼𝑓𝑐𝑠𝑡,𝑖 − 𝐺𝐻𝐼𝑜𝑏𝑠,𝑖                                              (3.14)  

 

𝑀𝐵𝐸 =
1

𝑁
∑(𝐸)

𝑁

𝑖=1

                                                              (3.15) 

                 

𝑀𝐴𝐸 =
1

𝑁
∑|𝐸|

𝑁

𝑖=1

                                                              (3.16) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝐸)2

𝑁

𝑖=1

                                                        (3.17) 

 

𝑅𝑀𝐵𝐸 =
𝑀𝐵𝐸

1
𝑁

∑ 𝐺𝐻𝐼𝑜𝑏𝑠,𝑖
𝑁
𝑖=1

100                                           (3.18) 

                                     

𝑀𝐴𝑃𝐸 =
1

𝑁
∑

|𝐸|

𝐺𝐻𝐼𝑜𝑏𝑠,𝑖

𝑁

𝑖=1

 100                                            (3.19) 

    

𝑅𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

1
𝑁

∑ 𝐺𝐻𝐼𝑜𝑏𝑠,𝑖
𝑁
𝑖=1

100                                          (3.20) 
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where subscript i represents the i th forecast and observation pair given the forecasting 

horizon length. For example, N is equal to 434 (14 daily points × 31 days) for August. 

With hourly resolution, the error evaluations are restricted to the daytime hours (14 points). 

Depending on the various purposes, the error criteria can be mutually 

complementary for analyzing the forecast quality. Usually RMBE in (3.18), MAPE in 

(3.19), or RRMSE in (3.20) are used for forecast testing, but these are often unclear on the 

normalizing factor (measured mean or maximum value).   

The MBE in (3.15) measures the tendency of the solar energy that is over-estimated 

or under-estimated given the forecasting period. For example, MBE can be directly used 

for an evaluation of real application such as PV energy storage system. The MAE in (3.16) 

measures an absolute difference that is less biased than the RMSE in (3.17) in large error 

cases. Similar to the MSE, the MAPE in (3.19) is widely used for forecasting performance 

tests, but the MAPE is not bounded in case that the errors are greater than actual value [62]. 

The RMSE represents the variation between forecasted and actual data that is usually used 

for short-term forecast (up to 48 hours ahead). RMBE in (3.18) and RRMSE in (3.20) show 

the relative MBE and RMSE values, which are normalized by the average of GHI within 

the observation period.  

 

3.3.2 Modeling Testing 

Before the forecasting results are discussed, it is important to note that summers in 

Austin show more clear days than the other seasons. Moreover, in order to avoid an infinite 
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result during the computation procedure the denominators in (3.18), (3.19), and (3.20) are 

replaced by 1 during the nighttime, when the GHI result is close to zero. 

1) Monthly results: Seasonal effect  

Table 3.1 shows a summary of the statistical values relevant to the two day ahead 

GHI forecast. For the actual GHI the minimum, maximum, mean, and correlation 

coefficient 𝑟  are evaluated month by month with hourly resolution. From Table 3.1, 

August indicates the maximum GHI and standard deviation with the largest mean of 551.28 

Wh/m2 while December shows the smallest GHI and standard deviation with the smallest 

mean of 210.87 Wh/m2. Similar to GHI trend, r, which represents the linear relationship 

between actual and forecast value, also shows the maximum of 90.38 % for August and 

minimum of 78.37 % for December). In addition, the RRMSE shows an inverse 

proportionality with the GHI mean value (the minimum of 23 % for August and the 

maximum 60.01 % for December). The RMBE of August through November indicates an 

overestimation in the NB model while the rest of the months show the reverse tendency. 

More importantly, MBE and RMBE indicate 9.09 Wh/m2 and 2.73 % for the 8 months test 

that show the better results that other metric. As shown in (3.15) and (3.18), the MBE and 

RMBE show the characteristic of a short-term prediction evaluation (not point prediction 

test) so predicting the power output of renewable sources, which are coupled with an 

energy storage, might be explained with the MBE and RMBE metric because the point 

prediction error during a given prediction period can be complemented by the stored energy 

in energy storage system. Particularly, the MAPE is not evaluated in the monthly analysis 
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(Table 3.1) because of its unbounded property. This property will be discussed in more 

detail in the next sub-section. 

Fig. 3.5 represents the relationship between actual and forecasted GHI for an eight 

months period. Fig. 3.5 (a) shows the scatter plot where a large correlation between actual 

and forecasted GHI can be visually seen through the linear regression shown by the results. 

Indeed, the correlation coefficient was measured equal to 86.33 %. In details, the results in 

Fig. 3.5 (a) indicate overestimation when the actual GHI represents lower values (about 

less than 300 Wh/m2). However, as the actual GHI increases, the forecasted GHI tends to 

predict the actual GHI more accurately. The cumulative distribution functions (CDF) 

depicted in Fig. 3.5 (b) also show that the actual GHI (blue) closely matches the forecasted 

GHI (red) when the actual GHI is greater than 300 Wh/m2. 

 

Month Min./Max 

(Wh/𝐦𝟐) 

Mean 

(Wh/𝐦𝟐) 

Std. 

(Wh/𝐦𝟐) 

r Training 

days  

MBE 

(Wh/𝐦𝟐) 

MAE 

(Wh/𝐦𝟐) 

RMSE 

(Wh/𝐦𝟐) 

RMBE 

(%) 

RRMSE 

(%) 

Aug. 5/999 551.28 306.65 90.38 26 33.42 62.31 126.8 6.06 23 

Sep. 0/926 452.85 302.79 86.55 26 23.46 78.18 143.64 5.18 31.72 

Oct. 0/879 348.18 284.98 84.7 28 12.56 84.48 143.66 3.61 41.26 

Nov. 0/746 227.11 232.94 87.29 36 40.49 76.51 117.22 17.83 51.64 

Dec. 0/643 210.87 212.16 78.37 40 4.95 73.77 126.49 2.35 60.01 

Jan. 0/745 273.30 240.28 91.42 50 -11.09 57.04 91.03 -4.06 33.32 

Feb. 0/853 254.80 269.35 80.98 24 -12.89 105.17 147.91 -5.06 58.06 

Mar. 0/972 338.68 300.83 80.9 30 -32.85 107.37 167.32 -9.7 49.4 

Total 0/999 333.04 292.47 86.33 30 9.09 80.39 138.85 2.73 41.7 

Table 3.1: Summary of statistical values for actual GHI and prediction errors. 
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Fig. 3.5: Comparison between actual and forecasted GHI for 8 months:  

(a) scatter plot and (b) cumulative function. 

 

2) 4 days results: Mixed weather vs specified weather types 

Fig. 3.6 to 3.9 compares the two-day-ahead forecast and actual GHI with the mixed 

weather types for 4 days. This mixed weather analysis is similar to the established 

analytical practices in [43], [56] in that test period is 4 days. However, the mixed weather 

analysis shows real-time weather change that is not specified with specific weather types 

(i.e., sunny, cloudy, or rainy days). On the days that are clear (August 5th to 8th 2013), Fig. 

3.6 and type 1 in Table 3.2 indicate that the forecasted GHI have a good agreement with 

the actual GHI. Fig. 3.7 shows a mix of 2 clear, 1 partly cloudy, and 1 overcast day 

(December 10th to 13rd 2013) where the GHI decreases significantly at the last day. In 

contrast, the 3 overcast days and 1 clear day (February 24th to 27th 2014) depicted in Fig. 

3.8 show that GHI sharply increases on the last day. Although there are some differences 

between forecast and actual value on the last day in Fig. 3.7 and 3.8, the proposed NB 



 41 

model shows that the predicted GHI follows the actual values tendency in terms of MBE 

and RMBE metric. In addition, the following actual tendency can be proved with Table 

3.2. For type 2 and 3 Table 3.2 indicate RRMSE of 50.94 % and 29.45 %, but r represents 

84.16 % and 96.86 %, which mean the predicted values significantly follows the actual 

GHI trend for 4 days. Lastly, Fig. 3.9 shows 1 clear and 3 partly cloudy days (March 25th 

to 28th 2014), which represent the typical GHI variability by cloud movement. From the 

results (Fig. 3.6 to Fig. 3.9), most of differences between forecast and actual values occur 

in cloudy days. As shown in Fig. 3.7 and 3.8, there are significant differences in overcast 

days. However, since the magnitude of differences is relatively small compared to the 

cloudy days in Fig. 3.9, the RMBE and RRMSE in Table 3.2 represent lower values than 

the cloudy days (type 4). For the MAPE, Table 3.2 indicates a little different result. The 

MAPE shows a large error tendency on the cloudy or overcast days (type 2, 3 and 4) since 

the MAPE can have various values depending on the magnitude of the normalizing factor 

(actual GHI) as defined in (21). This nature of MAPE might not be explained from an 

analysis based on the similar consecutive specific weather type test that the predicting 

patterns can be trained under consistent weather condition than the mixed weather type 

analysis. 
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Fig. 3.6: Comparison between two days ahead predicted and actual GHI for  

clear 4 days (type 1). 

 

 

Fig. 3.7: Comparison between two days ahead predicted and actual GHI for 2 clear,  

1 partly cloudy, and 1 overcast day (type 2). 
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Fig. 3.8: Comparison between two days ahead predicted and actual GHI for  

3 overcast and 1 clear day (type 3). 

 

 

 

 
Fig.3.9: Comparison between two days ahead predicted and actual GHI for  

clear 1 clear and 3 partly cloudy days (type 4). 
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Weather type r 

(%) 

RMBE 

(%) 

MAPE 

(%) 

RRMSE 

(%) 

Type 1 99.82 -1.49 2.85 2.93 

Type 2 84.16 -1.33 476.33 50.94 

Type 3 96.86 -3.4 280.17 29.45 

Type 4 74.18 -8.43 73.59 55.43 

Table 3.2: Summary of two days ahead prediction errors for 4 days. 

 

It is worth comparing predicting performance of the proposed NB model (Table 3.2) 

against the approaches of previous studies (Table III) that might be helpful to understand 

the above MAPE nature. The existing prediction models are ANN [43] and MLP [56], 

which are mentioned in the introduction section. 

 

Methods Weather type r 

(%) 

RMBE  

(%) 

MAPE  

(%) 

RRMSE  

(%) 

ANN Sunny 98.77 x 9.45 x 

Cloudy 98.46 x 9.88 x 

Rainy 65.63 x 38.11 x 

MLP Sunny 99.45 12.97 x 38.26 

Cloudy 93.85 25.02 x 69.78 

Table 3.3: Summary of one day ahead prediction errors for 4 days. 

 

ANN in Table 3.3 shows the MAPE of 38.11 % for rainy days, which is the better 

result than the type 3 in the NB model result (MAPE of 280.17 %). However, regarding 

the r, the NB model shows the better values of 96.86 % than that of ANN (65.63 %). Since 

the ANN could recognize the rainy days’ pattern during 4 rainy days it might reduce the 

MAPE, but the pattern could not reflect the actual value’s tendency. Contrary to this, the 
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NB model (type 3) was able to follow the tendency of the mixed weather type for 4 days, 

but it provided overestimation for overcast days that result in the large MAPE. Strictly 

speaking, because of the different testing environment and metrics the two techniques ANN 

and MLP are not directly comparable with the proposed NB model. However, based on the 

predicting time scale (two days vs one day) and comparing 4 days’ weather types (mixed 

weather types vs a specified weather type), the predicting performance of the NB model is 

acceptable regarding the results of ANN and MLP. Furthermore, with 4 days’ mixed 

weather types test, the nature of MAPE may not be appropriate for monthly and mixed 

weather types forecasting evaluation, which is close to real-time weather changes. 

 

3.4 WIND POWER PREDICTION MODEL 

As with the developed solar power prediction model, wind power output is modeled 

with the same methodology. For estimating the two days-ahead solar power prediction, the 

proposed NB model was performed with the forecasted weather variables since the 

predicted GHI is not included in weather forecast information. However, unlikely the GHI, 

the predicted wind speed is typically obtained from weather information. Therefore, with 

the same algorithm that is the proposed NB model, the relationship between forecasted 

wind speed and actual wind power is established. 

Hourly observed wind speed from [33] is directly converted to power using 

theoretical turbine wind speed-power output function. Then these calculated wind powers 

are used in the proposed NB model with two-days-ahead forecasted wind speed [33] in 

order to establish the relationship between these two. Since the direct conversion, which 
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transforms wind speed to wind power, and then building a model in wind power domain, 

instead of constructing a model in wind speed domain and then calculating wind power, 

can reduce the unnecessary information in a Markov transition matrix as in [63], before 

applying the proposed NB classifier, wind speed is directly transformed to theoretical wind 

power. 
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Chapter 4. Battery SOC Estimation 

This chapter investigates how the power output of renewable energy sources affect 

the design of a reliable energy storage model. Based on the balance of power output 

between PV, wind turbine, and BS, the energy states in an energy storage model are 

modeled using Markov chain. Due to the random nature of the power output, a stochastic 

process Markov chain is used.  

4.1 STEADY STATE CONDITION 

4.1.1 One-Step Transition Probability Matrix 

First, estimation of battery SOC is discussed based on the developed approach in 

[22], which proposed the Markov chain energy storage model in order to evaluate the 

relationship between power supply availability and battery bank capacity in steady state 

condition as shown in Fig. 4.1. 

 

 

Fig. 4.1: State transition diagram for the battery bank SOC from [22]. 
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This Markov chain model begins by determining net power Net, which is the sum of 

renewable sources’ power output and BS power consumption (Chapter 2) as follows 

 

𝑁𝑒𝑡 = 𝑆𝑜𝑙𝑎𝑟 + 𝑊𝑖𝑛𝑑 − 𝐵𝑆.                                              (4.1) 

 

With the net power profiles, a one-step transition matrix P in (4.2) [22] is constructed with 

several features: First, the transition matrix is a square matrix in which each row indicates 

the current energy state and each column represents the next energy state in the set Markov 

chain time steps. Second, each transition probability 𝑝𝑖 has a probability less than 1 so 

that the sum of any row must be equal to 1. Third, diagonal entries except for first and last 

row represent the staying probabilities that are zero. Lastly, the special transition 

probabilities in (4.3) through (4.6) indicate that, beyond the battery bank capacity, the 

battery bank cannot be charged or discharged at any state at given Markov chain time step. 

 

𝑷 =

[
 
 
 
 
 
𝑘11 𝑝1 𝑝2

𝑘11 0 𝑝1

�̂�−2 𝑝−1 0
⋯ ⋮

⋮ ⋯

0 𝑝1 �̂�2

𝑝−1 0 𝑘𝑁𝑁

𝑝−2 𝑝−1 𝑘𝑁𝑁]
 
 
 
 
 

𝑁×𝑁

                         (4.2) 

 

𝑘11 = 1 − ∑𝑝1

𝑀

𝑖=1

                                                          (4.3) 
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𝑘𝑁𝑁 = 1 − ∑𝑝−1

𝑀

𝑖=1

                                                        (4.4) 

 

�̂�𝑘 = 1 − (∑ 𝑝𝑖

𝑘−1

𝑖=1

+ ∑𝑝−𝑖

𝑀

𝑖=1

)                                   (4.5) 

 

�̂�−𝑘 = 1 − (∑ 𝑝−𝑖

𝑘−1

𝑖=1

+ ∑𝑝𝑖

𝑀

𝑖=1

)                                   (4.6) 

 

4.1.2 Limiting Probabilities  

After a one-step transition matrix P is constructed with the transition probabilities 

𝑝𝑖, there are several ways to solve the limiting probability vector 𝝅. 𝝅 signifies stationary 

probabilities of each energy state in the steady state battery operation. For example, with 

an assumption that there is a 8.1 kWh capacity of battery bank and ∆=350 W, limiting 

probabilities vector 𝝅 is comprised of 24 limiting probabilities in the steady states. 𝝅 can 

be obtained in several ways, such as solving a transposed eigen-vector of P, a system of 

linear equations, or a unique vector 𝝅. The third way is illustrated as follows. For any 

probability vector v and for large values of n, there is a unique limiting probability vector 

 𝝅 from the result of the newly proposed Markov chain model: 

 

𝝅 = lim
𝑛→∞

𝒗 ∙ 𝑷𝒏                                                                 (4.7) 

 

𝝅 = [𝜋1 𝜋2  ⋯ 𝜋23 𝜋24]24×24.                                               (4.8) 
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Namely, (4.7) and (4.8) indicate that regardless of any initial SOC (vector v ), v converges 

to a fixed vector in the steady state when n gets larger, which represents the expected 

probabilities of SOC in a steady state battery operation. 

Limiting probabilities 𝝅 can also be used to obtain loss of load probability (LOLP) 

𝜋𝐿. 𝜋𝐿 indicates the probabilities of encountering a power deficiency in every discharging 

process at each energy state: in other words, the load demand is not completely fulfilled by 

renewable energy storage systems. 𝜋𝐿  is determined by summing the multiplying 

discharging transition probabilities 𝑝−𝑖 with the limiting probabilities as follows [22]: 

 

𝜋𝐿 = ∑[𝑝−𝑖 ∑𝜋𝑗

𝑗≤𝑖

]

𝑖

                                                           (4.9) 

 

where 𝑖 ∈ {1,⋯ ,23} that is each energy state and 𝜋𝑗 is each limiting probability. 

Finally, the power supply availability in steady state condition can be obtained by 

subtracting 𝜋𝐿 in (4.9) from the total sum of probability 1 as follow 

 

𝐴𝑆𝑆 = 1 − 𝜋𝐿                                                          (4.10) 

 

where ASS is the availability in steady state condition which represents the probability that 

renewable sources coupled with an energy storage can supply power to loads. 
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4.1.3 Availability vs Capacity  

Under the assumption that the charging and discharging processes are linear, the 

capacity of the renewable energy storage system can be determined as  

 

𝐶𝑏𝑎𝑛𝑘 = (𝑁 − 1) ∙ ∆ ∙ 𝑇                                                  (4.11) 

 

where N is the total number of states in a battery bank and T is the time step (time scale) in 

the Markov chain. From the previous results, the relationship between availability and 

capacity can be found by proving that the limiting probabilities depend on the capacity. 

Equation (4.8) indicates that the levels of limiting probabilities are determined by the levels 

of energy states, which will depend on the capacity of the battery bank. A larger battery 

bank capacity can handle a greater degree of variable power output with more energy 

transition states.  

 

4.1.4 Statistical Test for Markov Chain Model 

When Markov chain is used for many other applications, it is important to check 

whether the applications satisfy two Markov chain properties: dependence (4.12) and 

stationary (4.13). If the successive events are dependent of each other and the transition 

probabilities in Markov chain are independent of time, they follow a first order Markov 

chain. The studies [44] and [64] already demonstrated the first order Markov chain 

properties using hourly solar irradiance (GHI) wind speed variable. Therefore, before 
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constructing the Markov transition probabilities matrix of net power (PV + wind - BS), the 

testing of Markov chain properties are evaluated. 

1) Dependency Test 

Equation (4.12) indicates Markov chain dependency test [38] 

 

𝛼 = 2∑𝑛𝑖𝑗

𝑁

𝑖,𝑗

𝑙𝑛
𝑝𝑖𝑗

𝑝𝑗
                                                     (4.12) 

 

where N is the total number of battery states, nij is the number of transition from state i to 

j, 𝑝𝑖𝑗  is transition probability (𝑝𝑖  in (4.2)), and 𝑝𝑗  is marginal probability. If the 

dependency test with (𝑁 − 1)2  DF (degree of freedom) asymptotically follows 𝜒2 

distribution, it can be interpreted that the subsequent events are independent. 

 

2) Stationary Test 

Stationary test is defined as [38] 

 

𝛽 = 2∑∑𝑛𝑖𝑗(𝑠)

𝑁

𝑖,𝑗

𝑆

𝑠

𝑙𝑛 (
𝑝𝑖𝑗(𝑠)

𝑝𝑖𝑗
 )                                          (4.13) 
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where S is the number of subintervals in the test period and 𝒏𝒊𝒋(𝒔) is the elements of the 

tally matrix at s th subinterval. If the stationary test (4.13) with 𝑵(𝑵 − 𝟏)(𝑺 − 𝟏) DF has 

a 𝝌𝟐 it can be interpreted that the Markov chain is stationary. 

 

4.1.5 Sizing Battery Bank (Energy Storage)  

Before the relationships between battery bank capacity and availability are studied, 

it is important to note that the data timeline is divided into two parts as shown in Fig. 4.2: 

battery bank capacity and real-time operation evaluation. Moreover, a BS power 

consumption (2.6) is calculated based on the average daily traffic profile in Europe from 

[47]. The probabilities of battery bank SOC in the steady state operation are estimated 

based on 𝜋𝑖 in [22]. However, each 𝜋𝑖 has a small value in the given number of battery 

bank SOC so it might be helpful to separate the states by three levels in order to understand 

the property of SOC for reliable battery bank utilization. In the case of the 8.1 kWh battery 

bank capacity for configuration 1 (C1), 24 SOC can be separated into three levels of 

limiting probabilities: the sum of SOC less than or equal to #5 (bottom), between #6 and 

#22 (middle), and greater than or equal to #23 (top). Since discharging below DOD level 

has a permanent reduction on the battery’s life, the bottom level is determined according 

to the bottom 20% in each of the 24 states. For the top level, top 10% in the 24 states is 

determined (also, this methodology is applied for C2 in the same way). With a maximum 

power of about 11.5 kW (6×240 W+10 kW) for configuration 1 and 4.8 kW (20×240 W) 
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for C2, the renewable sources with an energy storage system in each configuration supply 

power to an LTE BS. 

 

 

Fig. 4.2. Data time line: power supply availability evaluation (red) and real-time 

operation period (green). 

 

Table 4.1 indicates the test statistics for the proposed Markov chain model in Fig. 

4.1 and (4.2) regarding on the dependency in (4.12) and stationary test (4.13). As shown in 

Table 4.1 it can be interpreted that the successive net power events in the proposed Markov 

chain are dependent because both configurations (C1 and C2) indicate the statistics of 

2.05 × 105 and 2.36 × 105 that are greater than Chi-square values of 583.61 and 792.92. 

Furthermore, for the stationary test, it can be interpreted that the proposed Markov process 

is stationary with the 12 subintervals (S=12) because the statistics of 4.6× 103 and 5.28 ×

103 are less than the Chi-square values of 1.8 × 104 and 8.53 × 103.     
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Configuration 

 

Test DF Significance 

level 

Chi-square 

value 

Statistic 

C1 Dependency 529 0.05 583.61 2.05× 105 

Stationary 6072 0.05 1.8× 104 4.6× 103 

C2 Dependency 729 0.05 792.92 2.36× 105 

Stationary 8316 0.05 8.53× 103 5.28× 103 

 

Table 4.1: The proposed Markov chain dependency and stationary test for  

two configurations. 

 

Fig. 4.3 and 4.4 shows the two pie-charts of limiting probabilities 𝜋𝑖 that describe 

the three levels’ percentage distribution for each configuration. When the battery banks in 

two cell sites are compared in terms of the bottom level, 33 % of configuration 1 (C1) 

indicates the better result than 57 % of configuration 2 (C2), but the both levels still indicate 

the large proportion in 𝜋𝑖 . The bottom level results can be interpreted that the two 

configuration would have the risk probabilities of 33 % and 57 % at any given battery 

operation point in time which may affect the battery life reduction. Once the 𝜋𝑖  is 

calculated, the loss of load probabilities 𝜋𝐿 is determined to be 14 % and 30.36 % and 

finally, the power supply availability for BSs are estimated to be 86 % and 69.64 %, which 

implies more is needed to be done, such as increase in generation or battery bank capacity, 

for the configurations to be more sustainable power supply network system. 
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Fig. 4.3: 8.1 kWh battery bank capacity with 24 SOC states. 

 

 

 

 

 
Fig. 4.4: 9.45 kWh battery bank capacity with 28 SOC states. 
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Fig. 4.5 shows how the availability values affect the design of battery capacity in 

two configurations. The results show that slopes of both curves are expected to increase 

asymptotically at a given large capacity, which is over 18 kWh for C1 and over 12 kWh 

for C2. That is, the power supply availability would not improve at some point due to the 

limit of renewable sources’ capacity. This can also be interpreted as, a significant increase 

in the slope at some point does not necessarily suggest a suitable battery capacity for a 

given target availability. One of the most interesting things about designing a site 

configuration in SWA is determining the size of energy storage. As shown in Fig. 4.3 and 

4.4, the battery capacity of 8.1 kWh for the C1 and 9.45 kWh for the C2 are located around 

knee point on the curves, which might be properly designed given the generation capacity. 

Therefore, instead of increasing the battery SOC states (capacity) in (4.11), managing load 

power consumption would provide a better solution to increase the power supply 

availability.  
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Fig. 4.5: Sizing battery bank capacity (SOC) depending on target power supply 

availability. 

 

Since cost is an important factor in design and operating cellular networks, cost of 

power sources and energy storage is estimated from the configurations considered. 

Configuration 1, C1 consist of 6 MX60-240 PV modules, an Excel 10 kW wind turbine 

and an energy storage of 8.1 kWh, whereas in Configuration 2, C2 consist of 20 MX60-

240 PV modules and an energy storage of 9.45 kWh. Fig. 4.6 shows a simplified cost chart 

depending on the battery bank capacity. To compare the cost of C1 and C2, a battery cost 

of 150 $, a PV module of 350 $ and a wind turbine of 30k $ are assumed based on the 

discussed models in Chapter 2.    
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Fig. 4.6: Two configurations’ cost analysis with different battery bank cost. 

 

Fig. 4.7 shows the results of power supply availability depending on the battery 

bank capacity. The difference in the results obtained in Fig. 4.5 and Fig. 4.7 can be 

explained as following. BSs’ power consumption reduction (2.7) is performed as an 

average aspect for long-term process (steady-state operation) in Fig. 4.7 whereas the traffic 

shaping is not considered in Fig. 4.5. It is worth to noticing that the traffic shaping factor 

𝜎 has a range of between 0.3 and 1 where the maximum traffic shaping of 0.3 and no 

traffic-shaping of 1. This process starts by calculating the net power (4.1) with the traffic 

shaping factor of 0.9 for C1 and 0.5 for C2. Then, transition probability matrix (4.2) is 

constructed and new limiting probabilities (4.7) are obtained. For the case with a lower 

traffic shaping for C2 (𝜎=0.5), the results show that the power supply availability at the 
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given capacity of 9.45 kWh is 0.997. This is an improved value compared to 0.676 in Fig. 

4.5. The results are shown in Fig. 4.7 from which it can be observed that the availability 

values are different for C1 and C2 and they depend on the battery bank capacity. 

Comparing the results of C1 and C2 in Fig. 4.7, the following can be observed. 

Although C1 is operated with little shaping (𝜎=0.9), it can be operated to power BSs more 

sustainable. This is because of diverse power sources presented in C1 [28]. The results also 

show the limited generation capacity of the sources in C2. 

 

 

Fig. 4.7: Sizing battery bank capacity (SOC) with traffic shaping that is considered as a 

long-term process (𝜎𝑡=0.9 for C1 and 0.5 for C2).  
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4.2 REAL TIME CONDITION 

Similar to (4.1), it is possible to define the time-based net power 𝑁𝑒𝑡𝑡 as 

 

𝑁𝑒𝑡𝑡 = 𝑆𝑜𝑙𝑎𝑟𝑡 + 𝑊𝑖𝑛𝑑𝑡 − 𝐵𝑆𝑡.                                            (4.14) 

 

In the previous section, the Markov chain model was applied to estimate the battery 

transition from one SOC to another [22]. However, different from the study [22], which 

proposed estimating the limiting probabilities 𝝅𝒊  (expected probabilities of SOC in a 

steady state battery operation) that may be appropriate for the process in a long period 

sense, this section investigates how a real-time battery SOC is estimated. 

This process begins by calculating the net power profiles up to M hours in the future 

(𝑁𝑒𝑡𝑡+1, ⋯ , 𝑁𝑒𝑡𝑡+𝑀) based on the proposed NB model in Chapter 3. The integer M is 

determined corresponding to battery bank capacity [48] and these profiles are used to 

calculate the net power transition probabilities 𝑝𝑖 . Then, M-step net power transition 

probability matrix 𝑷𝑴, which includes M hour-ahead battery SOC transition information, 

is constructed in order to determine the battery state probability vector,  

 

𝒗𝒕+𝑴 = 𝒗𝒕𝑷
𝑴                                                            (4.15) 

 

where 𝒗𝒕  is the measured battery SOC at time t. Therefore, the 𝒗𝒕+𝑴  represents the 

probability distribution of the battery bank SOC at time t+M as follows 

 

𝒗𝒕+𝑴 = [𝑣1,𝑡+𝑀, 𝑣2,𝑡+𝑀, ⋯ , 𝑣𝑁−1,𝑡+𝑀, 𝑣𝑁,𝑡+𝑀]
𝟏×𝑵

                              (4.16) 
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where each 𝑣𝑖,𝑡+𝑀 represents the battery bank state probability. Once the 𝒗𝒕+𝑴 in (4.15) 

is calculated, the maximum probability value in 𝒗𝒕+𝑴 is set as 1 and is selected as the 

maximum likelihood battery bank SOC at time t+M so that the low level of SOC would be 

prevented by the stored energy in battery bank and adequate load control. For example, 

when the variables in (4.11) are assumed as N=28, ∆=350 and T=1 hour, the required 

battery bank would be 9.45 kWh (= 27 × 350 W × 1hour) and if the battery SOC at time 

t represents fully charged state (𝒗𝒕 = [0,⋯ ,1]1×24), then the M hour ahead state vector 

𝒗𝒕+𝑴 is estimated by multiplying the 24×24 transition matrix 𝑷𝑴. 

Prediction uncertainty is the main reason in using the M hours-ahead battery bank 

SOC estimation. As demonstrated in Chapter 3, the proposed NB model shows good 

agreement between actual and prediction values regarding on the MBE and RMBE metric, 

so prediction uncertainty can be addressed with the proposed NB model. 

Table 4.2 shows a summary of the statistical values for renewable energy prediction 

for C1 and C2. Based on 24-hour basis, the mean value of hourly observed renewable 

energy, MBE, and RMBE are evaluated. As demonstrated in Chapter 3, the proposed NB 

model for C1 and C2 also show good result for the MBE in (3.15) and RMBE in (3.18) 

metric, which indicate the hourly average error of -38.31 Wh and 42.7 Wh regarding on 

the hourly average actual renewable energy of 1.071 kWh and 794.09 Wh. In other words, 

C1 and C2 indicate the RMBE of -3.58 % and 5.3 % that represent the proportion of errors 

when they are compared with the hourly average energy production for 8 months. 
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Table 4.2: Statistics of predicting renewable energy in two configurations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Configurations Mean [Wh/m2] MBE [Wh] RMBE (%) 

C1 1071.4 -38.31 -3.58 

C2 794.09 42.7 5.38 
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Chapter 5. Integrated Power Management in SWA 

This chapter introduces how the balance of power between renewable sources’ 

generation and BSs’ consumption is managed depending on predicted renewable energy 

and stored energy state in battery banks. Specifically, real-time traffic shaping and power 

sharing algorithm are investigated, which affect the battery SOC in order to not only 

increase the use of renewable sources, but also decrease the excessive battery discharging. 

In order to simplify the calculations, this study deals with two BSs in a cellular network 

that operate according to a high-level controller in [65]. Then, mean down time (MDT) and 

battery throughput, which can quantify the critical infrastructure resiliency and battery life 

in years, are evaluated with 8-month battery operation simulation.   

5.1 SUSTAINABLE WIRELESS AREA (SWA)  

5.1.1 System Architecture  

This dissertation proposes a sustainable wireless area (SWA) concept, which is 

designed by interconnecting neighboring BSs in a dc microgrid configuration as shown in 

Fig. 5.1 (originally developed by A. Kwasinski). With the coverage radius of 250 meters 

for each BS, seven BSs are clustered as a SWA in an urban area (Chapter 2). In the SWA 

architecture, the arrangement of renewable sources can be centered or distributed 

corresponding to each cell site’s configuration (C1 and C2) in order to address the 

relatively large physical footprint. Fig. 5.2 (provided by A. Kwasinski) also shows the self-

contained SWA electrical scheme, which has a battery bank in each cell site. Different to 
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conventional cell sites where the battery banks are used for back up power system during 

the power outage in cellular networks, in the SWA, the battery banks play a pivotal role 

such as managing renewable sources’ power output variability, sharing power between cell 

sites, and storing sufficient energy from renewable sources. The goal of the SWA 

architecture is to be self- sufficient the majority of time from renewable sources and only 

in a minority of times from conventional power grid.     

 

 

Fig. 5.1: Proposed SWA architecture that comprises of seven base stations with renewable 

source and storage system from [46].  
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Fig. 5.2: Electrical scheme of a SWA from [65].  

 

5.1.2 High Level Controller 

The self-contained SWA operates the integrated traffic-power management by the 

command of controller in [65]. As shown in Fig. 5.3 (originally developed by A. 

Kwasinski) the controller consists of two levels in which the top level determines the SWA 

operation condition by collecting all information from renewable sources, battery banks, 

and BSs. The typical bottom level controller operates based on the high-level commands—

voltage and current level for power source converter and traffic level for BSs—but the 

bottom level controller can act autonomously during the failure in the communication link 

between two levels. Also, the output information at bottom level is transmitted to the top 

level in order to control the dynamin behavior of the SWA operation. This feedback loop 
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(interactions between two levels of the electric controller) is achieved every alternative 

hour. Therefore, this dissertation focuses on the high-level controller that controls the 

traffic-power management in order to realize the reliable network system that has 

sustainable power supply availability. 

 

 

 Fig. 5.3: Hierarchical controller architecture from [65]. 

 

5.2 INTEGRATED TRAFFIC-POWER CONTROL 

This section investigates how the high-level controller manages the integrated 

traffic-power in the SWA. Based on the predicted renewable energy and battery SOC, the 

control factor in (2.6) and cell sites’ operational condition are determined in the high-level 

controller.   
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5.2.1 Traffic Shaping Strategies 

Based on (2.6) and (4.7), the possible scenarios for choosing control factor 𝜎𝑡+1 

that represents traffic load shaping can be organized as shown in Table 5.1. As mentioned 

earlier, since the control strategies depend on the forecasted renewable energy and the 

battery SOC, all cases are considered to provide proper strategies. The first step to obtain 

the control factor 𝜎𝑡+1 is to determine ∆𝑠𝑚𝑎𝑥, which is not only the upper limit of the 

logistic function, but also the condition for initiating the control strategies. As defined in 

[48], ∆𝑠𝑚𝑎𝑥  represents the maximum value of 𝑁𝑒𝑡𝑡+1  that is set with the maximum 

traffic shaping (𝜎𝑡+1 =0.3) so ∆𝑠𝑚𝑎𝑥 can also be used as Event 1 trigger condition in 

Table 5.1, which indicates that the ∆𝑠𝑚𝑎𝑥  is greater than 0 or not. Once Event 1 is 

determined, each control strategy under Event 1 can be chosen in 3 cases in order to choose 

𝜎𝑡+1. This study focuses only on the real-time Markov chain model under the condition of 

∆𝑠𝑚𝑎𝑥 > 0 in Case 2, since the logistic function was studied in [48] and the other cases 

are straightforward. 

As shown in Table 5.1, the real-time iterative process using a Markov chain model 

in Fig. 5.4 is activated when the maximum likelihood SOC at time t+M in (4.15) is less 

than 𝑆𝑙𝑖𝑚 (𝑆𝑂𝐶𝑡+𝑀 < 𝑆𝑙𝑖𝑚), where 𝑆𝑙𝑖𝑚 represents a lower limit for battery SOC. 𝑆𝑙𝑖𝑚 

can be determined based on the battery technology such as lead-acid or lithium-ion battery. 

However, if the maximum probability state in 𝒗𝒕+𝑴 in (4.15) indicates less than 𝑆𝑙𝑖𝑚, 

control factor 𝜎𝑡+1 will be adjusted (decreased) and the iterative Markov chain process in 

Fig. 5.4 is repeated until the maximum probability state is equal to the 𝑆𝑙𝑖𝑚. Therefore, 
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using the real-time Markov model, the 𝜎𝑡+1 is controlled in order to satisfy the condition 

𝑆𝑂𝐶𝑡+𝑀 > 𝑆𝑙𝑖𝑚. If the real-time Markov chain model fails to satisfy the condition, the 𝜎𝑡+1 

is set as 0.3 which represents the maximum traffic shaping. 

 
Fig. 5.4: A real-time iteration algorithm using Markov chain. 

 

Event 1 ∆𝑠𝑚𝑎𝑥 ≤ 0 

 

∆𝑠𝑚𝑎𝑥 > 0 

 

Case 1 If 𝑆𝑂𝐶𝑡 < 𝑆𝑙𝑖𝑚, 

𝜎𝑡+1= 0.3. 

If 𝑆𝑂𝐶𝑡 < 𝑆𝑙𝑖𝑚, 

𝜎𝑡+1= 0.3. 

Case 2 If 𝑆𝑙𝑖𝑚 ≤ 𝑆𝑂𝐶𝑡 < 𝑆𝑐, 

𝑆𝑂𝐶𝑡 𝜎𝑡+1 

[0.8, 0.9) 0.8 

[0.7, 0.8) 0.7 

⋮ ⋮ 

[0.3, 0.4) 0.3. 
 

If 𝑆𝑙𝑖𝑚 ≤ 𝑆𝑂𝐶𝑡 < 𝑆𝑐, 

Logistic function for 𝜎𝑡+1. 

 

But if 𝑆𝑂𝐶𝑡+𝑀 < 𝑆𝑙𝑖𝑚, 

real-time Markov chain 

for 𝜎𝑡+1. 

Case 3 If  𝑆𝑂𝐶𝑡 ≥ 𝑆𝑐, 

𝜎𝑡+1= 1. 

If  𝑆𝑂𝐶𝑡 ≥ 𝑆𝑐, 

𝜎𝑡+1= 1. 

 

Table 5.1: Traffic shaping scenario. 
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Fig. 5.5 shows an example of above explanation. Thanks to the control strategies 

and M hours-ahead SOC estimation, the excessive battery discharges (under 𝑆𝑙𝑖𝑚) and #1 

state (fully discharged) are avoided (red curve) from the no traffic shaping (blue curve) as 

shown in Fig. 5.5 (a). Fig. 5.5 (b) shows the control factor 𝜎𝑡+1, which is determined 

corresponding to control strategies in Table I. Fig. 5.5 (c) shows the renewable energy, 

which the predicted values (red circle) tend to follow the actual renewable energy (blue 

star). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 5.5: One day results for traffic shaping strategies in Sep. 4th 2013: (a) SOC, (b) 

traffic shaping factor, and (c) actual and forecasted renewable energy. 

 

 

 

 

 



 71 

5.2.2 Power Sharing Strategies 

First, the two BSs in a SWA are operated independently with the proposed control 

strategies in Table 5.1. However, when one battery bank SOC at t+1 is estimated to be 

lower than the lower limit (𝑆𝑂𝐶𝑡+1 < 𝑆𝑙𝑖𝑚) while the other battery bank is estimated to be 

sufficient energy, or one battery bank SOC at t+1 is expected to be higher than fully 

charged (𝑆𝑂𝐶𝑡+1 > 1) while the other battery bank is not expected to be fully charged, the 

battery banks are controlled to share power in the SWA. This power shaping aims to 

prevent battery deep discharges and make the SWA to be more resilient network system. 

The power sharing strategies in Table 5.2 are activated after the traffic load shaping 

scenarios in Table 5.1 are applied. Since the power transfer between battery banks in the 

SWA causes the charge-discharge losses by the battery round-trip efficiency, in order to 

reduce the round-trip losses the power sharing is operated when the two events in Table 

5.2 happened only after the traffic shaping. For multiple cell sites, the average high level 

battery bank SOC at time t+1 is determined as follows: 

 

𝑆𝑂𝐶𝐻,𝑡+1 =
∑ 𝑆𝑂𝐶ℎ,𝑡+1

𝑛
ℎ=1

𝑛
,        1 ≤ 𝑛 ≤ 7                               (5.1) 

 

where the 𝑆𝑂𝐶ℎ,𝑡+1 represents the expected high level battery bank SOC that is greater 

than 0.6 and the n indicates the number of the high level battery bank SOC in SWA. The 

expected average low level battery SOC, 𝑆𝑂𝐶𝐿,𝑡+1, is also defined with 𝑆𝑙𝑖𝑚 on the same 
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plan as (5.1). Table 5.2 shows the power sharing scenarios that are explained above. Similar 

to the traffic shaping strategies in Table 5.1, the power sharing strategies begin by 

determining the event, which the 𝑆𝑂𝐶𝐻,𝑡+1  is greater than 1 or not. In Table 5.2 

𝐶𝑏𝑎𝑛𝑘,𝐿,𝑡+1  and 𝐶𝑏𝑎𝑛𝑘,𝐻,𝑡+1  represent the average low and high level battery bank 

capacity at time t+1 and 𝜂𝑏𝑎𝑡𝑡 represents the battery charge-discharge efficiency.     

 

5.3 SWA RESILIENCY 

The resiliency of CIs (e.g., cellular networks) can be improved by the use of 

renewable sources, especially during the occurrence of destructive natural disasters since 

the generation of renewable sources does not have lifelines [28], [66]. The study [67] 

discusses the metric of CIs resiliency which how the degree of dependence between CIs 

can be characterized by quantifying the resiliency metric. From reliability theory 

availability of a system or portion of a system is calculated by [67] 

 

𝐴 =
𝑀𝑈𝑇

𝑀𝑈𝑇 + 𝑀𝐷𝑇
                                                     (5.2) 

 

 

Event 2 When 𝑆𝑂𝐶𝐻,𝑡+1 ≤ 1, 

 (𝐶𝑏𝑎𝑛𝑘,𝐿,𝑡+1 ∙ 𝑆𝑙𝑖𝑚 − 𝑆𝑂𝐶𝐿,𝑡+1) ∙ 𝜂𝑏𝑎𝑡𝑡  is transferred to  

  each 𝑆𝑂𝐶𝑙,𝑡+1 from each 𝑆𝑂𝐶ℎ,𝑡+1. 

Event 3 When  𝑆𝑂𝐶𝐻,𝑡+1 > 1, 

 (𝑆𝑂𝐶𝐻,𝑡+1 − 𝐶𝑏𝑎𝑛𝑘,𝐻,𝑡+1) ∙ 𝜂𝑏𝑎𝑡𝑡  is transferred to  

  each 𝑆𝑂𝐶𝑙,𝑡+1 from each 𝑆𝑂𝐶ℎ,𝑡+1. 

 

Table 5.2: Power sharing scenarios. 
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where mean up time (MUT) represents the expected time that the system is in a required 

operation and mean down time (MDT) represents the expected failure time that the system 

is not working or is in state of repair. Again, the MDT is used to express repair rate 𝜇 as 

follows 

 

𝜇 =
1

𝑀𝐷𝑇
                                                               (5.3) 

 

where 𝜇 represents how fast the CI can be recovered from the failure. Therefore, the MDT 

can be considered as the metric that quantifies the CIs resiliency. 

From the view of MDT in [67], this dissertation investigates the evaluation of time-

based CIs resiliency based on the 𝑁𝑒𝑡𝑡 in (4.7). Since the renewable sources in C1 and 

C2 do not depend on lifelines, in order to characterize the degree of dependence among the 

cell sites (C1 and C2), namely how the dependence influences the resiliency of each cell 

site, the 𝑁𝑒𝑡𝑡 is considered to represent the concept of the MUT (𝑁𝑒𝑡𝑡 > 0) and MDT 

(𝑁𝑒𝑡𝑡 ≤ 0) for the SWA resiliency evaluation. In addition, since the MDT (or 𝜇) is related 

with the logistical management in human-centered aspect [67], the proposed traffic shaping 

and power sharing strategies (logistic management) will be simulated in the next section in 

order to look for that how the strategies have an effect on the time of MDT 𝑁𝑒𝑡𝑡 ≤ 0.   
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5.4 BATTERY BANK LIFETIME MODEL 

Under various conditions, a battery operation may be affected when it processes the 

charge and discharge cycle. Benchmarking project in [68] defined the battery stress factors, 

which causes an aging process by chemical damage mechanisms. In terms of stress factors, 

this dissertation focuses on the battery throughput (kWh) factor in order to see how the 

traffic shaping and power sharing control affect the battery life time.  

Fig. 5.3 shows the expected number of cycles to failure (CTF) and throughput 

corresponding to DOD for a US 250E XC2 battery. 

 

Fig. 5.6: Expected life cycle & throughput vs DOD for deep-cycle battery model for US 

250E XC2. 

 
The CTF and throughput curves are estimated by the manufacturer data in [69] which is 

measured at a 20-hr rate with 225 Ah and 6 V. The CTF curve is found by fitting a double 

exponential curve 
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𝐶𝑇𝐹 = 𝛼1 ∙ 𝑒𝑎2∙𝑥 + 𝛼3 ∙ 𝑒𝑎4∙𝑥                                               (5.4) 

 

where 𝛼𝑖  is the fitting coefficients (𝛼1=3.388× 104 , 𝛼2=-0.223, 𝛼3=4415, and 𝛼4=-

0.025) and 𝑥 is the percentage DOD values. Based on the CTF curve, the throughput is 

calculated as 

 

𝑇𝑏𝑎𝑡𝑡 =
∑ (𝐷𝑂𝐷𝑖 ∙ 𝐶𝑇𝐹𝑖 ∙ 𝐶)𝑛

𝑖=1

𝑛
                                            (5.5) 

 

where the subscript i is a trial number, 𝐶𝑇𝐹𝑖 is the cycles to failure at 𝐷𝑂𝐷𝑖 which is 

determined by rainflow counting method in [70], and 𝐶 is a nominal battery capacity (1.35 

kWh= 6V × 225 Ah). While the CTF curve shows the dependency on the DOD which 

the CTF decreases as the DOD increases, the 𝑇𝑏𝑎𝑡𝑡 curve indicates less dependence on the 

DOD. For this reason, HOMER [71] suggested a way to calculate the life time of battery 

bank based on the assumption that the 𝑇𝑏𝑎𝑡𝑡 is independent of the DOD. Thus, the battery 

bank life in year is calculated as follows 

 

𝐿𝑖𝑓𝑒𝑏𝑎𝑛𝑘 =
𝑇𝑏𝑎𝑡𝑡 ∙ 𝑁

𝑇𝑏𝑎𝑛𝑘
                                                       (5.6) 

 

where N is the number of batteries in a battery bank and 𝑇𝑏𝑎𝑛𝑘 is the total throughput in 

a year.  
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5.5 SIMULATION RESULTS 

The first evaluation is to investigate the local operation in the SWA that how the 

integrated traffic-power control affects the battery bank SOC in terms of the resiliency and 

battery life. In this case, two cell sites are operated independently based on the strategies 

in Table 5.1. Then the results of independent operation are compared with the power 

sharing results, which are operated by the strategies in Table 5.1 and 5.2. 

Fig. 5.4 (a) and (b) show the two cumulative distribution functions (CDFs) 

performing with the control algorithms in Table 5.1. Along with the different settings of 

control factor such as no traffic shaping, with traffic shaping (Table 5.1), and maximum 

traffic shaping ( 𝜎𝑡+1 = 0.3), the battery bank operations in two configurations are 

simulated. This dissertation assumes that when the expected battery bank SOC is fully 

discharged (#1), BS will be connected to grid or diesel generator to be powered. First, when 

the two cell sites are operated without the traffic shaping, the CDFs indicate the time 

availability of 82.82 % for C1 and 64.54 % for C2, respectively. Similar to the previous 

steady state operation results, which indicate the availability of 86 % for C1 and 69.64 % 

for C2, respectively, this 8-month real-time simulation also shows that C1 has the better 

time availability than C2. When the traffic shaping (load control) is applied, the available 

time proportion in the two configurations indicates 94.17 % and 79.22 %, which 11.35 % 

(about 28 days) and 14.68 % (about 36 days) are increased. In other words, when the MDT 

(#1) is calculated in days—by multiplying the time proportion by 243 days (8 months) —

the proportion of MDT is reduced from about 42 days (C1) and 86 days (C2) to 14 days 

and 50 days. If the maximum traffic shaping is applied for the whole test period, the time 
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availability can be increased to 97.02 % and 83.01 % for the two configurations, but this 

aggressive setting results in maximum reduction in video quality and increase in data delay.  
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(a)  

 

 

(b)  

Fig. 5.7: Cumulative distribution functions (CDFs) for the battery SOC with different 

operating conditions for 8 months: configuration 1 (a) and configuration 2 (b). 
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Fig. 5.5 (a) and (b) show the stacked bar plots that are same results with the CDFs 

in Fig. 5.4. As the same way in the three levels of 𝝅𝒊, the number of battery bank SOC is 

divided into three levels—bottom (blue), middle (light green), and top (red) levels—in 

order to clearly understand time proportion at each level. The results show that the bottom 

level in C1 decreases from 32.87 % to 16.6 % when the traffic shaping algorithms in Table 

I are applied. That is, the time proportion of 16.27 % (about 40 days) is improved from the 

bottom level that permanently affects battery life reduction. Also, the middle level 

increases from 40.76 % to 52.54 % and top level increases from 26.37 % to 30.86 %. In 

the case of C2, the bottom levels indicate 52.91 % and 41 % for without and with traffic 

shaping. Although the time proportion of 11.91 % (about 29 days) is improved from the 

bottom to middle level due to the effect of the real-time control, it still shows the significant 

time proportion in the bottom level. 
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                              (a) 

 

 

(b) 

 
Fig. 5.8: Percentage of three level of SOC with different operating conditions for 8 months: 

configuration 1 (a) and configuration 2 (b). 
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Table 5.3 shows the results of local battery bank operation that draws a comparison 

between no traffic shaping and traffic shaping. The average of DOD, number of cycles and 

MDT in days are evaluated from the 8-month simulation as well as the battery bank CTF, 

throughput, and life in year are modeled in order to evaluate the effectiveness of the traffic 

shaping in each cell site. In the case of battery bank life model, C1 indicates the better 

performance than C2 in terms of the longer CTF and higher throughput. However, in the 

matter of battery bank life, C2 has the longer life time of 1.11 year than C1 of 0.93 year. 

From the evaluated items in Table 5.3, we can draw a conclusion that the battery bank 

charge-discharge rate in C1 has the faster than C2. The charge-discharge rate is the one of 

the major stress factor that changes the rate of chemical damage mechanism in a battery 

bank [68]. As shown in 8-month simulation results, the average DOD of C2 indicates 

significantly large value of 98.89 % (close to fully discharged SOC at each cycle) while it 

has the lower number of cycle of 225 than C1 of 633. That is, the battery bank in C2, which 

is only coupled with the PV modules, operates with the deep cycle and low discharge rate.  

This characteristics might be evident that when the PV modules are the only power 

generation resources for the BS, the continuous discharges occur during night time. For the 

case of traffic shaping in Table 5.3, the results are discussed with the following power 

sharing in SWA. 
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For the power sharing evaluation, this dissertation focuses on the time proportion 

in bottom level that is directly related to a battery life. Fig. 5.6 shows the CDFs that the 

BSs are controlled by the strategies in Table 5.1 and 5.2 for 8 months. In Fig. 5.6, C2 (blue 

line) shows the noticeable increase around 𝑆𝑙𝑖𝑚 (30 % of SOC) where the energy transfer 

happens from C1 to C2 corresponding to the strategies Table 5.2. Since in the case of C2, 

the time proportion under 𝑆𝑙𝑖𝑚 indicates 49.88 % for the previous traffic shaping case 

(value in parenthesis) in Table 5.4, the noticeable increase around 𝑆𝑙𝑖𝑚 can be explained 

as the results of Event 2 in Table 5.2 (also, all other values within parenthesis in Table 5.4 

stand for the values from the previous traffic shaping results in the local operation). When 

the power sharing is activated, MDT and the time proportion at bottom level are 

significantly improved in C2 while C1 is also improved slightly. For the measure of time 

availability, C2 indicates the time availability of 91.55 % from 79.22 % and for the measure 

of time proportion at bottom level, C2 is improved from 41 % to 25.74 % for 8 months 

simulation. 

 

 

 Evaluation item C1 

no shaping/shaping 

C2 

no shaping/shaping 

8 months 

simulation 

Avg. DOD [%] 64.37/51.55 98.89/96.32 

# of cycles 633/647 225/230 

MDT [days] 42/14 86/50 

Battery bank 

life model 

 

CTF 892/1224 375/401 

Throughput[kWh] 767.6/846.7 499.2/518.8 

Life in year 0.93/1.02 1.11/1.15 

 

Table 5.3: Comparison between no traffic shaping and traffic sharing in two configurations. 
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Fig. 5.9: Cumulative distribution functions (CDFs) for the power sharing in SWA. 

 

 

 

 

Table 5.4: SOC results for power sharing in SWA. 

 
Table 5.5 also indicates the significantly improved results in C2 while C1 keeps the 

similar results. The MDT in C2 shows the most noticeable change when the power sharing 

strategies are activated. The MDT is effectively improved more than twice from 50 days 

to 20 days but it is more remarkable when the power sharing is compared with the no traffic 

  C1 

time proportion [%] 

C2 

time proportion [%] 

 

 

SOC [%] 

0 5.62 (5.83) 8.45 (20.78) 

  ≤20 (DOD) 16.41 (16.6) 25.74 (41) 

 ≤30 (𝑆𝑙𝑖𝑚) 23.53(23.2) 38.44(49.88) 

≤90 (𝑆𝑐) 73.85 (69.14) 77.71 (82.97) 

100 17.83 (23.08) 14.81 (12.74) 
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shaping of 86 days in Fig 5.4 (b). That is, the MDT of three cases in C2 is significantly 

reduced in the order of no traffic shaping, local traffic shaping, and power sharing in SWA 

which indicate 86, 50, and 20 days. Thanks to the control strategies in Table 5.1 and 5.2, 

not only the SWA resiliency is increased, but also the battery banks operations are 

improved in terms of the MDT and battery life. 

 

Table 5.5: Comparison between local traffic shaping and power sharing in two 

configuration. 

 

 

 

 

 

 

 

 

 Evaluation item C1 

no sharing/sharing 

C2 

no sharing/sharing 

8 months 

results 

Avg. DOD [%] 51.55/52.48 96.32/72.94 

# of cycles 647/784 230/383 

MDT [days] 14/14 50/21 

Battery life 

model 

evaluation 

CTF 1224/1204 401/593 

Throughput[kWh] 846.7/842.8 518.8/643.5 

Life in year 1.02/1.01 1.15/1.17 
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Chapter 6. Conclusions 

Renewable energy sources are one of the most effective ways to reduce carbon 

emission and increase resiliency in cellular networks. However, as the power output of 

renewable sources is expected to be variable, it is valuable to study the prediction of 

renewable sources’ power output. Moreover, it is also beneficial to study the control 

scheme of battery bank SOC, which can mitigate the power output variability in cellular 

networks. This dissertation discusses the design and operation of SWAs, which include 

renewable sources (solar and wind), energy storage, and BS and traffic-power management 

algorithms for their operation.   

First, hourly renewable energy prediction using the proposed NB model was 

investigated which can predict up to two days ahead. Publicly available weather 

observation and forecast data were used as training sets and input values in the model. A 

key contribution of this study is to reduce the GHI overlapping classification by 

partitioning daily intervals into subsets. By limiting the classification range into one hour, 

the GHI variation can be mitigated which the NB model can follow the actual values’ trend 

under various weather condition. The proposed NB model is fairly simple in that it requires 

small training data (less than two month) and uses only four weather variables 

(temperature, relative humidity, dew point, and sky coverage), whereas the prediction 

accuracy certainly was reasonable compared to the recent other predicting models.  

For the assessment of prediction error, this dissertation contains discussion 

concerning MAPE error test criterion, which is unsuitable for interpreting real-time 
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weather changes. In other words, MAPE might address several specific weather types, such 

as sunny, rainy, or cloudy days that the forecasting patterns can be trained under consistent 

weather condition. Moreover, this dissertation demonstrates that the proposed NB model 

can be used for the estimating battery bank SOC based on the MBE and RMBE metric 

which measure the tendency of the renewable energy that is over-estimated or under-

estimated given the testing period.   

For an eight months period with hourly resolution (14 hours per day for GHI 

prediction), the proposed NB model provides prediction results with statistical values that 

are RMBE of 2.73 %, RRMSE of 41.7 %, and a correlation coefficient of 86.33 % with 

GHI mean of 333.04 Wh/m2. For the mixed weather types, clear 4 days represent RMBE 

of -1.49 %, MAPE of 2.85 %, RRMSE of 2.93 %, and a correlation coefficient of 99.85 %, 

which are considerably matched with the actual GHI. 

Second, this dissertation proposes integrated traffic-power control algorithms that 

can effectively increase the power supply availability in the SWA only from the use of 

renewable energy sources; hence the SWA resiliency and battery life were improved. The 

integrated traffic-power control begins by modelling of renewable sources, BS, and energy 

storage from the actual solar irradiance, wind speed, and daily traffic profiles. Also, this 

dissertation proposes the two ways to estimate the battery bank SOC using Markov chain: 

steady-state and real-time way. The former one was used for sizing energy storage capacity 

while the latter one was used for the integrated traffic-power management in the high-level 

controller. Based on the predicted renewable energy and battery bank SOC information, 

the high-level controller determines the appropriate set points for the BSs operation in the 
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SWA. In the local operation, the battery bank SOCs are separately controlled using the 

iterative real-time Markov chain model to prevent the battery life reduction. In the global 

operation, the power is shared in the SWA in order to increase the resiliency (hence 

availability) by making up the power deficiency in the local operation.  

Two cell sites’ configurations in the SWA are then compared in the view of 

resiliency and battery bank life based on the battery bank SOC CDF. When the two cell 

sites operate separately, the time availability proportion indicates 82.82% of C1 and 

64.54% of C2 for 8 months. However, with the traffic shaping, the time availability 

indicates 94.17% of C1 and 79.22% of C2, which increase 11.35% (28 days) for C1 and 

14.68% (36 days) for C2 from the MDT. More importantly, the time availability of C2 

shows up to 91.55% when the power sharing in SWA is activated. This approach is novel 

in that, the battery bank, which shows better performance in the local operation (here, C1), 

is not significantly affected by the battery bank in C2. Indeed, when the power sharing is 

operated, C1 indicates slightly improved time availability from 94.17% to 94.38% while 

other factors such as CTF, throughput, and life in year maintain the similar values. 

Lastly, the proposed model and algorithms can be expanded to various applications. 

For example, the proposed battery bank SOC models can assist system planners and 

operators to design and operate the battery bank efficiently with the estimated SOC 

information. Moreover, power consumption reduction can be realized using demand-

response (load control) during times of daily peak demand, which allows end-users to 

contribute to reduce carbon emission. In terms of educational value, more importantly, this 

dissertation helps to improve integrated thinking that includes the knowledge of power 
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systems, communication systems and computing systems, which is currently needed in 

smart-grids. 
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