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Abstract: Off-grid renewable energy system is a critical infrastructure in providing electrical
power for small communities, especially in remote and rural areas where grid connection points
are not available. Due to the diurnal and intermittent nature of solar irradiance, the photovoltaic
(PV) power plant can introduce generation and load power imbalance issue. Anaerobic
digestion biogas power plant (AD) also has a part-load operation constraint that needs to be
met. To overcome these issues, electrical energy storage (EES) such as Graphite/LiCoO; needs
to be employed to provide generation flexibility. The research work provided in this paper is
twofold. An optimal operating regime is devised for the PV-AD-EES hybrid system, followed
by a study on the levelized cost of electricity (LCOE). Degradation cost per kWh and
degradation cost per cycle for EES are considered. 22 years (1994-2015) of irradiance data for
Turkwel Gorge Dam, Kenya (1.90°N, 35.34°E) and the Kenya national load are used for the
study. With the current technology costs and a discount rate at 8%, it is shown that the capital
cost for LiCoO> needs to be reduced to 200 $/kWh to be economically competitive with
dispatchable source such as AD biogas power plant by considering the EES degradation costs.

Index Terms — Off-grid system, battery capacity degradation, photovoltaic system, LiCoO>
battery

Nomenclature
ASOC Change in state of charge (%)
At Hour interval
NEES EES round-trip efficiency (%)
Npy PV array efficiency (%)
o Degradation rate for PV (%)
£ Solar irradiance (Wm)
a, band c Quadratic fuel cost function constants for biogas generator
AD Anaerobic digestion
Canpyo, Fuel cost for biogas generator ($)
Cany gpour Labour cost for operating the biogas power plant ($0.05/kWh)
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Proaa Power demand (MW)

Pry Rated power of inverter (kW)

Ppy Output power of PV plant (kW)
Poypioa Rated capacity of PV plant (kW)
Psurpius Surplus power generated by PV farm (MW)
PV Photovoltaic

Ratedcycle Rated cycle life of EES (integer)

SOC State of charge (%)

SOCower The minimum SOC value of a cycle (%)
SOCyax Maximum state of charge (%)

SOCyrean Mean state of charge (%)

SOCyin Minimum state of charge (%)

SOCThreshold

SOC threshold (%)

SOCypper The maximum SOC value of a cycle (%)
SSR Self-sufficiency Ratio (unitless)
t Time (hour)

1. Introduction

Electrical energy storage (EES) plays an increasingly important role in electrical power
systems, especially for energy balancing in off-grid systems. With the escalation of energy
demand and the pressure to reduce environmental pollution, renewable energy source such as
solar photovoltaic (PV) needs to be adopted [1, 2]. For countries located in Africa at the equator,
e.g. Kenya, there is an abundant amount of solar insolation throughout the year. In addition,
the waste product generated from the large agricultural industry in Kenya makes electrical
power generation from biogas power plant via anaerobic digestion (AD) a desirable option [1].
Hence, the optimal hybrid energy system for a rural community in Kenya should consists of
solar PV and AD biogas power plant. In this paper, the term AD represents the combination of
the anaerobic digester and the biogas power plant.

In general, off-grid hybrid renewable energy systems perform better with multiple energy
sources compared to a single energy source [3]. This can be explained by the fact that different
energy sources have different technical constraints, and may be used to complement each other
and to maximise the security of supply. The generation costs could also be potentially reduced.
However, the control, design, and optimization of such systems is a complicated matter. In
general, many of these systems were designed to with the aim to minimize the total generation
cost such as the levelized cost of electricity (LCOE) [3, 4].

The operation strategy for a system with an EES and PV generator is relatively simple.
Surplus energy is stored in EES and discharges if the load is greater than generation. The
interesting questions arise for systems with multiple energy sources. For the case where a
dispatchable source such as AD is included, it is required to determine how the EES is charged
and which dispatchable source (AD or EES) to use when the load demand is greater than the



generation. As mentioned in [4], there are three basic control strategies for a PV-Diesel-EES
system. These are known as zero-charge strategy, full cycle-charge strategy and the predictive
control strategy. The EES is never charged with the diesel generator in the zero-charge strategy.
Diesel generator is used to charge the EES to 100% state of charge (SOC) when the generator
is on for the full cycle-charge strategy. Predictive control strategy requires the forecast of
renewable generation and load demand to charge the EES. The advantage of this strategy is
that energy wastage in surplus energy production from renewables is reduced. An interesting
research question to be answered is to determine the optimal point for the SOC, between 0%
to 100% to be charged with AD in order to provide a minimum operational cost [4]. In other
words, the strategy will be less of an extreme and is between zero-charge and full cycle-charge.

Scheduling regimes such as rule-based strategies [5] have the advantages in avoiding the
need of renewable and load forecasting for optimal operation. Additionally, complexity is
further reduced when online optimization is not required. The work did not mention the
degradation and costs of EES and have highlighted as a future work.

There are numerous amount of research works in cycle life studies and the costs due to EES
degradation for hybrid renewable energy systems [6-9]. However, most do not consider partial
charge-discharge cycles and uses depth of discharge (DOD), i.e. only accurate for initial SOC
at 100% for EES cycle life calculations. Electrical energy delivered is also used to consider the
DOD in some literatures such as [6] and the actual values of the two SOCs may be neglected.
Theoretically as an example, the electrical energy output from EES at SOCs of 100% to 80%
may be the same as a situation for 40% to 20%. Recent literatures [10, 11] have confirmed that
partial charge-discharge cycles at different SOC states have a profound effect to the State of
Health, i.e. discharge capacity of the EES, and consequently affects the total available cycle
life.

Due to irregular load demands and the PV power fluctuations induced from stochastic solar
irradiance, the hybrid power system is highly susceptible to irregular SOCs and charge and
discharge cycles. It is of paramount importance that the degradation costs and replacement
costs are accurately accessed for EES in hybrid power system analysis and optimization. This
work aims to provide a study on the economic projection of the hybrid system with the battery
degradation costs included by considering the SOCs of each partial discharge cycle. To achieve
this, an operating regime is proposed for the hybrid system that provides the optimal dispatch
of PV, AD and EES. Having identified the power output and the SOCs for the system with
respect to the system lifetime, LCOE is calculated for each asset and for the system. The cost
and energy production will be critically analysed.

Section 2 provides a literature review on renewable hybrid system and EES operations.
Section 3 presents the data analysis and operating regime for the system. Case studies will be
conducted and discussed. The cost analysis for the system will be presented in Section 4. The
models for degradation per cycle and degradation per kWh will be derived. Finally, Section 5
draws the conclusion and future work will be discussed.

2. Literature review

In the recent decade, there is an upsurge in research related to using EES for power systems,
such as in charging regimes for electric vehicles [6, 7, 12], profit maximization with energy
tariffs [13, 14] and off-grid system operations [2, 4]. Mostly, these literatures have considered
the degradation effect of EES to an extent and have made attempts to consider the storage costs.
However, the effects of irregular cycling and partial cycles of EES are not properly addressed.
Some works have considered to use reference DOD to compute the rated cycle life for the EES.

Reference [15] presents the grid-tied electrical hubs with distributed generation and energy
storage for providing the electricity demand in Sri Lanka. The SOC for the EES has been



considered for the control of the dispatchable energy source. However, the cost of storage and
degradation effect have not been included.

The economic operation for a diesel-PV-EES island microgrid in rural areas with a two-
stage model predictive control strategy is proposed in [16]. The system’s economic is assessed
with the LCOE metric. Replacement and operational costs for EES are included in the study,
which is a function of DOD and cycle life. However, it is unclear how the DOD and cycle life
are included and considered.

Levelized cost of delivery (LCOD) is proposed in [17] to compute the levelized cost of
EES in PV system. The highlight of the work is that it is necessary to include the electrical
energy production costs, i.e. generators cost into the storage costs. The work could be improved
by also including the cost aspect of EES degradation.

EES degradation is considered with a fixed degradation cost in [18]. The cost
competitiveness of the EES with respect to conventional generation is not provided.

Comparison of different energy storage technologies in a variety of realistic microgrid
settings has been developed in [19]. The Energy System Model aims to provide similar
functions to the well-known microgrid software HOMER, but with improvements in battery
modelling. It is not known if and how the costs in partial cycles and irregular discharges are
considered.

The economic feasibility of EES for electric bill management applications has been
provided in [20]. A range of EES has been included, these are Li-ion, zinc battery, an advanced
lead-acid, a sodium-sulphur (NaS) and a flow battery with no degradation consideration. The
techno-economic assessment of distributed EES for load shifting application is provided in
[21]. A Li-ion, NaS and a redox battery were included in the study but again no degradation is
considered.

The work in [22] aims to develop degradation cost functions for optimization models in
off-grid power system. The battery replacement cost has been provided for different ratios for
battery degradation cost to diesel cost. Levelized cost is not calculated for the system.

An exhaustive study in determining the optimal combination of renewable electricity
sources and EES connected to a 72 GW grid system is provided in [23]. The aim is to find the
least-cost combination of renewable generation and EES to match the load demand. It
concluded that excess renewable production can result in lower costs for the system. The
argument is that the electrical load will be met with less storage, lowering the total system cost.
The LCOE has not been studied and it is unknown how storage degradation costs are
considered.

Reference [7] proposes an optimal generation scheduling model for a system with thermal
power plant, PV plant, wind farm and EES whilst considering the degradation cost of ESS.
Lead-acid and nickel metal hydride (NiMH) batteries were considered. This work aims to
include the temperature and DOD for the battery degradation cost. The battery degradation cost
is modelled and fitted with a piecewise linear function. However, cycle life effects with
irregular cycling were not considered and the degradation model is only applicable for the
cycles with initial SOC at 100%.

Asreported in [13], a Feed-in tariff (FiT) scheme is already established in Japan to promote
the use of PV generators with electric batteries. Also mentioned in [24], FiT schemes could
benefit the deployment of EES in the current and upcoming PV systems. This has already
happened in other countries such as Germany, where a FiT scheme that maximizes self-
consumption by using EES has been established. There are many researchers studied the
operation of grid-connected PV-EES system, however, seldom attention has been paid to the
impact of the EES degradation characteristics. The work in [13] aims to evaluate the energy
and cost savings for a grid-connected PV-EES system for a household. Operational
optimization model was constructed for considering the degradation characteristics of EES.



The model has two objective functions, known as the operating costs and energy savings. The
study concluded that a grid-connected PV-EES system was more useful in energy saving
operation. The cycle degradation is defined by the number of cycles and the cycle degradation
rate. DOD degradation is considered to have occurred when the DOD is more than 70%.

The stochastic problem for microgrid energy scheduling with distributed generator and
controllable loads such as plug-in electric vehicles is presented in [6]. EES degradation costs
and cycle life were calculated with DOD. The DOD in this case is the ratio of the energy
delivered from the EES to the rated energy capacity. Partial cycling is not included or discussed.

HOMER has been used for the design of a PV-biomass-diesel hybrid systems for off-grid
and grid-connected scenarios in [25]. The system’s configuration is optimized for different
load profiles. Surrtte 6CS25P flooded battery is used for the off-grid case. Details or studies
for the EES has not been provided.

Reference [26] proposes a method to simultaneously optimize the rule-based operation
strategy and the EES capacity for a grid-connected PV-EES system. Given the present cost of
storage, it claimed that using EES with the conventional operation strategy is not profitable but
increases the Self-sufficiency Ratio (SSR). It reported that the system uses more renewables
with a higher SSR.

A microgrid charging and discharging strategy is given in [8]. A three-parameter function
is fitted to estimate the battery cycle life under different DODs. With this function, the
depreciation cost model of li-ion battery is developed. The authors acknowledged that the
battery charge and discharge cycles under working conditions are composed of several micro-
cycles with different DOD. To overcome this issue, the rain-flow counting method is employed
to decompose the complex cycles to micro cycles of different DOD. Charge/discharge cycles
are counted with corresponding to each range of the DOD for the year. Partial cycling is not
included and this method may not be appropriate if the initial SOC is not at 100%. A sizing
methodology with loss of load probability for an off-grid PV system with lead-acid battery is
presented in [27]. This work also adopts the rain-flow counting method for battery lifetime
estimation. It is unclear if the rain-flow counting method can accurately represent the EES
degradation, and a comparison with capacity fade model should be made.

A model for the operation of distribution companies in regulating price or locational
marginal price mechanisms is given in [9]. Two types of EES were considered namely lead-
acid and lithium-ion. It could be observed that there were multiple partial charging and
discharging, at different SOCs throughout the time interval. It needs to take into account of the
partial cycles for a more accurate optimization problem formulation.

Reference [5] presents the rule-based strategies for operating an EES connected to a self-
consumed PV system to reduce payments to the grid. As stated by the authors, presently the
work does not consider the degradation cost of using the EES.

As suggested in the literature review, at present there is little to no work in considering the
costs of power system operation for EES energy discharge at different SOC ranges. This
research aims to provide a method in incorporating partial cycles at different SOC ranges for
the techno-economic assessment of a PV-AD-EES hybrid system with a proposed operating
regime.

3. Data analysis and operating regime
3.1. Solar and load data analysis
Real-life solar irradiance data were obtained from Solargis for Turkwel Gorge Dam, Kenya

with coordinates 1.90°N, 35.34°E and elevation at 1170m. The dataset contains 22 years (1994-
2015) of data with sampling rate at 1 sample/15min. Since the PV output power is influenced



by the solar irradiance, it is crucial to know how season variations could impact the amount of
solar irradiance received by the panels. The monthly solar insolation is computed for the dataset
and for comparison purposes, the 22-year monthly solar insolation data from NASA were
obtained in [28]. As solar PV is a non-dispatchable source, capacity factor (CF) is used to
represent its annual energy output. CF is the ratio of the actual electrical energy output over
the year to the maximum possible electrical energy output over the same time period. The CF
is calculated for a 5 MW PV farm with inclusion of solar panel efficiency losses at 15% [1].
Fig. 1 presents the monthly solar insolation and the annual capacity factor for the PV farm.
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Fig. 1. Solar insolation and capacity factor for solar farm.

As shown in Fig. 1, the differences in annual CF could be significant. The CFs are 15.2%
and 16.3% for 2011 and 2009 respectively, which is more than 1% difference. This shows that
it may be inaccurate to assume CF to be the same annually throughout the system lifetime. As
reported in [29], a method to overcome this issue is to perform sensitivity analysis to CF to
calculate the LCOE for hybrid system. However, CF only produces a single value by taking
account of the energy generation, hence the information regarding the fluctuations and
stochastic information will be missed. This should be taken into account for a more accurate
LCOE analysis by using actual generation data per interval. The insolation results in Fig. 1.
show a notable trend and is similar to the results from NASA. Least insolation is received
during Spring (March to May) and Summer (June to Aug), with the most are received in
Autumn (Sept to Oct) and Winter (Dec to Feb), with the exception in November due to repeated
rain.



The Kenya national load data is similar to the studies used in [1, 17]. Table 1 presents the
normalized load data for Kenya. The normalized load is multiplied with a 2 MW demand to
represent the electrical load demand for a community in a rural area.

3.2. Problem context

The aim of the system is to provide the required electrical power, with PV, AD and EES to
meet the load demand at all times. This means that the generation and load power should be
balanced. The equality constraints for power balance are given in Equations (1) and (2).

PGeneration (t) = PLoad (t) (1)
Pgeneration(t) = Ppyy, ., (£) + Pap,. . . (€) + Pggsg, (€) + NpgsPrps,, () (2)

Ppy o, @0d Pyp . are the PV and AD power that is used to meet the load directly.
Pggs,, and Pggg, are the stage 1 and stage 2 power output from EES. Stage 1 is when the EES

decides to output power to meet the demand when the energy stored in EES is above a SOC
threshold. Stage 2 is when the EES output power to meet the energy deficit in the system. nggs
is the round-trip efficiency for the storage system. This will be further elaborated with
introduction of the operating regime in Section 3.3.

The SOC limits are defined in Equation (3) to prevent EES over charging/discharging. The
power output of biogas generator should not exceed its rated capacity as shown in Equation
(4). Due to the minimum loading constraint for the biogas power plant, it is required to turn off
when the power output is below 40% of its rated power output [1], given in Equation (5).

SOCyin < SOC(t) < SOChyas 3)
PADMin S PADDirect (t) + PADStore (t) S PADMax (4)
PADMin =04+ PADMax (5)

Pupg,ore 18 the power output from AD that is stored in EES. Py . and Pyp,  —are the
maximum and minimum power output from AD respectively. SOCy;, and SOCy,, are the
maximum and minimum SOCs respectively. The instantaneous power output of PV plant is
calculated as a function of panel area Npy, panel efficiency 7, and instantaneous irradiance
£(t) in Equation (6).

Table 1
Kenya normalized national load demand [1].
Hour Normalized load Hour Normalized load

0 0.61 12 0.81
1 0.57 13 0.80
2 0.55 14 0.78
3 0.55 15 0.79
4 0.55 16 0.81
5 0.62 17 0.81
6 0.72 18 0.81
7 0.82 19 0.86
8 0.82 20 1.00
9 0.86 21 0.96
10 0.84 22 0.86
11 0.82 23 0.71




Ppy (t) = €(t). Npy.npy

(6)

The schematic for the hybrid system is presented in Fig. 2. It shows that the bi-directional
inverter is used to provide DC power to AC load, and is also used for charging the EES from

AD. The cost and size of components are given in Table 2.

Photovoltaic
plant

AC bus

Charge
controller

Bi-directional
Inverter

Load

[ Electrical
Energy
Storage
(LiCoO,)

AD biogas
power plant

Fig. 2. Schematic diagram of hybrid system.

Table 2

Cost and components size.
PV AD EES Controller  Inverter
(Sharp (Caterpillar (Graphite/ (Outback (Schneider
ND- G3512E LiCo0,) FM 80) Electric
250QCS) Genset) XW6048)

Size 250 W 1.2MW [30] 2MW,5MWh 2kW]I] 6 kW [31]

Unit 20000 2 [1] 1[1] 2500 834
[1]

Ceap pssor 120 $7.5M [1] 1500 ($/kWh) 335 ($/unit) 1518 ($/unit)
($/unit) [17] [1] [31]
[1]

Cinst gsset 108 N/A N/A 6.7 ($/unit)  30.38
($/unit) [1] ($/unit) [31]
[1]

Casset 08My g, N/A Canpye 0.42 ($/MWh) N/A N/A

+CADLabour [17] *
CEESDengh

CAssetO&MFixed 6 300 ($/kW- 2.12 ($/kW- 1.005 4.6
($/unit/y  year) [32] year) [17] ($/unit/year) ($/unit/year)
car) [1] [1] [31]

3.3. Operating regime

In the microgrid context, energy management system (EMS) is employed by grid operators
to monitor, control, and optimize the performance of the microgrid. The primary aims are to
reduce electricity production costs and to continuously fulfil the load requirement. In explicit
terms, the definition of energy management given in [33] is the procedure to “collect all the
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systematic procedures to control and minimize the quantity and the cost of energy used to
provide a certain application with its requirements.” In general, the control architecture of
energy management can be classified into two types, namely Centralized control and
Decentralized or Distributed control. Hybrid control featuring both centralized and
decentralized is also an emerging architecture. As reviewed in [33, 34], the choice of the control
architecture depends on the scale, configuration and assets ownership of the microgrid.

The work in [35] presents a multi-agent decentralized EMS for autonomous polygeneration
microgrids. In a decentralized architecture, each system component features a local controller,
as opposed to the centralized architecture where a single controller executes the energy
management for the system. Hence, decentralized architecture can increase the system
reliability and reduce the chance of a system complete failure. On the other hand, decentralized
architecture requires complex communication systems for local controllers to communicate
and the achievement of global optimization can be challenging [33].

Traditionally, the optimization strategy employed by EMS for hybrid renewable energy
systems are commonly achieved by artificial intelligent techniques or linear programming [33].
Artificial intelligent techniques that have been adopted are particle swarm optimization, genetic
algorithm, fuzzy logic and neural network. These techniques have improved the optimization
and performance of energy systems over the years. However, real-time and robust energy
management techniques are still a major focus in future research, due to the drawbacks in
determining the global optimal and the computational costs. This work employs rule-based
approach to avoid the drawbacks of artificial intelligence methods and to achieve optimal
dispatch.

Microgrids can be categorized into five categories, where each category is designed to meet
specific goals. These are namely the commercial/industrial, community/utility,
campus/institutional, military and remote [36]. Taking these consideration in mind, this work
focuses on developing an EMS for a remote community with generation assets locate closely
together, simple data acquisition and inexpensive architecture; a centralized architecture is
adopted for this system.

The off-grid system will operate at the most cost-effective manner with the proposed
regime. In essence, the operating regime will operate with the following characteristics:

e Since the fuel cost for PV is zero, PV will be given the priority and firstly be used to

meet the load demand before the deployment of AD or EES power;

e Surplus PV energy will be stored in EES while fulfilling the SOC constraints;

e AD will be used to meet the load demand when PV power is not available;

e EES will be used to meet the deficit energy, i.e. the situation when no PV power is
available and AD is switched off.

e During the situation when there is not enough PV power, AD is switched off and EES
has insufficient stored energy to meet the load demand; AD will then operate at
minimum power output to meet the load demand. Any surplus energy generated from
AD will be stored in EES.

An interesting research question to be explored is “how does the EES dispatch method will
influence the cost of the system and its components?”. To answer this, a SOC threshold is
defined as SOCrpresnoia to classify the dispatch priority for EES and AD. The operating
regime can be broken down into three phases as shown in Fig. 3, explained as follows:

Phase 1 (Blue): In the first phase, the SOC at time t will be compared with the predefined
SOCrnresnora- If the SOC is greater than or equal to the threshold, then EES will be discharged
first to meet the demand, given that the load is greater than the PV output. The power to be
discharged is Pggs,, . It is expected that a higher SOCrpyesn014 Will reduce energy spillage and
surplus energy from PV will be better utilized. Less biogas will be used. However, more EES
cycles will occur throughout the system lifetime due to excessive discharging.
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Phase 2 (Brown): The regime will determine if there is deficit power at the instance. If so,
EES will be discharged to meet the load while satisfy the constraint. The power to be
discharged is Pggg,,. AD will be turned on to minimum output to meet the load if EES does
not have enough stored energy. During this time, any surplus power from AD will be stored in
EES.

Phase 3 (Red): This phase will calculate the energy to be stored from the surplus power
from AD and PV.

12
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Fig. 3. Proposed hybrid system operating regime.
3.4. Case study

Case studies are conducted with MATLAB to verify the dispatch methods and operating
regime. The studies are for SOCrpresnora at 100%, i.e. the EES will not have the priority to
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discharge over AD. Fig. 4 presents the results for 5 days of system operation in January. It can
be seen that power curtailment has been applied to PV and the discarded surplus energy
produced by PV is shown in green. At this point, the EES is fully charged. The EES is
discharged to meet the power deficit, when PV output is increasing during sunrise and
decreasing during sunset. The AD part loading constraint is triggered at these instances.

Power output without operation regime for 1st-5th Jan 2012

0 50 100 150 200 250 300 350 400 450 500

Time interval
4 Power output with operation regime for 1st-5th Jan 2012
—o— PV
—*— AD
3 Load

EES
PV-Waste

Power (MW)

Time interval

Fig. 4. System’s power output for summer case.

Fig. 5 shows the simulation results for 5 days of system operation in November. As stated
previously, November is the month with most repeated rain in the year. This will introduce
severe fluctuations to the PV power output. All of the PV power is used during the time period,
either to meet the demand directly or stored in EES. Due to the power deficit, there are instances
where both AD and EES are used to meet the demand. It can be confirmed that the operation
of the hybrid system is achieved with the proposed regime.
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Fig. 5. System’s power output for spring case.
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The SOC for the system with SOCrpresnoia at twWo extremes are presented in Fig. 6. It can
be observed that deep discharges occur in Jan when SOCrp esno1a 18 set at 0%. The solar power
is better utilized, i.e. less energy spillage due to the storage is fully used at the beginning of the
regime. Contrary to the case for SOCrp esnoia 15 set at 100% as shown in the adjacent figure,
the SOC is rarely discharged and is kept at high SOC. Surplus power will be wasted, i.e. will
not be stored as EES is full in most of the time.

For the case in November, the surplus power is not an issue as the EES is never fully
charged. When SOCrp eshoia 18 set at 0%, the SOC is mostly at minimum 0%. This can be
explained by the fact that the EES is used with priority, similar to the case in Jan with
SOCrnresnoia at 0%. The EES is less susceptible to full discharges when SOCrp esnoia 15 at
100%. In general, the EES of a practical hybrid system will experience numerous partial cycles
with different SOC ranges to fulfil the system energy requirement.

1st-5th Jan 2012, SOC [, . . at0% 1st-5th Jan 2012, SOC ;.4 at 100%
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Fig. 6. EES SOC for 0% and 100% SOCrpyesnoiq in Summer and spring cases.

A sensitivity analysis for SOCrpresnora With steps at 0.01, from 0 to 1 is carried out for the
system’s lifetime operation. The power output and SOC are stored for cost analysis and will be
presented in Section 4.

4. Economic analysis

Apart from capital costs, there are operational costs associated with EES and AD. These
can be separated into fixed and variable costs. For AD, fixed operational costs include labour
and routine generator maintenance. Fuel cost to produce electrical power is the variable
operational costs for AD. The fixed operational cost for EES are the operation and maintenance
(O&M) costs, such as routine battery services. As stated in [37], identifying the operating cost
for EES is challenging since it does not consume fuel unlike the AD source. The energy cost
can be assigned to the EES to represent the cost for charging and act as the “fuel” cost. In
addition to this, another variable operational cost should be included to model the degradation
of EES due to charging and discharging. This is known as degradation cost and can be broken
down into two types, the degradation cost per kWh and degradation cost per cycle.

4.1. AD operational cost model
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The Caterpillar G3512E Genset [30] is adopted to model the biogas power plant, with a
rated capacity of 1.2 MW. The cost for AD power generation is given in Equation (7).

Pup(t)-[a- Pap2(t) + b. Pyp (t) + c] ;
LHV @)

CADFuel (t) = CGas-

Cgas 18 the AD gas cost at 6.97 $/mcf [38], LHV is the lower heating value at 905 btu/ft3
[30]. The fuel consumption is a quadratic function with constants a, b and ¢ at 0.0016, -3.935
and 10641 respectively. The fuel consumption curve is displayed in Fig. 7 and it shows an
interesting relationship. The consumption is at the lowest when the power output is at the
maximum. This is due to the generator achieves the highest operation efficiency at rated
capacity. The generator set should be avoided to meet partial load demand, hence the constraint.

0200 Fuel consumption for Caterpillar G3512E gas generator set
T T T T T T

T

Best fit

#*  Fuel consumption

9000

8800 -

8600 -

8400 -

Genset fuel consumption (Btu/kW-hr)

8200 -

8000 1 1 | 1 1 1 1
400 500 600 700 800 900 1000 1100 1200

Power output (kW)

Fig. 7. Fuel consumption curve for AD [30].
4.2. LiC0O: degradation cost model and number of replacements

In contrast to many research works which uses DOD or energy discharge content in kWh
to calculate the EES degradation, this paper uses a capacity fade model to quantify the
degradation costs. In recent years, there are published materials on the study in Li-ion capacity
fading. The factors that are studied are mainly on DOD, discharge C-rate and operating
temperature. In [39], the cycle life of a Graphite/LiFePOs battery was researched and
subsequently, the cycle life models were built. Three parameters were studied, with six
temperatures from -30°C to 60°C, five DODs from 10-90% and four C-rates ranging from C/2
to 10C. A power law relationship was established between the capacity fade and the charge
throughput, which represents the amount of charge delivered by EES during cycling. The
highlight is that the capacity loss was mainly affected by temperature and time, while the effect
of DOD was less of a concern with a C-rate of C/2.

The capacity loss rate of a Li-ion cell with nickel cobalt aluminium cathode under a
restricted range (30-90% SOC) and full discharge (0-100% SOC) for two temperatures (25°C
and 60°C) were studied in [40]. It found that capacity fading can be reduced with a reduced
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SOC range. These can be explained by the formation of new resistance layer and the lack of
contact between the primary particles with the micro-crack generation.

Further analysis in cycle life study with restricted range for Li-ion cell were conducted in
[11] with Graphite/LiCoO: cells. It found that the capacity loss can be affected by the change
in SOC (ASOC), mean SOC and C-rate. A power law model is developed for capacity fade of
Graphite/LiCoO2 cells under different SOC ranges. Commented by the authors, the ASOC and
mean SOC during operation should be minimized in order to decrease the long-term capacity
fade rate, which results in higher number of equivalent cycles or increased cumulative
discharge capacity throughout the EES lifetime. Also reported in [10], increased cycle life can
be a result in cycling in lower charged states for Li-ion cells.

The degree of EES degradation is a function of number of cycles, change in SOC and
amount of energy that flows throughout it [22]. The normalized discharge capacity model in
[11] is adopted to study the degradation cost for EES. However, there are several limitations
with the model. Firstly, it is not able to capture the unexpected capacity loss behaviour for low
SOC ranges, such as 0-60% in the presented case study. However, the results show that the
propose model gives the pessimistic results for the low SOC ranges. The experiment results for
normalized discharge capacity with respected to the equivalent full cycle are above the fitted
curve. It is expected that there will be more cycles than the computed result from the model,
therefore the degradation should be less for low SOC ranges.

The second limitation is that in the study for complete discharge range i.e. 0-100% SOC,
there is a sudden increase in capacity loss rate after 500 equivalent full cycles. This suggests
that a new degradation mechanism is triggered and it is in a form of linear capacity fade model.
To overcome this issue in our study, a function is fitted with the data points obtained from the
normalized discharge capacity model with the number of equivalent full cycles for 100% DOD
between 0-100% SOC. With inspection, this number is approximately 850 full cycles. The
fitted function is shown in Fig. 8 and the data points generated from normalized discharge
capacity model after 30% DOD are neglected as it prevents the best fit to the 100% DOD. Also
after 45% DOD, it shows an increase in cycle life which is unreasonable.

During a discharge cycle, the mean SOC is calculated with Equation (8) below:

SOCypper + SOCiower  SOC,, + SOC,,
SOCMean = 2 = 2

®
SOCypper s the SOC when discharge begins and SOC, ey is the SOC when charging

begins for each partial cycle. The time t; is used to locate the time when the SOC is at the
maximum of a cycle. The change in SOC is given in Equation (9) below:

ASOC = SOCypper — SOCLower 9)

The rated cycle life and a,, are calculated with Equations (10) and (11) [11] respectively.

In 100%453%(100—NDC)
Aees

Ratedcyclesocy,per.s0ciomer = € 0453 when SOCypper # 100% (10)

Qoos = 3.25 % SOCypan * (1 + 3.25 * ASOC — 2.25 * ASOC?) (11)

where NDC is the normalized discharge capacity at 80%. The three-parameter equation in
Equation (12) [8, 26] is used to fit the rated cycle for deep discharge situations and SOCypper

is at 100% during a discharge cycle.

17



_ dees
(DOD - eees)fees

Ratedcycle oo, soc,per if SOCypper = 1&SOC,pper < 0.55 (12)

where d g, €005 and f,.¢ are constants with values 1278, -0.36 and 1.265 respectively.

Best fit for a range of DOD from 100 SOC for LiCoO,, cell
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Fig. 8. LiCoO: cycle life function for discharge from 100% SOC.

The purpose to calculate the degradation cost per cycle is to determine the number of EES
lifetime replacements. The value for the whole EES is calculated and then the cost of every
discharge cycle is recorded. The EES will need to be replaced once the max capital cost is
reached [22]. The replacement cost per discharge cycle for year i and cycle k is calculated with
Equation (13) and the number of lifetime replacements is calculated with Equation (14).

_ CCaPEEs' EEESRared
Ratedcyclesocy,ers0ciomer (b K)

(13)

CEESReplacement (l’ k)

nym i
Zi k CEESReplacement(l' k)

CCaPEEs' EEESRared

Nggs = (14)

Ccapgps and Eggs, . . are the capital cost and rated energy capacity of EES.
Ratedcyclesocuppersocww” is the rated cycle life for the EES given a discharge cycle from

SOCypper t0 SOCpoyer- Fig. 9 shows a comparison of Li-ion cells with different chemistries

for the cycle life under a range of DOD from 100% SOC. LiCoO: cells have a shorter life span
as compared to other chemistries and LiFePO4 can double the rated cycle life at low DODs
[41]. A lower degradation per cycle and degradation per kWh can be achieved with a higher
rated cycle life.
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Depth of discharge and number of rated cycles from 100% SOC
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Fig. 9. Comparison of Li-ion EES degradation costs and cycle life for discharge from 100%
SOC.

A sensitivity analysis with a range of SOCrp esnoia has been performed on the system to
study the required number of EES lifetime replacements. Fig. 10 displays the simulation results.
Since the number of EES cannot be a fraction, the obtained result is rounded up to the nearest
integer. The number of replacement increases as the SOCrpresnora 1S reduced. To explain these
phenomena, Fig. 11 provides the histogram for changes in SOC and SOC occurrences for the
lifetime operation with SOCrpreshoia at 0% and 100%. With SOCrpreshora at 100%, the SOCs
are mostly situated in the higher region and results in a higher SOCy;.,,. However, the total
number of discharges, which is given by the integral of the number of occurrences for ASOC,
is less than for the case when SOCrpesnoia 18 at 0. There are more deep discharges for the case
with SOCrpresnota at 0% as given by ASOC. In summary, a SOCrpresnora at 0% will generally
on average result a lower SOCy.q5, but the increase in total number of discharges and the deep
discharge cycles have a larger impact to the EES degradation and result in an increased number
of EES replacements.
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Fig. 11. System’s lifetime SOCs and SOC differences for SOCrpyeshora at 0% and 100%.
4.3. Levelized cost of electricity derivation

The LCOE for individual components and the system are studied with the established
operational cost models for AD and EES. It is of crucial importance to understand the cost
implications of how each generation asset and EES will react to the operating regime. The cost
is largely affected by the asset lifetime electricity production, as well as the operational costs
or degradation costs for the case with EES. The original definition of LCOE is given in
Equation (15) [1, 17].
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LCOE = lifecycle cost ($) _ Ceap + 219 Coam(D. (1 +d)7!
~ lifetime energy production (kWh) ToE@.A+ad)

(15)

Ccap 1s the fixed capital cost of the asset and may include installation costs. Cpgp is the

total operation and maintenance costs and E is the total energy production, it is often given per
year i for asset lifetime n, and a discount rate d needs to be included to account for the
depreciation in value for costs and energy. The discount rate used for the studies is 8% [17].

4.3.1. LCOE for PV

The LCOE for PV can be calculated with Equations (16), (17) and (18) below:

C
LCOEpy = —~ (16)
nEPV
NPV' CPVo&M .
CPV = NPV' (CCappV + CITLStpV) + Z (1 + d)ileed (17)

i=0
n

E = Z (1 — O—)i' Z§=1 PPVDireCt(i’j) + PPVStore (l’])
PV (1+ d)!

(18)

i=0

Ccappy > Cinstpy » and CPVO&MFixed are the capital, installation, and operation and

maintenance costs respectively for PV. ¢ is the annual degradation constant for the PV panel
at 0.5% [17]. Ppy,, . and Ppyg  are the power output from PV that is used to meet the
demand and to be stored in EES respectively, at hour j and year i. Since the system is an off-
grid system, the wasted energy from PV generator, i.e. not used directly to meet the demand or
stored in EES is not included in the lifetime energy production as the generated electricity will
not be sold and the cost cannot be recovered, resulting a higher levelized cost.

4.3.2. LCOE for AD

The LCOE for AD can be calculated with Equations (19), (20), (21) and (22) below:

C
LCOE,p = EA—D (19)

AD
n

. CADO&MFixed' Pappar + Z§=1 CADO&MVaT )
Cap = Ceapap + Z (1+d)i

(20)

i=0

Ccap ,p, and Cyp 0&Mpiyeq 2T the capital and fixed annual O&M costs for AD. The variable

operation and maintenance cost for AD, C,, 0&My g, is calculated with Equation (21) below:
ar

CADO&MVaT(i’j) = Cappye; (G 1)+ (Capyppour ! 2)- PapAt (L, J) (21)

Cap 4oy, 1S the labour cost for operating the AD at $0.05/kWh [32]. The AD lifetime
energy production at present value is calculated with Equation (22) below:
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n

E _ z Z§=1 PADDirect (l']) + PADStore (l’])
ar (1+d)

(22)

i=0

Puppiree; 18 the AD power output that is used to meet the demand directly and Py, 18
the surplus power from AD that is produced while meeting the deficit demand.

4.3.3. Levelized cost of storage (LCOS)

Recently, the term LCOS has received attention in both the industry and academia [42, 43].
Since EES can provide a diverse range of services for power systems operation, e.g. frequency
support, renewable integration, uninterruptible power supply, it is of significant interest in
studying the cost effectiveness of deploying a specific type of EES, such as lead-acid, Li-ion
etc. to perform certain tasks. LCOS has similar attributes to LCOE and is given by Equation
(23) below:

C
LCOS = =25 (23)
EES
- CEESO&M
_ Total
CEES - CcapEES'EEESRated + (1 + d)l (24)
i=0

m t
CEESoampy g = CEESosMpipey EEESRatea T z CEES pegrown (b K) + z Cegsyy, (L)) (25)
k=1 =1

C EESotMpyyog is the fixed annual EES O&M cost. The variable operational costs for EES

include the degradation per kWh cost and energy cost are calculated with Equations (26) and
(27) respectively. m is the number of discharge cycles per year.

C
Crspyyup, (b K) = CapEEs —— [SOCypper (i k) = SOCyoer (i, k)| Exgspny (26)
eg Ratedcyclesocy,, ,,.50C,0per (i K) Rated
CEESkWh (i'j) = CEEso&MVaT- EEEssme (i,]') (27)

CEESo&MV is the variable O&M cost for the energy Eggs,, ., to be stored in EES. The
lifetime electricity production is calculated with Equation (28) below:

n

YiilEggs—s1(L ) +Eggs—s2 (i, )]
Eggs = UEESZ (1+d)

(28)

i=0
NeEs 1 the round-trip efficiency of EES at 90% for Li-ion.

4.3.4. Levelized cost of delivery (LCOD)

Since EES is a storage device and is not a conventional electrical energy generating source,
i.e. the asset does not generate electricity from primary energy source, it is necessary to take
account of the cost for the energy conversion process from the primary form, i.e. solar
irradiance or biomass into electricity. This is studied in [17] and the term LCOD was proposed.
Equation (29) gives the LCOD for the system.
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CEES + CPVStoretotal + CCO" + CADStoretotal

LCOD = (29)
Eggs
The charge controller cost is given in Equation (30) below:
- C N
0&Mcon Ve
CCon = NCon- (CCapCOn + Clnst(;on) + Z (1C+—d)i0n (30)
p i=0
NCon = ceil <M) -NCon—rep (31)
Con

N¢on is the number of controllers; Ceapeyn > Cinstcon, @4 Cogme,, are the capital,
installation and O&M costs for the controller. The ceil function converts the number of
controllers into the nearest integer above. Ngon_rep is 2 and is the number of controller
replacements during the system’s lifetime [1]. Ppy, . . and Pc,y are the rated power output for
the PV farm and the controller respectively. The cost for producing the electricity from AD to
be stored in EES is given in Equations (32) below:

n t . .
CADo&M . . PADMax + Zj:l CADo&M (l’])
Fixed Store

CADStoretotal = CCapAD + Z (1+ d)i (32)
i=0
CADO&MStore (l’]) = CADFuel(i'j) + CADLabour' PADStore (l’]) (33)

Pipg,sr. 18 the power generated from AD to be stored in EES as energy, the cost for
producing the electricity from PV to be stored in EES is given in Equations (34) below:

n
Zt=1 NStore (i:j) . CO&M in (i;j)
CPVStoret:otal = NPV' (CCQPPV + CInStPV) + Z : (1 + d)l e (34)
i=0
PPVStore (l'])

e(i,7)-npy

NStore(i'j) = (35)

Ngtore 18 the PV panel area that is used to produce the surplus electricity for storage. The
maintenance cost per hour for PV is calculated in Equation (36) below:

o« Cogmpy (L))
CoaMpyim, (1) = ﬁ (36)

4.3.5. LCOE for system

The system’s LCOE is derived in Equation (37). It takes account of the total costs for
operating the system and the energy output to meet the load demand.

Cpy + Cgps + Copn + Crpy + C
LCOEsystem — PV EES Con Inv AD (37)

EEES + EPVDirecttotal + EADDirecttotal

n
Cogmpn, (D)- N
Clnv = Nlnv- (CCapIm, + Clnstmv) + Z (i + d)l = (38)

i=0
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Ccaplnv' Cinst py, @0d Cog,,, are the capital, installation and O&M costs for the bi-
directional inverter. The number of required inverters is calculated with Equation (39) below:

P
Ninv = ceil <M) ' Nlnv—re‘p (39)

Inv

P,y is the rated capacity of the inverter. Nyp,_rep is 2 and is the number of inverter
replacements during the system’s lifetime [1]. The total energy produced by PV and AD during
the operation of the system that is used to meet the load demand directly are given in Equations
(40) and (41) respectively as shown below:

n i . .
— (1 — O-)l' Z§=1 PPVDirect(l’]) 40

EPVDirecttotal - (1 + d)l ( )

i=0 n
s Panpyye (i)
_ Jj=1"ADpjrect \"’

EADDirecttotal - Z (1 + d)lt (41)

i=0

Ppy .o, @0d Pyp . are the power generated from PV and AD respectively for direct
consumption.

4.4. LCOE analyses and discussion

The LCOE results with SOCrpresnoia at different values are displayed in Fig. 12. The cost
for AD is lower when SOCrpreshoia 1S at @ higher value. This is due to AD has a higher dispatch
priority than EES and more electricity is generated from AD. The cost for EES will increase as
a result of a decreased energy output. LCOD has a similar curve to LCOS, but with a larger
cost. As explained previously, LCOD takes account of the energy conversion costs from
primary source to electricity for storage. The capital costs for AD and PV has a large
contribution to the actual energy storage costs. The cost for PV increases as SOCrpreshold
increases, this is due to less energy delivered by EES, produced from PV is used to meet the
load demand. Taking all the costs and electricity generation into consideration, it is more
economical to have the SOCrpyeshorq @t maximum value and to run the system at minimum
costs.
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Fig. 12. LCOE for AD, EES and system at different SOCrpyesnoia Values.

Due to the excellent round-trip efficiency, high energy density and high power density, it
is expected that Li-ion batteries will be widely used in renewable hybrid systems [44]. However,
the capital costs such as manufacturing and the cost of cobalt in cathodes are the major factors
that prevent the wide-scale adoption at present. As discussed in [45], it is possible for Li-ion
batteries to have a capital cost of 200 $/kWh by 2020. As such, Fig. 13 presents the results for
the system LCOE with a sensitivity analysis on the EES capital cost.
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Fig. 13. System LCOE with different EES capital costs.

At 1000 $/kWh, the system cost is reduced as compared to the original study at 1500 $/kWh.
As the capital cost decreases, it can be observed that the differences in levelized cost are
minimized with SOCrpresnoia Variation. This signifies that the cost of EES degradation has less
influence to the system’s cost. At 200 $/kWh, the largest difference in system’s levelized cost
is 0.0028 $/kWh. The lowest levelized cost for the system is achieved with a SOCrpresnoia at
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33%. It is more cost effective to cycle the EES more often and utilized the surplus PV energy
than meeting the load demand with biogas. In future work, the carbon emission cost can be
included in the cost generation for the analysis. Although biogas is seen as a renewable energy
source, it still generates little amount of carbon emission due to the combustion process.

5. Conclusions

This work provides a techno-economic analysis of an off-grid photovoltaic, anaerobic
digestion biogas power plant (AD) renewable energy system with Graphite/LiCoO; storage.
The highlight of this work is that the accuracy of degradation costs for electrical energy storage
(EES) is enhanced by utilizing a capacity fade model, by obtaining the cycle life on partial state
of charge (SOC) range cycling. This research opens a range of research opportunities and future
work to be conducted, listed as follows:

1. At present, most EES degradation effects focus on the discharging phase, i.e. depth of
discharge and energy delivered by EES. The degradation effect due to charging phase
should also be given;

2. The optimization problem formulations for power system with EES should be modified
to incorporate capacity fade model;

3. Temperature [46] and C-rate should be included in the capacity fade model to provide
a more realistic analysis;

4. For illustration purposes, the proposed regime is of static nature. The variable to control
the dispatch priority of EES and AD, SOCrpreshoia» can be of dynamic nature to
minimize the system lifetime cost. This may need generation and load forecasting.

5. More studies in partial SOC ranges is required in order to build cell degradation model
for all possible SOC ranges.

6. Capacity fade model for dynamic SOC cycling conditions, i.e. the cycle life due to a
combination of different SOC ranges is needed.

Based on the results obtained in this study, it shows that the Graphite/LiCoO; is cost
competitive compared to the dispatchable generator, i.e. AD biogas generator to provide
electricity as the capital cost reduces to 200 $/kWh.
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